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ABSTRACT

Change Point Detection (CPD) models are used to identify abrupt

changes in the distribution of a data stream and have a widespread

practical use. CPD methods generally compare the distribution of

data sequences before and after a given time step to infer if there is

a shift in distribution at the said time step. Numerous divergence

measures, which measure distance between data distributions of

sequence pairs, have been proposed for CPD [17, 20] and often the

choice of divergence measure depends on the data used. Density

Ratio Estimation (DRE) [18, 20] can be used to estimate a broad fam-

ily of 𝑓 -divergences, which includes widely used CPD divergences

like Kullback-Leibler (KL) and Pearson, and thus DRE is a popular

approach for CPD. In this work, we improve upon the existing DRE

techniques for CPD, by proposing a novel objective that combines

DRE seamlessly with adversarial sample generation. The adver-

sarial samples allows for a robust CPD with DRE to track subtle

changes in distribution, leading to a reduction in false negatives.

We experiment on a wide variety of real-world, public benchmark

datasets to show that our approach improves upon existing state-

of-the-art (SoTA) methods, including DRE based CPD methods, by

demonstrating an ∼ 5% increase in 𝐹−score.
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1 INTRODUCTION

Many user experiences on the internet like recommendations, ad-

vertising are now driven by Machine learning (ML) models and

user interactions with these experiences changes with time. For ex-

ample, user interests/activities evolve over time in a Recommender

System, or the variation of traffic in web services. Change Point

Detection (CPD), aims to detect points of change in an unknown

probability distribution over a stream of data, which can be text,
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images, video etc. In diverse fields like Search/Recommender Sys-

tems/Advertising, it is normal for methods to assume stationarity,

and hence CPD is a valuable tool to detect changes in user intents

[25] and to adapt to user preferences in Recommender System and

Advertising [11, 16, 24], monitor Web services [6] and flag DOS

attacks/service failures.

In the present work, we consider a general time series setting,

which is agnostic of the nature of data/channel employed. Any

CPD method [1], detects the change in distribution by dividing the

time series into window pairs around the candidate timestamp for

a change point. Then it estimates a divergence measure between

these window pairs, repeatedly for each timestamp, to infer the

change points if any exist. The divergence metrics measure how

apart two distributions are, based on the samples drawn from both

the distributions. Popular divergence measures for CPD include

KL divergence [21], Pearson Divergence [13], which belong to a

general class of divergences called 𝑓 -divergences. Any divergence

in the family of 𝑓 -divergences can be estimated by estimating the

ratio of two probability density functions, 𝑟 (𝑥) = 𝑝 (𝑥 )
𝑞 (𝑥 ) without

even learning the distributions 𝑝, 𝑞 directly, and is termed Density

Ratio Estimation (DRE). The applicability of a divergence can vary

based on the nature of time series, hence numerous DRE methods

[15, 20] have been popular in CPD, because of the flexibility they

provide in the choice of divergences.

However, DRE methods’ performance pales in comparison to

other state-of-the-art (SoTA) methods [4, 9], as they are unable to

track small changes in distribution, which results in false-negatives.

In this paper, we propose a novel objective for CPD, which inte-

grates estimation of density ratio for CPD with the training of an

adversarial generator. The adversarial model generates samples

from a different distribution 𝑝𝐺 , but 𝑝𝐺 is still closer to the under-

lying data distribution 𝑝 (𝑝𝐺 ≠ 𝑝 , but 𝑝𝐺 ≈ 𝑝), and the estimator is

tasked to differentiate between samples drawn from 𝑝𝐺 and 𝑝 , lead-

ing to a reduction in false-negatives. To the best of our knowledge,

we are the first to employ a generative adversarial model to esti-

mate density ratio for CPD. The paper, [4] also uses an adversarial

model, however it limits itself to a singular measure Mean Maxi-

mum Discrepancy (MMD), which is not widely applicable across

datasets unlike the versatile 𝑓 -divergences. Finally, we conclude by

experimenting on benchmark, real-world, publicly available human

annotated datasets and show that our proposed method exhibits

an increase of ∼ 5% in 𝐹 -score on an average, compared to the

SoTA methods. We demonstrate a mean improvement of ∼ 13% in

Recall over the DRE based CPD methods, which shows the benefit

of adversarial training in reducing the false negatives.

