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ABSTRACT

Unsupervised detection of anomaly points in time series is a challenging problem,
which requires the model to derive a distinguishable criterion. Previous methods
tackle the problem mainly through learning pointwise representation or pairwise
association, however, neither is sufficient to reason about the intricate dynamics.
Recently, Transformers have shown great power in unified modeling of pointwise
representation and pairwise association, and we find that the self-attention weight
distribution of each time point can embody rich association with the whole series.
Our key observation is that due to the rarity of anomalies, it is extremely difficult
to build nontrivial associations from abnormal points to the whole series, thereby,
the anomalies’ associations shall mainly concentrate on their adjacent time points.
This adjacent-concentration bias implies an association-based criterion inherently
distinguishable between normal and abnormal points, which we highlight through
the Association Discrepancy. Technically, we propose the Anomaly Transformer

with a new Anomaly-Attention mechanism to compute the association discrepancy.
A minimax strategy is devised to amplify the normal-abnormal distinguishability
of the association discrepancy. The Anomaly Transformer achieves state-of-the-
art results on six unsupervised time series anomaly detection benchmarks of three
applications: service monitoring, space & earth exploration, and water treatment.

1 INTRODUCTION

Real-world systems always work in a continuous way, which can generate several successive mea-
surements monitored by multi-sensors, such as industrial equipment, space probe, etc. Discovering
the malfunctions from large-scale system monitoring data can be reduced to detecting the abnormal
time points from time series, which is quite meaningful for ensuring security and avoiding financial
loss. But anomalies are usually rare and hidden by vast normal points, making the data labeling hard
and expensive. Thus, we focus on time series anomaly detection under the unsupervised setting.

Unsupervised time series anomaly detection is extremely challenging in practice. The model should
learn informative representations from complex temporal dynamics through unsupervised tasks.
Still, it should also derive a distinguishable criterion that can detect the rare anomalies from plenty of
normal time points. Various classic anomaly detection methods have provided many unsupervised
paradigms, such as the density-estimation methods proposed in local outlier factor (LOF, Breunig
et al. (2000)), clustering-based methods presented in one-class SVM (OC-SVM, Schölkopf et al.
(2001)) and SVDD (Tax & Duin, 2004). These classic methods do not consider the temporal infor-
mation and are difficult to generalize to unseen real scenarios. Benefiting from the representation
learning capability of neural networks, recent deep models (Su et al., 2019; Shen et al., 2020; Li
et al., 2021) have achieved superior performance. A major category of methods focus on learning
pointwise representations through well-designed recurrent networks and are self-supervised by the
reconstruction or autoregressive task. Here, a natural and practical anomaly criterion is the pointwise
reconstruction or prediction error. However, due to the rarity of anomalies, the pointwise representa-
tion is less informative for complex temporal patterns and can be dominated by normal time points,
making anomalies less distinguishable. Also, the reconstruction or prediction error is calculated
point by point, which cannot provide a comprehensive description of the temporal context.
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Unsupervised Time Series Anomaly Detection
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Temporal Association

Temporal Association: a distribution of association weights
to all the time points along the temporal dimension.
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Temporal Association

Temporal Association: a distribution of association weights
to all the time points along the temporal dimension.

More Informative for the temporal context, 
indicating temporal patterns, such as the period or trend of time series.
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Transformer for Series-Association

Figure 1: The Transformer - model architecture.

wise fully connected feed-forward network. We employ a residual connection [10] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

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 i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3.2.1 Scaled Dot-Product Attention

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

3

Scaled Dot-Product Attention Multi-Head Attention

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
p
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(
QK

T

p
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 1p

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 1p

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 =

Pdk
i=1 qiki, has mean 0 and variance dk.
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Anomaly Transformer

(1) Architecture: Anomaly Transformer with Anomaly-Attention

(2) Training Strategy: Minimax Association Learning

(3) Criterion: Association-based Anomaly Criterion
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Figure 1: Anomaly Transformer architecture. Anomaly-Attention (left) models the prior-association
and series-association simultaneously. In addition to the reconstruction loss, our model is also opti-
mized by the minimax strategy with a specially-designed stop-gradient mechanism (gray arrows) to
constrain the prior- and series- associations for more distinguishable association discrepancy.

input time series X 2 RN⇥d. The overall equations of the l-th layer are formalized as:

Z l = Layer-Norm
⇣
Anomaly-Attention(X l�1) + X l�1

⌘

X l = Layer-Norm
⇣
Feed-Forward(Z l) + Z l

⌘
,

(1)

where X l 2 RN⇥dmodel , l 2 {1, · · · , L} denotes the output of the l-th layer with dmodel channels. The
initial input X 0 = Embedding(X ) represents the embedded raw series. Z l 2 RN⇥dmodel is the l-th
layer’s hidden representation. Anomaly-Attention(·) is to compute the association discrepancy.

Anomaly-Attention Note that the single-branch self-attention mechanism (Vaswani et al., 2017)
cannot model the prior-association and series-association simultaneously. We propose the Anomaly-
Attention with a two-branch structure (Figure 1). For the prior-association, we adopt a learnable
Gaussian kernel to calculate the prior with respect to the relative temporal distance. Benefiting from
the unimodal property of the Gaussian kernel, this design can pay more attention to the adjacent
horizon constitutionally. We also use a learnable scale parameter � for the Gaussian kernel, making
the prior-associations adapt to the various time series patterns, such as different lengths of anomaly
segments. The series-association branch is to learn the associations from raw series, which can
find the most effective associations adaptively. Note that these two forms maintain the temporal
dependencies of each time point, which are more informative than point-wise representation. They
also reflect the adjacent-concentration prior and the learned real associations respectively, whose
discrepancy shall be normal-abnormal distinguishable. The Anomaly-Attention in the l-th layer is:

Initialization: Q, K, V, � = X l�1W l
Q, X l�1W l

K, X l�1W l
V , X l�1W l

�

Prior-Association: P l = Rescale

 
1p

2⇡�i

exp

✓
� |j � i|2

2�2
i

◆�

i,j2{1,··· ,N}

!

Series-Association: Sl = Softmax

✓
QKT

p
dmodel

◆

Reconstruction: bZ l = SlV,

(2)

where Q, K, V 2 RN⇥dmodel , � 2 RN⇥1 represent the query, key, value of self-attention and the
learned scale respectively. W l

Q, W l
K, W l

V 2 Rdmodel⇥dmodel , W l
� 2 Rdmodel⇥1 represent the parameter

matrices for Q, K, V, � in the l-th layer respectively. Prior-association P l 2 RN⇥N is generated
based on the learned scale � 2 RN⇥1 and the i-th element �i corresponds to the i-th time point.
Concretely, for the i-th time point, its association weight to the j-th point is calculate by the Gaussian
kernel G(|j � i|; �i) = 1p

2⇡�i
exp(� |j�i|2

2�2
i

) w.r.t. the distance |j � i|. Further, we use Rescale(·) to
transform the association weights to discrete distributions P l by dividing the row sum. Sl 2 RN⇥N

denotes the series-associations. Softmax(·) normalizes the attention map along the last dimension.

