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Abstract

The dominant sequence transduction models are based on complex recu
convolutional neural networks that include an encoder and a decoder. Thg
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to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

1 Introduction

Recurrent neural networks, long short-term memory [13] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling a
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our research.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train., Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

1 Introduction

Recurrent neural networks, long short-term memory [13] and gated recurrent [7] ng
in particular, have been firmly established as state of the art approaches in sequencg
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7 Conclusion

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
English-to-French translation tasks, we achieve a new state of the art. In the former task our best
model outperforms even all previously reported ensembles.

We are excited about the future of attention-based models and plan to apply them to other tasks. We
plan to extend the Transformer to problems involving input and output modalities other than text and,
to investigate local, restricted attention mechanisms to efficiently handle large inputs and outpuy
such as images, audio and video. Making generation less sequential is another research goals of o

The code we used to train and evaluate our models is available at https://github.cor) '
tensorflow/tensor2tensor.
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1 Introduction

Recurrent neural networks, long short-term memory [13] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and

*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head
attention and the parameter-free position representation and became the other person involved in nearly every
detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerati
our research.

"Work performed while at Google Brain.

fwork performed while at Google Research.
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architectures |38, 24, 15].

Recurrent models typically factor computation along the symbol positions of the input and output
sequences. Aligning the positions to steps in computation time, they generate a sequence of hidden
states h, as a function of the previous hidden state h,_, and the input for position ¢. This inherently
sequential nature precludes parallelization within training examples, which becomes critical at longer
sequence lengths, as memory constraints limit batching across examples. Recent work has achieved
significant improvements in computational efficiency through factorization tricks [21] and conditional
computation [32], while also improving model performance in case of the latter. The fundamental
constraint of sequential computation, however, remains.

Attention mechanisms have become an integral part of compelling sequence modeling and transduc-
tion models in various tasks, allowing modeling of dependencies without regard to their distance in
the input or output sequences [2, 19]. In all but a few cases [27], however, such attention mechanisms
are used in conjunction with a recurrent network.

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.
The Transformer allows for significantly more parallelization and can reach a new state of the art in
translation quality after being trained for as little as twelve hours on eight P100 GPUs.

2 Background

The goal of reducing sequential computation also forms the foundation of the Extended Ne
[16], ByteNet [18] and ConvS2S [9], all of which use convolutional neural networks as basi
block, computing hidden representations in parallel for all input and output positions. In thg
the number of operations required to relate signals from two arbitrary input or output posi
111 the dlstance betwecn positions, linearly fur ConvSZS and loganthrmca]ly for Byl::Net
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block, computmg hidden repree/emanons in parallel for all input and output positions. In these modele
the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2,

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNSs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

3 Model Architecture

Most competitive neural sequence transduction models have an encoder-decoder structug
Here, the encoder maps an input sequence of symbol representations (z, ..., x,,) t0
of continuous representations z = (zy,...,2,). Given z, the decoder then generat
sequence (Y1, ..., Y ) of symbols one element at a time. At each step the model is aut
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it more difficult to learn dependencies between distant positions [12]. In the Transformer this is
reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2,

Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 27, 28, 22].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNSs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

3 Model Architecture N

Most competitive neural sequence transduction models have an encoder-decoder structure [
Here, the encoder maps an input sequence of symbol representations (zy, ..., z,) to a §
of continuous representations z = (z1,...,z,). Given z, the decoder then generates
sequence (Y1, ..., Yr, ) of symbols one element at a time. At each step the model is auto
[10], consuming the previously generated symbols as additional input when generating

Y The Transformer follows this overall architecture using stacked self-attention and point
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language modeling tasks [34].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNSs or convolution. In the following sections, we will describe the Transformer, motivate
self-attention and discuss its advantages over models such as [17, 18] and [9].

3 Model Architecture

Most competitive neural sequence transduction models have an encoder-decoder structure [5, 2, 35].
Here, the encoder maps an input sequence of symbol representations (z, ..., z,) to a sequence
of continuous representations z = (z1,...,2,). Given z, the decoder then generates an output
sequence (yi, ..., ¥, ) Of symbols one element at a time. At each step the model is auto-regressive
[10], consuming the previously generated symbols as additional input when generating the next.