2 PROBLEM SETTING AND RELATEDWORK

We denote the input time series {𝑥𝑡 |𝑡 ∈ T and 𝑥𝑡 ∈ R𝐷 }, drawn
from input space X with the time horizon T = {1, 2, · · · ,𝑇 }. The
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CPD involves determining the time 𝑡∗ ∈ T when an abrupt tran-

sition from distribution 𝑝 to 𝑞 occurs, i.e., 𝑥𝑡 ∼ 𝑝 if 𝑡 ≤ 𝑡∗ and
𝑥𝑡 ∼ 𝑞 if 𝑡 > 𝑡∗. The distributions 𝑝, 𝑞 are not known. To estimate

the divergence measure empirically at each point 𝑡 , two windows -

the reference window, 𝑋𝑟𝑡 = {𝑥𝑡−𝑤𝑟
, · · · , 𝑥𝑡−1}, of size𝑤𝑟 and the

test window, 𝑋
𝑓
𝑡 = {𝑥𝑡 , · · · , 𝑥𝑡+𝑤𝑓 −1}, of size𝑤 𝑓 , are constructed.

Many traditional parametric methods like CUMSUM [2] and GLR

[3], or the popular kernel based non-parametric methods like [10],

[17], rely on repeated application of hypothesis tests on the win-

dow pairs to detect change points. However, parametric methods

require strong assumptions on the form of 𝑝 at the very least and

non-parametric methods are very sensitive to the choice of kernel

used. In recent literature, a state of the art deep learning based CPD

method [4], employs a GAN like objective and uses MMD metric to

detect change points. An autoencoder based architecture is found

in [8] and it uses reconstruction loss as the CPD metric. Another

SoTA method [9], uses contrastive coding to obtain embeddings

for the time series and detect change points using cosine-distance.

The paper [5], employs variational autoencoders for change point

detection.

Density Ratio Estimation. The setting consists of two sets of

observed samples𝐷𝑝 = {𝑥𝑝
1
, · · · , 𝑥𝑝𝑚} ∼ 𝑝 (𝑥) and𝐷𝑞 = {𝑥𝑝

1
, · · · , 𝑥𝑞𝑛 } ∼

𝑞(𝑥), drawn from distributions 𝑝, 𝑞. Given 𝐷𝑝 , 𝐷𝑞 , we are inter-

ested in estimating the ratio 𝑟 (𝑥) = 𝑝 (𝑥)/𝑞(𝑥) directly without

explicitly learning the distributions 𝑝, 𝑞. Estimating the density

ratio gives an estimate of the 𝑓 -divergence between the distribu-

tions 𝑝, 𝑞. Typically, the estimator 𝑟 has the following form [13],

𝑟 (𝑥 ;𝜃 ) = 𝜃𝑇𝐾 (𝑥, ·) = 𝜃𝑇𝜙 (𝑥) i.e., the density ratio is governed

by the parameters 𝜃 and RKHS kernel 𝐾 , and 𝜙 its corresponding

kernel space representation. Numerous kernel based techniques

focus on estimating different divergences like KL [21], Pearson [13],

Bregman [20], whereas, other DRE methods realize the kernel 𝜙

via neural network [15] or Gradient Boosted Trees [12]. Another

stream of work in DRE, focussed on adapting GANs to be trained

on 𝑓 -divergences (or Bregman divergences, both end up having the

same objective) [19, 22], with the common purpose to improve the

accuracy of the model by generating adversarial samples. However,

their work cannot be trivially extended to CPD.