4

Learning underlying associations from deep multi-level features. 
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Double branches structure to 
model the prior-association and series-association simultaneously. 
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Figure 1: Anomaly Transformer architecture. Anomaly-Attention (left) models the prior-association
and series-association simultaneously. In addition to the reconstruction loss, our model is also opti-
mized by the minimax strategy with a specially-designed stop-gradient mechanism (gray arrows) to
constrain the prior- and series- associations for more distinguishable association discrepancy.

input time series X 2 RN⇥d. The overall equations of the l-th layer are formalized as:

Z l = Layer-Norm
⇣
Anomaly-Attention(X l�1) + X l�1

⌘

X l = Layer-Norm
⇣
Feed-Forward(Z l) + Z l

⌘
,

(1)

where X l 2 RN⇥dmodel , l 2 {1, · · · , L} denotes the output of the l-th layer with dmodel channels. The
initial input X 0 = Embedding(X ) represents the embedded raw series. Z l 2 RN⇥dmodel is the l-th
layer’s hidden representation. Anomaly-Attention(·) is to compute the association discrepancy.

Anomaly-Attention Note that the single-branch self-attention mechanism (Vaswani et al., 2017)
cannot model the prior-association and series-association simultaneously. We propose the Anomaly-
Attention with a two-branch structure (Figure 1). For the prior-association, we adopt a learnable
Gaussian kernel to calculate the prior with respect to the relative temporal distance. Benefiting from
the unimodal property of the Gaussian kernel, this design can pay more attention to the adjacent
horizon constitutionally. We also use a learnable scale parameter � for the Gaussian kernel, making
the prior-associations adapt to the various time series patterns, such as different lengths of anomaly
segments. The series-association branch is to learn the associations from raw series, which can
find the most effective associations adaptively. Note that these two forms maintain the temporal
dependencies of each time point, which are more informative than point-wise representation. They
also reflect the adjacent-concentration prior and the learned real associations respectively, whose
discrepancy shall be normal-abnormal distinguishable. The Anomaly-Attention in the l-th layer is:

Initialization: Q, K, V, � = X l�1W l
Q, X l�1W l

K, X l�1W l
V , X l�1W l

�

Prior-Association: P l = Rescale

 
1p

2⇡�i

exp

✓
� |j � i|2

2�2
i

◆�

i,j2{1,··· ,N}

!

Series-Association: Sl = Softmax

✓
QKT

p
dmodel

◆

Reconstruction: bZ l = SlV,

(2)

where Q, K, V 2 RN⇥dmodel , � 2 RN⇥1 represent the query, key, value of self-attention and the
learned scale respectively. W l

Q, W l
K, W l

V 2 Rdmodel⇥dmodel , W l
� 2 Rdmodel⇥1 represent the parameter

matrices for Q, K, V, � in the l-th layer respectively. Prior-association P l 2 RN⇥N is generated
based on the learned scale � 2 RN⇥1 and the i-th element �i corresponds to the i-th time point.
Concretely, for the i-th time point, its association weight to the j-th point is calculate by the Gaussian
kernel G(|j � i|; �i) = 1p

2⇡�i
exp(� |j�i|2

2�2
i

) w.r.t. the distance |j � i|. Further, we use Rescale(·) to
transform the association weights to discrete distributions P l by dividing the row sum. Sl 2 RN⇥N

denotes the series-associations. Softmax(·) normalizes the attention map along the last dimension.

4
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Figure 1: Anomaly Transformer architecture. Anomaly-Attention (left) models the prior-association
and series-association simultaneously. In addition to the reconstruction loss, our model is also opti-
mized by the minimax strategy with a specially-designed stop-gradient mechanism (gray arrows) to
constrain the prior- and series- associations for more distinguishable association discrepancy.

input time series X 2 RN⇥d. The overall equations of the l-th layer are formalized as:

Z l = Layer-Norm
⇣
Anomaly-Attention(X l�1) + X l�1

⌘

X l = Layer-Norm
⇣
Feed-Forward(Z l) + Z l

⌘
,

(1)

where X l 2 RN⇥dmodel , l 2 {1, · · · , L} denotes the output of the l-th layer with dmodel channels. The
initial input X 0 = Embedding(X ) represents the embedded raw series. Z l 2 RN⇥dmodel is the l-th
layer’s hidden representation. Anomaly-Attention(·) is to compute the association discrepancy.

Anomaly-Attention Note that the single-branch self-attention mechanism (Vaswani et al., 2017)
cannot model the prior-association and series-association simultaneously. We propose the Anomaly-
Attention with a two-branch structure (Figure 1). For the prior-association, we adopt a learnable
Gaussian kernel to calculate the prior with respect to the relative temporal distance. Benefiting from
the unimodal property of the Gaussian kernel, this design can pay more attention to the adjacent
horizon constitutionally. We also use a learnable scale parameter � for the Gaussian kernel, making
the prior-associations adapt to the various time series patterns, such as different lengths of anomaly
segments. The series-association branch is to learn the associations from raw series, which can
find the most effective associations adaptively. Note that these two forms maintain the temporal
dependencies of each time point, which are more informative than point-wise representation. They
also reflect the adjacent-concentration prior and the learned real associations respectively, whose
discrepancy shall be normal-abnormal distinguishable. The Anomaly-Attention in the l-th layer is:

Initialization: Q, K, V, � = X l�1W l
Q, X l�1W l

K, X l�1W l
V , X l�1W l

�

Prior-Association: P l = Rescale

 
1p

2⇡�i

exp

✓
� |j � i|2

2�2
i

◆�

i,j2{1,··· ,N}

!

Series-Association: Sl = Softmax

✓
QKT

p
dmodel

◆

Reconstruction: bZ l = SlV,

(2)

where Q, K, V 2 RN⇥dmodel , � 2 RN⇥1 represent the query, key, value of self-attention and the
learned scale respectively. W l

Q, W l
K, W l

V 2 Rdmodel⇥dmodel , W l
� 2 Rdmodel⇥1 represent the parameter

matrices for Q, K, V, � in the l-th layer respectively. Prior-association P l 2 RN⇥N is generated
based on the learned scale � 2 RN⇥1 and the i-th element �i corresponds to the i-th time point.
Concretely, for the i-th time point, its association weight to the j-th point is calculate by the Gaussian
kernel G(|j � i|; �i) = 1p

2⇡�i
exp(� |j�i|2

2�2
i

) w.r.t. the distance |j � i|. Further, we use Rescale(·) to
transform the association weights to discrete distributions P l by dividing the row sum. Sl 2 RN⇥N

denotes the series-associations. Softmax(·) normalizes the attention map along the last dimension.

4
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Figure 1: Anomaly Transformer architecture. Anomaly-Attention (left) models the prior-association
and series-association simultaneously. In addition to the reconstruction loss, our model is also opti-
mized by the minimax strategy with a specially-designed stop-gradient mechanism (gray arrows) to
constrain the prior- and series- associations for more distinguishable association discrepancy.

input time series X 2 RN⇥d. The overall equations of the l-th layer are formalized as:

Z l = Layer-Norm
⇣
Anomaly-Attention(X l�1) + X l�1

⌘

X l = Layer-Norm
⇣
Feed-Forward(Z l) + Z l

⌘
,

(1)

where X l 2 RN⇥dmodel , l 2 {1, · · · , L} denotes the output of the l-th layer with dmodel channels. The
initial input X 0 = Embedding(X ) represents the embedded raw series. Z l 2 RN⇥dmodel is the l-th
layer’s hidden representation. Anomaly-Attention(·) is to compute the association discrepancy.