The Transformer follows this overall architecture using stacked self-attention and point-wise, fully/§
connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.
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Figure 1: The Transformer - model architecture.
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Decoder: The decoder is also composed of a stack of N' = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position ¢ can depend only on the known outputs at positions less than 4.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an outpul
where the query, keys, values, and output are all vectors. The output is computed as a weighted su
of the values, where the weight assigned to each value is computed by a compatibility function of t
query with the corresponding key.
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queries and keys of dimension dj,, and values of dimension d,,. We compute the dot products of the
query with all keys, divide each by /dj, and apply a softmax function to obtain the weights on the
values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix ). The keys and values are also packed together into matrices K and V. We compute
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much faster and more 5pdCC -efficient in practice, since it can be 1mplcmamcd using highly opti
matrix multiplication code.

While for small values of dj. the two mechanisms perform similarly, additive attention outperfo
dot product attention without scaling for larger values of dj, [3]. We suspect that for large valyg
dy., the dot products grow large in magnitude, pushing the softmax function into regions whe
extremely small gradients *, To counteract this effect, we scale the dot products by 7

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dyoqe1-dimensional keys, vall
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.
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We call particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of

queries and keys of dimension dj,, and values of dimension d,,. We compute the dot products of the
query with all keys, divide each by /dj, and apply a softmax function to obtain the weights on the
values.
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3.2.1 dcaled Dot-Froduct Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
queries and keys of dimension dj,, and values of dimension d,,. We compute the dot products of the

query with all keys, divide each by /d;, and apply a softmax function to obtain the weights on the
values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix (. The keys and values are also packed together into matrices K and V. We compute

the matrig?i outputs as: Av d v
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a single hidden layer. While the two are similar in theoretical complexity, dot-product attention i
much faster and more space-efficient in practice, since it can be implemented using highly optimized

matrix multiplication code.

While for small values of dj. the two mechanisms perform similarly, additive attention outg
dot product attention without scaling for larger values of dj. [3]. We suspect that for larg
dy, the dot products grow large in magnitude, pushing the softmax function into regions
extremely small gradients *, To counteract this effect, we scale the dot products by ;},{11-

3.2.2 Multi-Head Attention
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query with all keys, divide each by /d, and apply a softmax function to obtain the weights on the
values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix . The keys and values are also packed together into matrices K and V. We compute

the matri.gof outputs ik a d v
Atelition(Q, K, V)| = sbetmax( T )V m}——‘ o)
Jm

plicative) attention. Dot-product attention is identical fo our gorithm except for the scaling factor
of v,% Additive attention computes the compatibility function using a feed-forward network with
a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dj the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of d;. [3]. We suspect that for large values of

dy., the dot products grow largc in magnitude, pushing the softmax function into reglom where \
extremely small gradients *, To counteract this effect, we scale the dot products by v’ -

3.2.2 Multi-Head Attention
Instead of performing a single attention function with dpogc-dimensional keys, values,

we found it beneficial to linearly project the queries, keys and values h times with diffe
linear projections to di, dj and d,, dimensions, respectively. On each of these projectg
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3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The in
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In this work we employ h = 8 parallel attention layers, or heads. For each of these we use
di, = dy = dpoder/h = 64. Due to the reduced dimension of each head, the total computational cost
is similar to that of single-head attention with full dimensionality.

3.2.3 Applications of Attention in our Model
The Transformer uses multi-head attention in three different ways:

¢ In "encoder-decoder attention” layers, the queries come from the previous decoder layer,
and the memory keys and values come from the output of the encoder. This allows every
position in the decoder to attend over all positions in the input sequence. This mimics the
typical encoder-decoder attention mechanisms in sequence-to-sequence models such as
[38,2,9].
The encoder contains self-attention layers. In a self-attention layer all of the keys, value 3
and queries come from the same place, in this case, the output of the previous layer in the
encoder. Each position in the encoder can attend to all positions in the previous layer of thy
encoder.

