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1. CNN vs. RNN vs. 注意力

在博客《卷积感受野大小的研究》中分析出，卷积神经网络（Convolutional
Neural Network，CNN）模型需要堆叠多层才能捕获全局位置依赖关系。但是，
面向每层都需要捕捉全局位置感受野的任务场景，CNN模型无法胜任。在博客
《RNN位置关系建模的研究》中分析出，非线性循环神经网络（Recurrent Neural
Network，RNN）模型需要递归才能捕获全局位置依赖关系，无法充分利用设备
的并行特性。针对此问题，线性 RNN被提出，即能捕获全局位置依赖关系，又
具有 𝒪(𝑠)推理效率。然而，不管是 CNN模型还是 RNN模型均为隐式建模位置
关系，而注意力模型则是显示建模位置关系，直觉上会更好。任何硬币都有两

面，更好的建模性能往往意味着更高的计算代价 𝒪(𝑠2)，反过来更高的计算代价
也往往意味着更好的建模性能。

2. 注意力层

设查询𝑸 ∈ ℝ𝑠𝑄×𝑑𝐾，键𝑲 ∈ ℝ𝑠𝐾×𝑑𝐾，值 𝑽 ∈ ℝ𝑠𝐾×𝑑𝑉，那么点积注意力定

义为：

Attn(𝑸, 𝑲, 𝑽 ) = Softmax(𝜅𝑸KT)𝑽 (1)

其中，𝜅表示缩放因子。图1形象地展示了点积注意力的计算流程。
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
√
dk, 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 Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1√

dk
. 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 dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1√

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

∑dk
i=1 qiki, has mean 0 and variance dk.

4

图 1 缩放点积注意力

如何理解这种结构呢？不妨逐个向量来看：

Attn(𝒒𝑖, 𝑲, 𝑽 ) =
𝑠𝐾

∑
𝑗=1

1
𝑍 𝑒𝜅<𝒒𝑖,𝒌𝑗>𝒗𝑗 =

𝑠𝐾

∑
𝑗=1

𝑒𝜅<𝒒𝑖,𝒌𝑗>

∑𝑠𝐾
𝑚=1 𝑒𝜅<𝒒𝑖,𝒌𝑚> 𝒗𝑗 (2)

其中，𝑍 表示归一化因子。式(2)表示，先通过 𝒒𝑖和各个 𝒌𝑗作点积并 Softmax的
方式，以得到 𝒒𝑖和各个 𝒗𝑗的相似度，然后，加权求和得到一个 𝑑𝑉 向量。图2形
象地展示了如何理解这种结构。

注意力得分缩放以及归一化（譬如：Softmax）
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图 2 逐向量理解缩放点积注意力
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3. 多头注意力层

多头注意力层（Multi-Head Attention，MHA）把𝑸�𝑲�𝑽 通过矩阵参数仿射
投影，然后再做 Attention。此过程重复做 ℎ次，结果拼接起来。整个过程为：

MHA(𝑸, 𝑲, 𝑽 ) = Concat(head1,head2, … , headℎ),
head𝑖 = Attn(𝑸𝜣𝑄,𝑖, 𝑲𝜣𝐾,𝑖, 𝑽 𝜣𝑉 ,𝑖)

(3)

图3形象地展示了MHA的计算流程。
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
√
dk, 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 Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1√

dk
. 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 dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1√

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

∑dk
i=1 qiki, has mean 0 and variance dk.

4

图 3 逐向量理解缩放点积注意力

4. 自注意力层

当 𝑸 = 𝑲 = 𝑽 时，即为自注意力（Self-attention）。在 Google的论文中，
所用的为多头自注意力。
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