Anomaly-Attention Note that the single-branch self-attention mechanism (Vaswani et al., 2017)
cannot model the prior-association and series-association simultaneously. We propose the Anomaly-
Attention with a two-branch structure (Figure 1). For the prior-association, we adopt a learnable
Gaussian kernel to calculate the prior with respect to the relative temporal distance. Benefiting from
the unimodal property of the Gaussian kernel, this design can pay more attention to the adjacent
horizon constitutionally. We also use a learnable scale parameter � for the Gaussian kernel, making
the prior-associations adapt to the various time series patterns, such as different lengths of anomaly
segments. The series-association branch is to learn the associations from raw series, which can
find the most effective associations adaptively. Note that these two forms maintain the temporal
dependencies of each time point, which are more informative than point-wise representation. They
also reflect the adjacent-concentration prior and the learned real associations respectively, whose
discrepancy shall be normal-abnormal distinguishable. The Anomaly-Attention in the l-th layer is:

Initialization: Q, K, V, � = X l�1W l
Q, X l�1W l

K, X l�1W l
V , X l�1W l

�

Prior-Association: P l = Rescale

 
1p

2⇡�i

exp

✓
� |j � i|2

2�2
i

◆�

i,j2{1,··· ,N}

!

Series-Association: Sl = Softmax

✓
QKT

p
dmodel

◆

Reconstruction: bZ l = SlV,

(2)

where Q, K, V 2 RN⇥dmodel , � 2 RN⇥1 represent the query, key, value of self-attention and the
learned scale respectively. W l

Q, W l
K, W l

V 2 Rdmodel⇥dmodel , W l
� 2 Rdmodel⇥1 represent the parameter

matrices for Q, K, V, � in the l-th layer respectively. Prior-association P l 2 RN⇥N is generated
based on the learned scale � 2 RN⇥1 and the i-th element �i corresponds to the i-th time point.
Concretely, for the i-th time point, its association weight to the j-th point is calculate by the Gaussian
kernel G(|j � i|; �i) = 1p

2⇡�i
exp(� |j�i|2

2�2
i

) w.r.t. the distance |j � i|. Further, we use Rescale(·) to
transform the association weights to discrete distributions P l by dividing the row sum. Sl 2 RN⇥N

denotes the series-associations. Softmax(·) normalizes the attention map along the last dimension.
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Figure 1: Anomaly Transformer architecture. Anomaly-Attention (left) models the prior-association
and series-association simultaneously. In addition to the reconstruction loss, our model is also opti-
mized by the minimax strategy with a specially-designed stop-gradient mechanism (gray arrows) to
constrain the prior- and series- associations for more distinguishable association discrepancy.

input time series X 2 RN⇥d. The overall equations of the l-th layer are formalized as:

Z l = Layer-Norm
⇣
Anomaly-Attention(X l�1) + X l�1

⌘

X l = Layer-Norm
⇣
Feed-Forward(Z l) + Z l

⌘
,

(1)

where X l 2 RN⇥dmodel , l 2 {1, · · · , L} denotes the output of the l-th layer with dmodel channels. The
initial input X 0 = Embedding(X ) represents the embedded raw series. Z l 2 RN⇥dmodel is the l-th
layer’s hidden representation. Anomaly-Attention(·) is to compute the association discrepancy.

Anomaly-Attention Note that the single-branch self-attention mechanism (Vaswani et al., 2017)
cannot model the prior-association and series-association simultaneously. We propose the Anomaly-
Attention with a two-branch structure (Figure 1). For the prior-association, we adopt a learnable
Gaussian kernel to calculate the prior with respect to the relative temporal distance. Benefiting from
the unimodal property of the Gaussian kernel, this design can pay more attention to the adjacent
horizon constitutionally. We also use a learnable scale parameter � for the Gaussian kernel, making
the prior-associations adapt to the various time series patterns, such as different lengths of anomaly
segments. The series-association branch is to learn the associations from raw series, which can
find the most effective associations adaptively. Note that these two forms maintain the temporal
dependencies of each time point, which are more informative than point-wise representation. They
also reflect the adjacent-concentration prior and the learned real associations respectively, whose
discrepancy shall be normal-abnormal distinguishable. The Anomaly-Attention in the l-th layer is:

Initialization: Q, K, V, � = X l�1W l
Q, X l�1W l

K, X l�1W l
V , X l�1W l

�

Prior-Association: P l = Rescale

 
1p

2⇡�i

exp

✓
� |j � i|2

2�2
i

◆�

i,j2{1,··· ,N}

!

Series-Association: Sl = Softmax

✓
QKT

p
dmodel

◆

Reconstruction: bZ l = SlV,

(2)

where Q, K, V 2 RN⇥dmodel , � 2 RN⇥1 represent the query, key, value of self-attention and the
learned scale respectively. W l

Q, W l
K, W l

V 2 Rdmodel⇥dmodel , W l
� 2 Rdmodel⇥1 represent the parameter

matrices for Q, K, V, � in the l-th layer respectively. Prior-association P l 2 RN⇥N is generated
based on the learned scale � 2 RN⇥1 and the i-th element �i corresponds to the i-th time point.
Concretely, for the i-th time point, its association weight to the j-th point is calculate by the Gaussian
kernel G(|j � i|; �i) = 1p

2⇡�i
exp(� |j�i|2

2�2
i

) w.r.t. the distance |j � i|. Further, we use Rescale(·) to
transform the association weights to discrete distributions P l by dividing the row sum. Sl 2 RN⇥N

denotes the series-associations. Softmax(·) normalizes the attention map along the last dimension.
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =


1

L

LX

l=1

⇣
KL(P l

i,:kSl
i,:) + KL(Sl

i,:kP l
i,:)

⌘�

i=1,··· ,N
(3)

where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =


1

L

LX

l=1

⇣
KL(P l

i,:kSl
i,:) + KL(Sl

i,:kP l
i,:)

⌘�

i=1,··· ,N
(3)

where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)

5
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =
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where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)

5

Enlarge the association discrepancy

Association discrepancy: the adjacent-concentration property of series-association

Paying less attention to adjacent area

Abnormal time points have the 
adjacent-concentrate inductive bias

Making the reconstruction of abnormal 
time points harder



Training Strategy (Vanilla Version)

Published as a conference paper at ICLR 2022

Association
Discrepancy

b.

Association
Discrepancy

d.

Min KL

Max KL

a.

Min KL

Max KL

c.