Similarly, self-attention layers in the decoder allow each position in the decoder to attend (g
all positions in the decoder up to and including that poemon ‘We need to prevent lefa®
information flow in the decoder to preserve the auto-regressive property. We lmpl
inside of scaled dot-product attention by masking out (setting to —oco) all values j
of the softmax which correspond to illegal connections. See Figure 2.

3.3 Position-wise Feed-Forward Networks
In addition to attention sub-lavers. each of the lavers in our encoder and decoder -
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encoder.

Similarly, self-attention layers in the decoder allow each position in the decoder to attend to
all positions in the decoder up to and including that position. We need to prevent leftward
information flow in the decoder to preserve the auto-regressive property. We implement this
inside of scaled dot-product attention by masking out (setting to —oc) all values in the input
of the softmax which correspond to illegal connections. See Figure 2.

3.3 Position-wise Feed-Forward Networks

In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully
connected feed-forward network, which is applied to each position separately and identically. his
consists of two linear transformations with a ReLU activation in between.

FEN(z) = max(0, zW) + b1 )W, + ba

While the linear transformations are the same across different positions, they use different para
from layer to layer. Another way of describing this is as two convolutions with kernel si2
The dimensionality of input and output is dpege = 512, and the inner-layer has dimensional
dyy = 2048,

3.4 Embeddings and Softmax

Similarly to other sequence transduction models, we use learned embeddings to cg
tokens and output tokens to vectors of dimension g, We also use the usual learng
mation and softmax function to convert the decoder output to predicted next-tokey
our model, we share the same weight matrix between the two embedding layers :
linear transformation, similar to [30]. In the embedding layers, we multiply those

Bk FFN(x) = max(0xW, +b )W, +b,
BETH:
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Self-Attention (restricted) O(r‘ S d)i O( 1} O(n/r)}

tokens in the sequence. To this end, we add "positional encodings” to the input embeddings at the
bottoms of the encoder and decoder stacks. The positional encodings have the same dimension dmager
as the embeddings, so that the two can be summed. There are many choices of positional encodings,
learned and fixed [9].

In this work, we use sine and cosine functions of different frequencies:

PE (o5 2i) = sin(pos/ 10000/ i)
PEpas i1y = cos(pos /100002 dues)

where pos is the position and i is the dimension. That is, each dimension of the positional encoding
corresponds to a sinusoid. The wavelengths form a geometric progression from 27 to 10000 - 27. We
chose this function because we hypothesized it would allow the model to easily learn to attend by
relative positions, since for imy fixed offset k, PE,,,, . can be represented as a linear function of
PE,,.

‘We also experimented with using learned positional embeddings [9] instead, and found that
versions produced nearly identical results (see Table 3 row (E)). We chose the sinusoida
because it may allow the model to extrapolate to sequence lengths longer than the ones e
during training.

4 Why Self-Attention

°
1) BERHE

® {ER#F: FETransformeriZZih, BiTBAEEEEEREEWACDETRERFT
RIS, GMANAEIRAFERT(I2,3..), RAEEZMNEEEMAEEDE,
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Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, k is the kernel
size of convolutions and 7 the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) o(1) (1)

Recurrent O(n - d?) O(n) O(n)

Convolutional O(k-n-d?) 0(1) O(logk(n)

Self-Attention (restricted) Ofr-n-d) o(1) Ofn/r)

Y "tokens in the sequence. To this end, we add " poqmona] encodmgs to the input embey -
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N' = 6 identical layers. Each
sub-layers. The first is a multi-head self-attention mechanism, and the second is a
wise fully connected feed-forward network. We employ a residual connection [ 1175
® the two sub-lavers. followed bv laver normalization [11. That is. the outout of ea
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versions produced nearly identical results (see Table 3 row (E)). We chose the sinusoidal version
because it may allow the model to extrapolate to sequence lengths longer than the ones encountered
during training.