3 PROPOSEDWORK

In the present work, we employ a Deep Neural Network to esti-

mate the 𝑓 -divergences between the reference and test window

distributions and, employ adversarial samples to detect even small

changes in the test window distribution. We begin the section

by recalling the definition of 𝑓 -divergence measure 𝐷 𝑓 (𝑝, 𝑞) =∫
R𝐷

𝑓

(
𝑝 (𝑥 )
𝑞 (𝑥 )

)
𝑞(𝑥)𝑑𝑥 where 𝑓 is a function such that 𝑓 (1) = 0 (to

ensure 𝐷 𝑓 (𝑝, 𝑞) = 0 when 𝑝 = 𝑞) and 𝑓 (𝑥) is bounded for 𝑥 > 0.

Further, if we set, 𝑓 (𝑥) = 𝑥 log𝑥 then we get KL divergence and

for 𝑓 (𝑥) = (𝑥 − 1)2 we arrive at Pearson divergence. Given we

have an estimator 𝑟 for density ratio 𝑟 , [20] furnishes the following

estimator for f-divergence 𝐷 𝑓 (𝑝, 𝑞).

𝐷̂ 𝑓 (𝑝, 𝑞) = 𝐸𝑥∼𝑝 [𝑔(𝑥)] − 𝐸𝑥∼𝑞 [𝜕𝑓 (𝑟 (𝑥))] (1)

where 𝑔(𝑥) = 𝜕𝑓 (𝑟 (𝑥))𝑟 (𝑥) − 𝑓 (𝑟 (𝑥)) and 𝜕𝑓 denotes the partial

derivative of 𝑓 with respect to 𝑟 , i.e., if 𝑓 (𝑟 (𝑥)) = (𝑟 (𝑥) − 1)2 then
𝜕𝑓 (𝑟 (𝑥)) = 2(𝑟 (𝑥) − 1). The following equation is the empirical

version of (1)

𝐷̂ 𝑓 (𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 , 𝑡) = max

𝑟

©­­«
1

𝑤𝑟

∑︁
𝑥∈𝑋 𝑓

𝑡

𝑔(𝑥) − 1

𝑤 𝑓

∑︁
𝑥∈𝑋 𝑟

𝑡

𝜕𝑓 (𝑟 (𝑥))
ª®®¬ (2)

Let 𝐺 denote the generative model that generates the adversarial

test window and 𝑟 the density ratio estimator as the discriminator

which tells apart the organic test window from the adversarial one.

The algorithm Adv-DRE trains the generator and the discriminator

together on the following objective (defer the details to Algorithm 1),

to boost detectability of even the minor changes in the distribution

𝑝 .
𝑄 = 𝑄𝑚𝑖𝑛−𝑚𝑎𝑥 + 𝜆1𝑄𝑟𝑒𝑔 + 𝜆2𝑄𝑟𝑒𝑐 (3)

where𝑄𝑚𝑖𝑛−𝑚𝑎𝑥 is the min-max objective on which both generator

and ratio estimator are trained using ADAM optimiser. The 𝑄𝑟𝑒𝑔

is regularization term that comes up due to the requirement that

𝐷 𝑓 (𝑝, 𝑝) = 0 should be satisfied for any valid divergence.𝑄𝑟𝑒𝑐 is the

minimization of the reconstruction error of the encoder-decoders

(refer Fig.1) used to learn the embeddings for time series. Finally,

for inference we compute 𝐷̂ 𝑓 (𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 , 𝑡) using (2) and return it as

CPD model score, which, when above a threshold (tuned through

a peak-finding algorithm – see Sec. 4), is predicted to be a change

point.

Figure 1: Proposed Adversarial Generator 𝐺 and Estimator 𝑟

Both employ Encoder-Decoder pair to embed time windows.

The 𝑟 applies Attention on the window pair, 𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 to com-

pute density ratio estimate 𝑟 𝑓 . Dashed arrows indicate 𝑋
𝑓
𝑡 (or

adversarial window 𝑌
𝑓
𝑡 ) is passed after 𝑋𝑟𝑡 through the same

Encoder-Decoder found in 𝑟 .