Association Space
Adjacet-series
Association

Global-series
Association

Gaussian Family
Reconstruction Loss
Constrained Space

Normal Time PointsAbnormal Time Points

Maximize PhaseMinimize Phase

Association
Discrepancy

Association Space
Adjacet-series
Association

Global-series
Association

Gaussian Family
Reconstruction Loss
Constrained Space

Adjacet-series
Association

Global-series
Association

Constrained by
Reconstruction

Global-series
Association

Adjacet-series
Association

Within the
Gaussian Family

Time series Time series

Optimization
Direction

Adjacet-series
Association

Global-series
Association

Constrained by
Reconstruction

Global-series
Association

Adjacet-series
Association

Time series

Time seriesGlobal-series
Association

Adjacet-series
Association

Maximize PhaseMinimize Phase

Association
Discrepancy

Prior-Association Series-AssociationGaussian Family
Reconstruction Loss
Constrained Space

Prior-
Association

Series-
Association

Constrained by
Reconstruction

Series-
Association

Prior-
Association

Within the
Gaussian Family

Time series Time series

Optimization
Direction

Association
Discrepancy

Maximize PhaseMinimize Phase

Association
Discrepancy

Prior-Association Series-Association
Distribution Family

From Gaussian Kernel
Reconstruction Loss
Constrained Space

Prior-
Association

Series-
Association

Constrained by
Reconstruction

Series-
Association

Prior-
Association

Constrained by 
Gaussian Kernel

Time series Time series

Optimization
Direction

Association
Discrepancy

Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:
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where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =


1

L

LX

l=1

⇣
KL(P l

i,:kSl
i,:) + KL(Sl

i,:kP l
i,:)

⌘�

i=1,··· ,N
(3)

where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =
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where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =


1
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⇣
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(3)

where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
RN⇥ dmodel

h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:

AssDis(P, S; X ) =


1

L

LX

l=1

⇣
KL(P l

i,:kSl
i,:) + KL(Sl

i,:kP l
i,:)

⌘�

i=1,··· ,N
(3)

where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
(5)

5
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Figure 2: Minimax association learning. At the minimize phase, the prior-association minimizes the
Association Discrepancy within the distribution family derived by Gaussian kernel. At the maximize
phase, the series-association maximizes the Association Discrepancy under the reconstruction loss.

Thus, each row of Sl forms a discrete distribution. bZ l 2 RN⇥dmodel is the hidden representation after
the Anomaly-Attention in the l-th layer. We use Anomaly-Attention(·) to summarize Equation 2.

In the multi-head version that we use, the learned scale is � 2 RN⇥h for h heads. Qm, Km, Vm 2
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h denote the query, key and value of the m-th head respectively. The block concatenates
the outputs { bZ l

m 2 RN⇥ dmodel
h }1mh from multiple heads and gets the final result bZ l 2 RN⇥dmodel .

Association Discrepancy We formalize the Association Discrepancy as the symmetrized KL di-
vergence between prior- and series- associations, which represents the information gain between
these two distributions (Neal, 2007). We average the association discrepancy from multiple layers
to combine the associations from multi-level features into a more informative measure as:
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where KL(·k·) is the KL divergence computed between two discrete distributions corresponding to
every row of P l and Sl. AssDis(P, S; X ) 2 RN⇥1 is the point-wise association discrepancy of X
with respect to prior-association P and series-association S from multiple layers. The i-th element
of results corresponds to the i-th time point of X . From previous observation, anomalies will present
smaller AssDis(P, S; X ) than normal time points, which makes AssDis inherently distinguishable.

3.2 MINIMAX ASSOCIATION LEARNING

As an unsupervised task, we employ the reconstruction loss for optimizing our model. The recon-
struction loss will guide the series-association to find the most informative associations. To further
amplify the difference between normal and abnormal time points, we also use an additional loss
to enlarge the association discrepancy. Due to the unimodal property of the prior-association, the
discrepancy loss will guide the series-association to pay more attention to the non-adjacent area,
which makes the reconstruction of anomalies harder and makes anomalies more identifiable. The
loss function for input series X 2 RN⇥d is formalized as:

LTotal( bX , P, S, �; X ) = kX � bXk2
F � � ⇥ kAssDis(P, S; X )k1 (4)

where bX 2 RN⇥d denotes the reconstruction of X . k·kF, k·kk indicate the Frobenius and k-norm. �
is to trade off the loss terms. When � > 0, the optimization is to enlarge the association discrepancy.
A minimax strategy is proposed to make the association discrepancy more distinguishable.

Minimax Strategy Note that directly maximizing the association discrepancy will extremely re-
duce the scale parameter of the Gaussian kernel (Neal, 2007), making the prior-association mean-
ingless. Towards a better control of association learning, we propose a minimax strategy (Figure 2).
Concretely, for the minimize phase, we drive the prior-association P l to approximate the series-
association Sl that is learned from raw series. This process will make the prior-association adapt to
various temporal patterns. For the maximize phase, we optimize the series-association to enlarge
the association discrepancy. This process forces the series-association to pay more attention to the
non-adjacent horizon. Thus, integrating the reconstruction loss, the loss functions of two phases are:

Minimize Phase: LTotal( bX , P, Sdetach, ��; X )

Maximize Phase: LTotal( bX , Pdetach, S, �; X ),
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where � > 0 and ⇤detach means to stop the gradient backpropagation of the association (Figure
1). As P approximates Sdetach in the minimize phase, the maximize phase will conduct a stronger
constraint to the series-association, forcing the time points to pay more attention to the non-adjacent
area. Under the reconstruction loss, this is much harder for anomalies to achieve than normal time
points, thereby amplifying the normal-abnormal distinguishability of the association discrepancy.

Association-based Anomaly Criterion We incorporate the normalized association discrepancy
to the reconstruction criterion, which will take the benefits of both temporal representation and the
distinguishable association discrepancy. The final anomaly score of X 2 RN⇥d is shown as follows:

AnomalyScore(X ) = Softmax
⇣

� AssDis(P, S; X )
⌘

�
h
kXi,: � bXi,:k2

2

i

i=1,··· ,N
(6)

where � is the element-wise multiplication. AnomalyScore(X ) 2 RN⇥1 denotes the point-wise
anomaly criterion of X . Towards a better reconstruction, anomalies usually decrease the associa-
tion discrepancy, which will still derive a higher anomaly score. Thus, this design can make the
reconstruction error and the association discrepancy collaborate to improve detection performance.

4 EXPERIMENTS

We extensively evaluate Anomaly Transformer on six benchmarks for three practical applications.

Datasets Here is a description of the six experiment datasets: (1) SMD (Server Machine Dataset,
Su et al. (2019)) is a 5-week-long dataset that is collected from a large Internet company with 38 di-
mensions. (2) PSM (Pooled Server Metrics, Abdulaal et al. (2021)) is collected internally from mul-
tiple application server nodes at eBay with 26 dimensions. (3) Both MSL (Mars Science Laboratory
rover) and SMAP (Soil Moisture Active Passive satellite) are public datasets from NASA (Hundman
et al., 2018) with 55 and 25 dimensions respectively, which contain the telemetry anomaly data de-
rived from the Incident Surprise Anomaly (ISA) reports of spacecraft monitoring systems. (4) SWaT
(Secure Water Treatment, Mathur & Tippenhauer (2016)) is obtained from 51 sensors of the criti-
cal infrastructure system under continuous operations. (5) NeurIPS-TS (NeurIPS 2021 Time Series
Benchmark) is a dataset proposed by Lai et al. (2021) and includes five time series anomaly scenar-
ios categorized by behavior-driven taxonomy as point-global, pattern-contextual, pattern-shapelet,
pattern-seasonal and pattern-trend. The statistical details are summarized in Table 13 of Appendix.