4 Why Self-Attention

In this section we compare various aspects of self-attention layers to the recurrent and convolu-
tional layers commonly used for mapping one variable-length sequence of symbol representations
{21, -, 2,) to another sequence of equal length (21, ..., z,), with 2, z; € R% such as a hidden
layer in a typical sequence transduction encoder or decoder. Motivating our use of self-attention we
consider three desiderata.

One is the total computational complexity per layer. Another is the amount of computation that can
be parallelized, as measured by the minimum number of sequential operations required.

The third is the path length between long-range dependencies in the network. Learning long-rangey
dependencies is a key challenge in many sequence transduction tasks. One key factor affecting the
ability to learn such dependencies is the length of the paths forward and backward signals have to
traverse in the network. The shorter these paths between any combination of positions in the input
and output sequences, the easier it is to learn long-range dependencies [12]. Hence we also comparg
the maximum path length between any two input and output positions in networks composed
different layer types.

As noted in Table 1, a self-attention layer connects all positions with a constant number of sg
executed operations, whereas a recurrent layer requires O(n) sequential operations.
computational complexity, self-attention layers are faster than recurrent layers when
length n is smaller than the representation dimensionality d, which is most often
o sentence representations used by state-of-the-art models in machine translations, such ag

o HEEKE TRHHTIIEHNNERNATLREREA, AAFELE/THR
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Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, k is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer  Sequential ~ Maximum Path Length
Operations

Self-Attention O(n* - d) o(1) o(1)

Recurrent O(n -d?) O(n) O(n)

Convolutional O(k-n-d?) o(1) O(logy(n))

Self-Attention (restricted) O(r -n-d) W(1) O(n/r)

tokens in the sequence. To this end, we add "positional encodings” to the input embeddings at the
bottoms of the encoder and decoder stacks. The positional encodings have the same dimension dmager
as the embeddings, so that the two can be summed. There are many choices of positional encodma 1
learned and fixed [9]. ki
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(3.5 days).
5.3 Optimizer

‘We used the Adam optimizer [20] with 3; = 0.9, 3 = 0.98 and ¢ = 109, We varied the learning
rate over the course of training, according to the formula:

0

lrate = ;‘?‘jg’l - min(step_num™ 5 step_num - wa.-r-mup_sieps_l's) (3)

This corresponds to increasing the learning rate linearly for the first warmup_steps training steps,

and decreasing it thereafter proportionally to the inverse square root of the step number. We used
warmup_steps = 4000,

5.4 Regularization

We employ three types of regularization during training:

Residual Dropout  We apply dropout [33] to the output of each sub-layer, before it is added to the
sub-layer input and normalized. In addition, we apply dropout to the sums of the embeddings and
positional encodings in both the encoder and decoder stacks. For the base model, we use
Pyrop =0.1.

IENLAE:

o HZEDropout: T T EHL . BAKH. NERELNA, %ﬁtt}*EﬁEPdrop:

o HELE: £ =01, REMARZERIBLEVE

R A R

o Adamfi{kEE5EB, =0.9,8,=0.98,e=10""

o HIRAR: lrate=d 0> - min(step 05 step - warmup_steps - 1-5)
o 40004 % Mwarmup

iR 5 B7w

Lieep-All + POSUNK | 39) 39.2 1U- LU=
GNMT + RL [38] 24.6 39.92 2.3-101% 1.4.102°
Convs2S [9] 2516 40.46 0.6-10'8  1.5.1020
MoE [32] 26.03 4056 2.0-10"  1.2.10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 10°°
GNMT + RL Ensemble [38] 2630  41.16 18102  1.1-102
ConvS2S Ensemble [9] 2636 41.29 TUI0YW 120104
Transformer (base model) 27.3 38.1 3.3.10'%

Transformer (big) 28.4 41.8 2.3-10"

Label Smoothing During training, we employed label smoothing of value ¢/, = 0.1 [36]. This
hurts perplexity, as the model learns to be more unsure, but improves accuracy and BLEU score.