Design of Generator ModelG. The Generator𝐺 is supposed to

generate the adversarial distribution 𝑝𝐺 such that it closely resem-

bles 𝑝 . To achieve this, we require the Generator to generate adver-

sarial test window samples 𝑌
𝑓
𝑡 autoregressively using the reference

samples 𝑋𝑟𝑡 . This forces the estimator 𝑟 to accurately track minor

deviations from 𝑝 . Therefore, from (1) we end up with the follow-

ing min-max objective
1
for training the Generator-Discriminator

network

𝑄𝑚𝑖𝑛−𝑚𝑎𝑥 = min

𝐺
max

𝑟

∑︁
𝑥∈𝑌 𝑓

𝑡

𝑔(𝑥) −
∑︁
𝑦∈𝑋 𝑓

𝑡

𝜕𝑓 (𝑟 (𝑦)) (4)

1
Now we note the apparent similarity between𝑄𝑚𝑖𝑛−𝑚𝑎𝑥

and the 𝑓 -GAN objective

[19], however unlike 𝑓 -GAN the divergence is being measured in the test window
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Algorithm 1: Training of Adv-DRE

Input :𝐶𝑒𝑠𝑡 - No of iterations of Estimator per Generator

update, 𝑁 - Max iterations, Time series 𝑥𝑡 for 𝑡 ∈ T ,
Constants 𝜆1 and 𝜆2, window sizes𝑤𝑟 ,𝑤 𝑓

1 for 𝑖 ← 1 to 𝑁 do

2 for 𝑗 ← 1 to 𝐶𝑒𝑠𝑡 do

3 /* Estimator 𝑟 Update loop */

4 Sample {𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 } and generate 𝑌

𝑓
𝑡 = 𝐺 (𝑋𝑟𝑡 , 𝑋

𝑓
𝑡 )

5 Obtain the denisty ratio estimates and reconstructed

windows tuples (𝑋𝑓 , 𝑅𝑓 ) = 𝑟 (𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 ) and

(𝑋𝑟 , 𝑅𝑟 ) = 𝑟 (𝑋𝑟𝑡 , 𝑋𝑟𝑡 ) and (𝑋𝑓 , 𝑅𝑔) = 𝑟 (𝑋𝑟𝑡 , 𝑌
𝑓
𝑡 )

6 Minimize 𝑄 in (3) w.r.t 𝑟

7 end for

8 /* Update Generator 𝐺 */

9 Sample {𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 } and generate 𝑌

𝑓
𝑡 = 𝐺 (𝑋𝑟𝑡 , 𝑋

𝑓
𝑡 )

10 Apply Estimator, 𝑅𝑔, 𝑋𝑓 = 𝑟 (𝑋𝑟𝑡 , 𝑌
𝑓
𝑡 )

11 Minimise −𝑄𝑚𝑖𝑛−𝑚𝑎𝑥 + 𝜆2 | |𝑌 𝑓𝑡 − 𝑌
𝑓
𝑡 | |2𝐹 w.r.t 𝐺

12 end for

13 Estimator 𝑟 (𝑍𝑟 , 𝑍 𝑓 )
14 Get GRU embeddings 𝐸𝑟 , 𝐸𝑓 = ℎ𝑒𝑛𝑐 (𝑍𝑟 ), ℎ𝑒𝑛𝑐 (𝑍 𝑓 )
15 Apply Attention 𝐴𝑓 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝐸𝑓 , 𝐸𝑟 , 𝐸𝑟 )
16 Compute density ratio estimate 𝑟 𝑓 = 𝜃𝑇𝐴𝑓

17 where 𝜃 is linear layer followed by ReLU

18 Get reconstructions 𝑍𝑟 , 𝑍 𝑓 = ℎ𝑑𝑒𝑐 (𝐸𝑟 ), ℎ𝑑𝑒𝑐 (𝑍 𝑓 )
19 return 𝑍 𝑓 , 𝑟 𝑓

20 Generator 𝐺 (𝑍𝑟 , 𝑍 𝑓 )
21 Sample 𝜖 ∼ N(0, I)
22 Get GRU hidden state ℎ𝑟 = 𝐺

𝑒𝑛𝑐 (𝑍𝑟 )
23 return 𝐺𝑑𝑒𝑐 (𝑍 𝑓 , ℎ𝑟 + 𝜖)