Implementation details Following the well-established protocol in Shen et al. (2020), we adopt a
non-overlapped sliding window to obtain a set of sub-series. The sliding window is with a fixed size
of 100 for all datasets. We label the time points as anomalies if their anomaly scores (Equation 6)
are larger than a certain threshold �. The threshold � is determined to make r proportion data of the
validation dataset labeled as anomalies. For the main results, we set r = 0.1% for SWaT, 0.5% for
SMD and 1% for other datasets. We adopt the widely-used adjustment strategy (Xu et al., 2018; Su
et al., 2019; Shen et al., 2020): if a time point in a certain successive abnormal segment is detected,
all anomalies in this abnormal segment are viewed to be correctly detected. This strategy is justified
from the observation that an abnormal time point will cause an alert and further make the whole
segment noticed in real-world applications. Anomaly Transformer contains 3 layers. We set the
channel number of hidden states dmodel as 512 and the number of heads h as 8. The hyperparameter
� (Equation 4) is set as 3 for all datasets to trade-off two parts of the loss function. We use the
ADAM (Kingma & Ba, 2015) optimizer with an initial learning rate of 10�4. The training process
is early stopped within 10 epochs with the batch size of 32. All the experiments are implemented in
Pytorch (Paszke et al., 2019) with a single NVIDIA TITAN RTX 24GB GPU.

Baselines We extensively compare our model with 18 baselines, including the reconstruction-
based models: InterFusion (2021), BeatGAN (2019), OmniAnomaly (2019), LSTM-VAE (2018);
the density-estimation models: DAGMM (2018), MPPCACD (2017), LOF (2000); the clustering-
based methods: ITAD (2020), THOC (2020), Deep-SVDD (2018); the autoregression-based mod-
els: CL-MPPCA (2019), LSTM (2018), VAR (1976); the classic methods: OC-SVM (2004), Isola-
tionForest (2008). Another 3 baselines from change point detection and time series segmentation are
deferred to Appendix I. InterFusion (2021) and THOC (2020) are the state-of-the-art deep models.
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Item for Anomalies (1) Good Reconstruction (2) Bad Reconstruction

Normalized Association 
Discrepancy

Larger Unknown

Reconstruction Error Smaller Larger

Collaborate with each other to improve detection performance. 

Points with anomaly scores larger than threshold will be detected as Anomalies.
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Figure 3: ROC curves (horizontal-axis: false-positive rate; vertical-axis: true-positive rate) for five
corresponding datasets. A higher AUC value (area under the ROC curve) indicates a better perfor-
mance. The predefined threshold proportion r is in {0.5%, 1.0%, 1.5%, 2.0%, 10%, 20%, 30%}.

Table 1: Quantitative results for Anomaly Transformer (Ours) in five real-world datasets. The P,
R and F1 represent the precision, recall and F1-score (as %) respectively. F1-score is the harmonic
mean of precision and recall. For these three metrics, a higher value indicates a better performance.

Dataset SMD MSL SMAP SWaT PSM

Metric P R F1 P R F1 P R F1 P R F1 P R F1

OCSVM 44.34 76.72 56.19 59.78 86.87 70.82 53.85 59.07 56.34 45.39 49.22 47.23 62.75 80.89 70.67
IsolationForest 42.31 73.29 53.64 53.94 86.54 66.45 52.39 59.07 55.53 49.29 44.95 47.02 76.09 92.45 83.48

LOF 56.34 39.86 46.68 47.72 85.25 61.18 58.93 56.33 57.60 72.15 65.43 68.62 57.89 90.49 70.61
Deep-SVDD 78.54 79.67 79.10 91.92 76.63 83.58 89.93 56.02 69.04 80.42 84.45 82.39 95.41 86.49 90.73

DAGMM 67.30 49.89 57.30 89.60 63.93 74.62 86.45 56.73 68.51 89.92 57.84 70.40 93.49 70.03 80.08
MMPCACD 71.20 79.28 75.02 81.42 61.31 69.95 88.61 75.84 81.73 82.52 68.29 74.73 76.26 78.35 77.29

VAR 78.35 70.26 74.08 74.68 81.42 77.90 81.38 53.88 64.83 81.59 60.29 69.34 90.71 83.82 87.13
LSTM 78.55 85.28 81.78 85.45 82.50 83.95 89.41 78.13 83.39 86.15 83.27 84.69 76.93 89.64 82.80

CL-MPPCA 82.36 76.07 79.09 73.71 88.54 80.44 86.13 63.16 72.88 76.78 81.50 79.07 56.02 99.93 71.80
ITAD 86.22 73.71 79.48 69.44 84.09 76.07 82.42 66.89 73.85 63.13 52.08 57.08 72.80 64.02 68.13

LSTM-VAE 75.76 90.08 82.30 85.49 79.94 82.62 92.20 67.75 78.10 76.00 89.50 82.20 73.62 89.92 80.96
BeatGAN 72.90 84.09 78.10 89.75 85.42 87.53 92.38 55.85 69.61 64.01 87.46 73.92 90.30 93.84 92.04

OmniAnomaly 83.68 86.82 85.22 89.02 86.37 87.67 92.49 81.99 86.92 81.42 84.30 82.83 88.39 74.46 80.83
InterFusion 87.02 85.43 86.22 81.28 92.70 86.62 89.77 88.52 89.14 80.59 85.58 83.01 83.61 83.45 83.52

THOC 79.76 90.95 84.99 88.45 90.97 89.69 92.06 89.34 90.68 83.94 86.36 85.13 88.14 90.99 89.54

Ours 89.40 95.45 92.33 92.09 95.15 93.59 94.13 99.40 96.69 91.55 96.73 94.07 96.91 98.90 97.89

4.1 MAIN RESULTS

Real-world datasets We extensively evaluate our model on five real-world datasets with ten com-
petitive baselines. As shown in Table 1, Anomaly Transformer achieves the consistent state-of-the-
art on all benchmarks. We observe that deep models that consider the temporal information outper-
form the general anomaly detection model, such as Deep-SVDD (Ruff et al., 2018) and DAGMM
(Zong et al., 2018), which verifies the effectiveness of temporal modeling. Our proposed Anomaly
Transformer goes beyond the point-wise representation learned by RNNs and models the more infor-
mative associations. The results in Table 1 are persuasive for the advantage of association learning in
time series anomaly detection. In addition, we plot the ROC curve in Figure 3 for a complete com-
parison. Anomaly Transformer has the highest AUC values on all five datasets. It means that our
model performs well in the false-positive and true-positive rates under various pre-selected thresh-
olds, which is important for real-world applications.
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Figure 4: Results for NeurIPS-TS.

NeurIPS-TS benchmark This benchmark is generated from
well-designed rules proposed by Lai et al. (2021), which com-
pletely includes all types of anomalies, covering both the point-
wise and pattern-wise anomalies. As shown in Figure 4, Anomaly
Transformer can still achieve state-of-the-art performance. This
verifies the effectiveness of our model on various anomalies.

Ablation study As shown in Table 2, we further investigate the
effect of each part in our model. Our association-based criterion
outperforms the widely-used reconstruction criterion consistently.
Specifically, the association-based criterion brings a remarkable 18.76% (76.20!94.96) averaged
absolute F1-score promotion. Also, directly taking the association discrepancy as the criterion still
achieves a good performance (F1-score: 91.55%) and surpasses the previous state-of-the-art model
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Figure 3: ROC curves (horizontal-axis: false-positive rate; vertical-axis: true-positive rate) for five
corresponding datasets. A higher AUC value (area under the ROC curve) indicates a better perfor-
mance. The predefined threshold proportion r is in {0.5%, 1.0%, 1.5%, 2.0%, 10%, 20%, 30%}.

Table 1: Quantitative results for Anomaly Transformer (Ours) in five real-world datasets. The P,
R and F1 represent the precision, recall and F1-score (as %) respectively. F1-score is the harmonic
mean of precision and recall. For these three metrics, a higher value indicates a better performance.