6 Results

6.1 Machine Translation

On the WMT 2014 English-to-German translation task, the big transformer model (Transformeg
in Table 2) outperforms the best previously reported models (including ensembles) by more
BLEU, establishing a new state-of-the-art BLEU score of 28.4. The configuration of thi
listed in the bottom line of Table 3. Training took 3.5 days on 8 P100 GPUs. Even our b
surpasses all previously published models and ensembles, at a fraction of the training cog
the competitive models.
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train | PPL  BLEU arams
N dwger  dn b dy dy Ppep € e B e px 106
base 512 2048 8 64 o4 01 01 100K | 492 258 65

1 512 512 529 249
(A) 4 128 128 500 255
16 32 32 491 258
32 16 16 5.01 254
16 516 251
& 32 501 254
2 6.11 23.7
4 519 253
8 488 255
(C) 256 32 32 575 245
1024 128 128 460  26.0
1024 512 254
4096 475 262
0.0 577 246
0.2 495 255
@) 0.0 467 253
| 0.2 547 257
(E) | positional embedding instead of sinusoids 4.92 25.7
big | 6 1024 409 16 0.3 300K | 433 264

Table 4: The Transformer generalizes well to English constituency parsing (Results are on

Y of WSJ)
® SuRit:
o EEHERL 6 dmod =512, 8% (h=8), d,=d,=64
o KIRAE TR, d,45,=1024, h=16, P, o
o XWBE REN). WURE. SENEARH, Rh dy=d_ .
1024 128 128 4.66 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
D) 0.0 467 253
0.2 547 257
(E) positional embedding instead of sinusoids 492 257
big | 6 1024 4096 16 0.3 300K | 433 264 213
Table 4: The Transformer generalizes well to English constituency parsing (Results are on Section 23
of WSJ)
Parser Training WSJ23F1
Vinyals & Kaiser el al. (2014) [37] | WSJ only, discriminative 88.3
Petrov et al. (2006) [29] WSJ only, discriminative 90.4
Zhu et al. (2013) [40] WSIJ only, discriminative 90.4
Dyer et al. (2016) [8] ‘WSJ only, discriminative 91.7
Transformer (4 layers) WSJ only, discriminative 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] semi-supervised 91.3
McClosky et al. (2006) [26] semi-supervised 92.1
Vinyals & Kaiser el al. (2014) [37] semi-supervised 92.1
Transformer (4 layers) semi-supervised R.17
Luong et al. (2015) [23] multi-task 93.0
Dyer et al. (2016) [8] generative 933
o BN ERERNDEATIESWSINLEOLI FI, EHEREL2T F1, BT
AL E M
1 AR
IR = EARNRES REEF = Rz PR
ik ) SGETIRNNENE | TEWFRNN/CNN, FHEJ | NLP/ATE
foRs-fRALRs 454G self-attention#/] & /B AIE
ZXERA | HTHEMIERSNL | Multi-head iR ITSEIAEIE | Hl=881%/X
BHACNNZ BIERR X = B FHERRER ARERL
I E %R EZRFAERNAER | BREFEERKOAENE | FIERIES
E5EEBAEN SHUTE




=3 7Y 24 LayerNorm &K RENZGER, ERARK | REHENLE
BatchNorm&hIEEKF | BN Wk
3

BREEE ENMNFREAHSHAE | ZRMEEEL, IFERN | EEARAFEAR
ZAR AN KR

YIRHE 8GPUTJI|%3.5KIAZ] FHITITEMLFEEERNNRE-10 | KAARAERL )|
SOTA = e

EBREN B0 IR S ARTSET | FREIEAHEE" (Foundation | BEEASS
iz Model)SER

XL E Transformer RNN CNN

ITHEZRE | O(n>d) O(n-d?) o(k-n-d?)

HITE TEEHFIT 54k 55 BEBFFIT

KR —HEIE BENDZIB = Zlogn=

SHE BA(FINZE) ik g\

LI R B ERE P il

SHE 65M 213M

WIZRRT (5] 127\ B 35K

BLEUE4} 28.4 41.8

EHEE 8xP100 GPU 8xP100 GPU
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