Dataset SMD MSL SMAP SWaT PSM

Metric P R F1 P R F1 P R F1 P R F1 P R F1

OCSVM 44.34 76.72 56.19 59.78 86.87 70.82 53.85 59.07 56.34 45.39 49.22 47.23 62.75 80.89 70.67
IsolationForest 42.31 73.29 53.64 53.94 86.54 66.45 52.39 59.07 55.53 49.29 44.95 47.02 76.09 92.45 83.48

LOF 56.34 39.86 46.68 47.72 85.25 61.18 58.93 56.33 57.60 72.15 65.43 68.62 57.89 90.49 70.61
Deep-SVDD 78.54 79.67 79.10 91.92 76.63 83.58 89.93 56.02 69.04 80.42 84.45 82.39 95.41 86.49 90.73

DAGMM 67.30 49.89 57.30 89.60 63.93 74.62 86.45 56.73 68.51 89.92 57.84 70.40 93.49 70.03 80.08
MMPCACD 71.20 79.28 75.02 81.42 61.31 69.95 88.61 75.84 81.73 82.52 68.29 74.73 76.26 78.35 77.29

VAR 78.35 70.26 74.08 74.68 81.42 77.90 81.38 53.88 64.83 81.59 60.29 69.34 90.71 83.82 87.13
LSTM 78.55 85.28 81.78 85.45 82.50 83.95 89.41 78.13 83.39 86.15 83.27 84.69 76.93 89.64 82.80

CL-MPPCA 82.36 76.07 79.09 73.71 88.54 80.44 86.13 63.16 72.88 76.78 81.50 79.07 56.02 99.93 71.80
ITAD 86.22 73.71 79.48 69.44 84.09 76.07 82.42 66.89 73.85 63.13 52.08 57.08 72.80 64.02 68.13

LSTM-VAE 75.76 90.08 82.30 85.49 79.94 82.62 92.20 67.75 78.10 76.00 89.50 82.20 73.62 89.92 80.96
BeatGAN 72.90 84.09 78.10 89.75 85.42 87.53 92.38 55.85 69.61 64.01 87.46 73.92 90.30 93.84 92.04

OmniAnomaly 83.68 86.82 85.22 89.02 86.37 87.67 92.49 81.99 86.92 81.42 84.30 82.83 88.39 74.46 80.83
InterFusion 87.02 85.43 86.22 81.28 92.70 86.62 89.77 88.52 89.14 80.59 85.58 83.01 83.61 83.45 83.52

THOC 79.76 90.95 84.99 88.45 90.97 89.69 92.06 89.34 90.68 83.94 86.36 85.13 88.14 90.99 89.54

Ours 89.40 95.45 92.33 92.09 95.15 93.59 94.13 99.40 96.69 91.55 96.73 94.07 96.91 98.90 97.89

4.1 MAIN RESULTS

Real-world datasets We extensively evaluate our model on five real-world datasets with ten com-
petitive baselines. As shown in Table 1, Anomaly Transformer achieves the consistent state-of-the-
art on all benchmarks. We observe that deep models that consider the temporal information outper-
form the general anomaly detection model, such as Deep-SVDD (Ruff et al., 2018) and DAGMM
(Zong et al., 2018), which verifies the effectiveness of temporal modeling. Our proposed Anomaly
Transformer goes beyond the point-wise representation learned by RNNs and models the more infor-
mative associations. The results in Table 1 are persuasive for the advantage of association learning in
time series anomaly detection. In addition, we plot the ROC curve in Figure 3 for a complete com-
parison. Anomaly Transformer has the highest AUC values on all five datasets. It means that our
model performs well in the false-positive and true-positive rates under various pre-selected thresh-
olds, which is important for real-world applications.

Ano
form

er

Om
niAn

oma
ly

Dee
p-S

VDD THO
C

LST
M-V

AE
DAG

MM
Bea

tGA
N

50

55

60

65

70

75

71.31

60.14

56.51

62.52

58.39

51.77

67.45

50

55

60

65

70

75

An
om

aly

Tr
an
sfo
rm
er
Omni-

Anomaly Dee
p-

SV
DD THOC

LS
TM-V

AE

DAGMM

Bea
tG

AN

F1
-S

co
re

 (%
)

Figure 4: Results for NeurIPS-TS.

NeurIPS-TS benchmark This benchmark is generated from
well-designed rules proposed by Lai et al. (2021), which com-
pletely includes all types of anomalies, covering both the point-
wise and pattern-wise anomalies. As shown in Figure 4, Anomaly
Transformer can still achieve state-of-the-art performance. This
verifies the effectiveness of our model on various anomalies.

Ablation study As shown in Table 2, we further investigate the
effect of each part in our model. Our association-based criterion
outperforms the widely-used reconstruction criterion consistently.
Specifically, the association-based criterion brings a remarkable 18.76% (76.20!94.96) averaged
absolute F1-score promotion. Also, directly taking the association discrepancy as the criterion still
achieves a good performance (F1-score: 91.55%) and surpasses the previous state-of-the-art model
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Figure 3: ROC curves (horizontal-axis: false-positive rate; vertical-axis: true-positive rate) for five
corresponding datasets. A higher AUC value (area under the ROC curve) indicates a better perfor-
mance. The predefined threshold proportion r is in {0.5%, 1.0%, 1.5%, 2.0%, 10%, 20%, 30%}.

Table 1: Quantitative results for Anomaly Transformer (Ours) in five real-world datasets. The P,
R and F1 represent the precision, recall and F1-score (as %) respectively. F1-score is the harmonic
mean of precision and recall. For these three metrics, a higher value indicates a better performance.

Dataset SMD MSL SMAP SWaT PSM

Metric P R F1 P R F1 P R F1 P R F1 P R F1

OCSVM 44.34 76.72 56.19 59.78 86.87 70.82 53.85 59.07 56.34 45.39 49.22 47.23 62.75 80.89 70.67
IsolationForest 42.31 73.29 53.64 53.94 86.54 66.45 52.39 59.07 55.53 49.29 44.95 47.02 76.09 92.45 83.48

LOF 56.34 39.86 46.68 47.72 85.25 61.18 58.93 56.33 57.60 72.15 65.43 68.62 57.89 90.49 70.61
Deep-SVDD 78.54 79.67 79.10 91.92 76.63 83.58 89.93 56.02 69.04 80.42 84.45 82.39 95.41 86.49 90.73

DAGMM 67.30 49.89 57.30 89.60 63.93 74.62 86.45 56.73 68.51 89.92 57.84 70.40 93.49 70.03 80.08
MMPCACD 71.20 79.28 75.02 81.42 61.31 69.95 88.61 75.84 81.73 82.52 68.29 74.73 76.26 78.35 77.29

VAR 78.35 70.26 74.08 74.68 81.42 77.90 81.38 53.88 64.83 81.59 60.29 69.34 90.71 83.82 87.13
LSTM 78.55 85.28 81.78 85.45 82.50 83.95 89.41 78.13 83.39 86.15 83.27 84.69 76.93 89.64 82.80

CL-MPPCA 82.36 76.07 79.09 73.71 88.54 80.44 86.13 63.16 72.88 76.78 81.50 79.07 56.02 99.93 71.80
ITAD 86.22 73.71 79.48 69.44 84.09 76.07 82.42 66.89 73.85 63.13 52.08 57.08 72.80 64.02 68.13

LSTM-VAE 75.76 90.08 82.30 85.49 79.94 82.62 92.20 67.75 78.10 76.00 89.50 82.20 73.62 89.92 80.96
BeatGAN 72.90 84.09 78.10 89.75 85.42 87.53 92.38 55.85 69.61 64.01 87.46 73.92 90.30 93.84 92.04

OmniAnomaly 83.68 86.82 85.22 89.02 86.37 87.67 92.49 81.99 86.92 81.42 84.30 82.83 88.39 74.46 80.83
InterFusion 87.02 85.43 86.22 81.28 92.70 86.62 89.77 88.52 89.14 80.59 85.58 83.01 83.61 83.45 83.52

THOC 79.76 90.95 84.99 88.45 90.97 89.69 92.06 89.34 90.68 83.94 86.36 85.13 88.14 90.99 89.54

Ours 89.40 95.45 92.33 92.09 95.15 93.59 94.13 99.40 96.69 91.55 96.73 94.07 96.91 98.90 97.89

4.1 MAIN RESULTS

Real-world datasets We extensively evaluate our model on five real-world datasets with ten com-
petitive baselines. As shown in Table 1, Anomaly Transformer achieves the consistent state-of-the-
art on all benchmarks. We observe that deep models that consider the temporal information outper-
form the general anomaly detection model, such as Deep-SVDD (Ruff et al., 2018) and DAGMM
(Zong et al., 2018), which verifies the effectiveness of temporal modeling. Our proposed Anomaly
Transformer goes beyond the point-wise representation learned by RNNs and models the more infor-
mative associations. The results in Table 1 are persuasive for the advantage of association learning in
time series anomaly detection. In addition, we plot the ROC curve in Figure 3 for a complete com-
parison. Anomaly Transformer has the highest AUC values on all five datasets. It means that our
model performs well in the false-positive and true-positive rates under various pre-selected thresh-
olds, which is important for real-world applications.
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Figure 4: Results for NeurIPS-TS.

NeurIPS-TS benchmark This benchmark is generated from
well-designed rules proposed by Lai et al. (2021), which com-
pletely includes all types of anomalies, covering both the point-
wise and pattern-wise anomalies. As shown in Figure 4, Anomaly
Transformer can still achieve state-of-the-art performance. This
verifies the effectiveness of our model on various anomalies.

Ablation study As shown in Table 2, we further investigate the
effect of each part in our model. Our association-based criterion
outperforms the widely-used reconstruction criterion consistently.
Specifically, the association-based criterion brings a remarkable 18.76% (76.20!94.96) averaged
absolute F1-score promotion. Also, directly taking the association discrepancy as the criterion still
achieves a good performance (F1-score: 91.55%) and surpasses the previous state-of-the-art model
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THOC (F1-score: 88.01% calculated from Table 1). Besides, the learnable prior-association (corre-
sponding to � in Equation 2) and the minimax strategy can further improve our model and get 8.43%
(79.05!87.48) and 7.48% (87.48!94.96) averaged absolute promotions respectively. Finally, our
proposed Anomaly Transformer surpasses the pure Transformer by 18.34% (76.62!94.96) abso-
lute improvement. These verify that each module of our design is effective and necessary. More
ablations of association discrepancy can be found in Appendix D.

Table 2: Ablation results (F1-score) in anomaly criterion, prior-association and optimization strat-
egy. Recon, AssDis and Assoc mean the pure reconstruction performance, pure association discrep-
ancy and our proposed association-based criterion respectively. Fix is to fix Learnable scale param-
eter � of prior-association as 1.0. Max and Minimax ref to the strategies for association discrepancy
in the maximization (Equation 4) and minimax (Equation 5) way respectively.

Architecture Anomaly Prior- Optimization SMD MSL SMAP SWaT PSM Avg F1
Criterion Association Strategy (as %)

Transformer Recon ⇥ ⇥ 79.72 76.64 73.74 74.56 78.43 76.62

Recon Learnable Minmax 71.35 78.61 69.12 81.53 80.40 76.20

Anomaly AssDis Learnable Minmax 87.57 90.50 90.98 93.21 95.47 91.55

Transformer Assoc Fix Max 83.95 82.17 70.65 79.46 79.04 79.05

Assoc Learnable Max 88.88 85.20 87.84 81.65 93.83 87.48

*final Assoc Learnable Minmax 92.33 93.59 96.90 94.07 97.89 94.96

4.2 MODEL ANALYSIS

To explain how our model works intuitively, we provide the visualization and statistical results for
our three key designs: anomaly criterion, learnable prior-association and optimization strategy.
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Figure 5: Visualization of different anomaly categories (Lai et al., 2021). We plot the raw series
(first row) from NeurIPS-TS dataset, as well as their corresponding reconstruction (second row) and
association-based criteria (third row). The point-wise anomalies are marked by red circles and the
pattern-wise anomalies are in red segments. The wrongly detected cases are bounded by red boxes.

Anomaly criterion visualization To get more intuitive cases about how association-based crite-
rion works, we provide some visualization in Figure 5 and explore the criterion performance under
different types of anomalies, where the taxonomy is from Lai et al. (2021). We can find that our
proposed association-based criterion is more distinguishable in general. Concretely, the association-
based criterion can obtain the consistent smaller values for the normal part, which is quite contrasting

8

(1) Anomaly Criterion 18.76%↑ (2) Prior-association 8.43%↑ (3) optimization strategy 7.84%↑
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THOC (F1-score: 88.01% calculated from Table 1). Besides, the learnable prior-association (corre-
sponding to � in Equation 2) and the minimax strategy can further improve our model and get 8.43%
(79.05!87.48) and 7.48% (87.48!94.96) averaged absolute promotions respectively. Finally, our
proposed Anomaly Transformer surpasses the pure Transformer by 18.34% (76.62!94.96) abso-
lute improvement. These verify that each module of our design is effective and necessary. More
ablations of association discrepancy can be found in Appendix D.

Table 2: Ablation results (F1-score) in anomaly criterion, prior-association and optimization strat-
egy. Recon, AssDis and Assoc mean the pure reconstruction performance, pure association discrep-
ancy and our proposed association-based criterion respectively. Fix is to fix Learnable scale param-
eter � of prior-association as 1.0. Max and Minimax ref to the strategies for association discrepancy
in the maximization (Equation 4) and minimax (Equation 5) way respectively.

Architecture Anomaly Prior- Optimization SMD MSL SMAP SWaT PSM Avg F1
Criterion Association Strategy (as %)

Transformer Recon ⇥ ⇥ 79.72 76.64 73.74 74.56 78.43 76.62

Recon Learnable Minmax 71.35 78.61 69.12 81.53 80.40 76.20

Anomaly AssDis Learnable Minmax 87.57 90.50 90.98 93.21 95.47 91.55

Transformer Assoc Fix Max 83.95 82.17 70.65 79.46 79.04 79.05

Assoc Learnable Max 88.88 85.20 87.84 81.65 93.83 87.48

*final Assoc Learnable Minmax 92.33 93.59 96.90 94.07 97.89 94.96

4.2 MODEL ANALYSIS

To explain how our model works intuitively, we provide the visualization and statistical results for
our three key designs: anomaly criterion, learnable prior-association and optimization strategy.
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Figure 5: Visualization of different anomaly categories (Lai et al., 2021). We plot the raw series
(first row) from NeurIPS-TS dataset, as well as their corresponding reconstruction (second row) and
association-based criteria (third row). The point-wise anomalies are marked by red circles and the
pattern-wise anomalies are in red segments. The wrongly detected cases are bounded by red boxes.

Anomaly criterion visualization To get more intuitive cases about how association-based crite-
rion works, we provide some visualization in Figure 5 and explore the criterion performance under
different types of anomalies, where the taxonomy is from Lai et al. (2021). We can find that our
proposed association-based criterion is more distinguishable in general. Concretely, the association-
based criterion can obtain the consistent smaller values for the normal part, which is quite contrasting

8
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in point-contextual and pattern-seasonal cases (Figure 5). In contrast, the jitter curves of the recon-
struction criterion make the detection process confused and fail in the aforementioned two cases.
This verifies that our criterion can highlight the anomalies and provide distinct values for normal
and abnormal points, making the detection precise and reducing the false-positive rate.
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Figure 6: Learned scale parameter � for different types of anomalies (highlight in red).

Prior-association visualization During the minimax optimization, the prior-association is learned
to get close to the series-association. Thus, the learned � can reflect the adjacent-concentrating
degree of time series. As shown in Figure 6, we find that � changes to adapt to various data patterns
of time series. Especially, the prior-association of anomalies generally has a smaller � than normal
time points, which matches our adjacent-concentration inductive bias of anomalies.

Optimization strategy analysis Only with the reconstruction loss, the abnormal and normal time
points present similar performance in the association weights to adjacent time points, correspond-
ing to a contrast value closed to 1 (Table 3). Maximizing the association discrepancy will force the
series-associations to pay more attention to the non-adjacent area. However, to obtain a better recon-
struction, the anomalies have to maintain much larger adjacent association weights than normal time
points, corresponding to a larger contrast value. But direct maximization will cause the optimization
problem of Gaussian kernel, cannot strongly amplify the difference between normal and abnormal
time points as expected (SMD:1.15!1.27). The minimax strategy optimizes the prior-association to
provide a stronger constraint to series-association. Thus, the minimax strategy obtains more distin-
guishable contrast values than direct maximization (SMD:1.27!2.39) and thereby performs better.

Table 3: The statistical results of adjacent association weights for Abnormal and Normal time points
respectively. Recon, Max and Minimax represent the association learning process that is supervised
by reconstruction loss, direct maximization and minimax strategy respectively. A higher contrast
value ( Abnormal

Normal ) indicates a stronger distinguishability between normal and abnormal time points.

Dataset SMD MSL SMAP SWaT PSM

Optimization Recon Max Ours Recon Max Ours Recon Max Ours Recon Max Ours Recon Max Ours

Abnormal (%) 1.08 0.95 0.86 1.01 0.65 0.35 1.29 1.18 0.70 1.27 0.89 0.37 1.02 0.56 0.29
Normal (%) 0.94 0.75 0.36 1.00 0.59 0.22 1.23 1.09 0.49 1.18 0.78 0.21 0.99 0.54 0.11

Contrast ( Abnormal
Normal ) 1.15 1.27 2.39 1.01 1.10 1.59 1.05 1.08 1.43 1.08 1.14 1.76 1.03 1.04 2.64

5 CONCLUSION AND FUTURE WORK

This paper studies the unsupervised time series anomaly detection problem. Unlike previous meth-
ods, we learn the more informative time-point associations by Transformers. Based on the key ob-
servation of association discrepancy, we propose the Anomaly Transformer, including an Anomaly-
Attention with the two-branch structure to embody the association discrepancy. A minimax strategy
is adopted to further amplify the difference between normal and abnormal time points. By introduc-
ing the association discrepancy, we propose the association-based criterion, which makes the recon-
struction performance and association discrepancy collaborate. Anomaly Transformer achieves the
state-of-the-art results on an exhaustive set of empirical studies. Future work includes theoretical
study of Anomoly Transformer in light of classic analysis for autoregression and state space models.
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Prior-association can adapt to various data patterns of time series.

Abnormal time points show the adjacent-concentration property. 
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in point-contextual and pattern-seasonal cases (Figure 5). In contrast, the jitter curves of the recon-
struction criterion make the detection process confused and fail in the aforementioned two cases.
This verifies that our criterion can highlight the anomalies and provide distinct values for normal
and abnormal points, making the detection precise and reducing the false-positive rate.
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to get close to the series-association. Thus, the learned � can reflect the adjacent-concentrating
degree of time series. As shown in Figure 6, we find that � changes to adapt to various data patterns
of time series. Especially, the prior-association of anomalies generally has a smaller � than normal
time points, which matches our adjacent-concentration inductive bias of anomalies.

Optimization strategy analysis Only with the reconstruction loss, the abnormal and normal time
points present similar performance in the association weights to adjacent time points, correspond-
ing to a contrast value closed to 1 (Table 3). Maximizing the association discrepancy will force the
series-associations to pay more attention to the non-adjacent area. However, to obtain a better recon-
struction, the anomalies have to maintain much larger adjacent association weights than normal time
points, corresponding to a larger contrast value. But direct maximization will cause the optimization
problem of Gaussian kernel, cannot strongly amplify the difference between normal and abnormal
time points as expected (SMD:1.15!1.27). The minimax strategy optimizes the prior-association to
provide a stronger constraint to series-association. Thus, the minimax strategy obtains more distin-
guishable contrast values than direct maximization (SMD:1.27!2.39) and thereby performs better.

Table 3: The statistical results of adjacent association weights for Abnormal and Normal time points
respectively. Recon, Max and Minimax represent the association learning process that is supervised
by reconstruction loss, direct maximization and minimax strategy respectively. A higher contrast
value ( Abnormal

Normal ) indicates a stronger distinguishability between normal and abnormal time points.

Dataset SMD MSL SMAP SWaT PSM

Optimization Recon Max Ours Recon Max Ours Recon Max Ours Recon Max Ours Recon Max Ours

Abnormal (%) 1.08 0.95 0.86 1.01 0.65 0.35 1.29 1.18 0.70 1.27 0.89 0.37 1.02 0.56 0.29
Normal (%) 0.94 0.75 0.36 1.00 0.59 0.22 1.23 1.09 0.49 1.18 0.78 0.21 0.99 0.54 0.11

Contrast ( Abnormal
Normal ) 1.15 1.27 2.39 1.01 1.10 1.59 1.05 1.08 1.43 1.08 1.14 1.76 1.03 1.04 2.64

5 CONCLUSION AND FUTURE WORK

This paper studies the unsupervised time series anomaly detection problem. Unlike previous meth-
ods, we learn the more informative time-point associations by Transformers. Based on the key ob-
servation of association discrepancy, we propose the Anomaly Transformer, including an Anomaly-
Attention with the two-branch structure to embody the association discrepancy. A minimax strategy
is adopted to further amplify the difference between normal and abnormal time points. By introduc-
ing the association discrepancy, we propose the association-based criterion, which makes the recon-
struction performance and association discrepancy collaborate. Anomaly Transformer achieves the
state-of-the-art results on an exhaustive set of empirical studies. Future work includes theoretical
study of Anomoly Transformer in light of classic analysis for autoregression and state space models.
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Directly maximizing association discrepancy will cause degeneration.

Minimax association learning will amplifying the normal-abnormal distinguishability. 
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