We note that (4) recovers the estimator (1) when the adversarial

generator 𝐺 is absent. The above objective completely does away

with the reference window 𝑋𝑟𝑡 , which we can safely assume to be

assuredly drawn from 𝑝 . So we incorporate it back in the objective

𝑄 by requiring that 𝐷̂ 𝑓 (𝑋𝑟𝑡 , 𝑋𝑟𝑡 , 𝑡) is small so that the constraint

𝐷 𝑓 (𝑝, 𝑝) = 0 is satisfied. Otherwise, the estimator can assign ar-

bitrary large values to 𝑋𝑟𝑡 causing problems during inference (2).

Therefore, we have

𝑄𝑟𝑒𝑔 = min

𝑟
𝜆1

∑︁
𝑥∈𝑋 𝑟

𝑡

(𝜕𝑓 (𝑟 (𝑥)) (𝑟 (𝑥) − 1) − 𝑓 (𝑟 (𝑥))) (5)

To generate the adversarial window 𝑌
𝑓
𝑡 , we follow [4], wherein we

utilize an autoregressive process 𝑝𝐺 , which ensures that 𝑝𝐺 ≈
𝑝 . We employ GRU based encoder-decoder architecture (refer

Fig. 1 and lines 24-26 in Alg.1) where the final hidden state ℎ𝑡 =

𝐺𝑒𝑛𝑐 (𝑋𝑟𝑡 , 0) is corrupted with noise 𝜖 ∼ N(0, 𝐼 ). The corrupted hid-
den state ℎ𝑡 + 𝜖 is passed along with the organic test window 𝑋

𝑓
𝑡 to

the decoder to obtain the adversarial window𝑌
𝑓
𝑡 = 𝐺𝑑𝑒𝑐 (𝑋 𝑓𝑡 , ℎ𝑡 +𝜖).

Design of Estimator r̂. We begin by passing the windows,

𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 through a GRU-Encoder ℎ𝑒𝑛𝑐 (refer Fig. 1) to get 𝐸𝑟 , 𝐸 𝑓 ,

alone between generated samples 𝑌
𝑓

𝑡 ∼ 𝑝𝐺 and 𝑋
𝑓

𝑡 which can be drawn from either

𝑝 (if there is no change in distribution) or 𝑞 (if a shift in distribution has occured).

which are 𝐾 dimensional embeddings for each timestamp in the

windows. These embeddings are further passed through a GRU-

Decoder ℎ𝑑𝑒𝑐 to reconstruct the reference, test windows, given by

𝑋𝑟𝑡 , 𝑋
𝑓
𝑡 . We repeat the same for the generated samples (see lines

6-7 in Alg.1). Thus, we minimize the reconstruction loss as follows

𝑄𝑟𝑒𝑐 = min

𝑟

(
| |𝑋 𝑓𝑡 − 𝑋

𝑓
𝑡 | |

2

𝐹 + ||𝑋
𝑟
𝑡 − 𝑋𝑟𝑡 | |2𝐹

)
+min

𝐺
| |𝑌 𝑓𝑡 − 𝑌

𝑓
𝑡 | |

2

𝐹

We obtain the final density ratio estimate (refer lines 18-20 in Alg.1)

as 𝑟 𝑓 (𝑍𝑟𝑡 , 𝑍
𝑓
𝑡 ) = 𝜃𝑇𝜙 (𝑍𝑟𝑡 , 𝑍

𝑓
𝑡 ), this is similar in spirit to earlier

works [18]. However, we replace the kernel based embedding 𝜙 by

an attention network 𝜙 (𝑍𝑟𝑡 , 𝑍
𝑓
𝑡 ) = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑍

𝑓
𝑡 , 𝑍

𝑟
𝑡 , 𝑍

𝑟
𝑡 ), in order

to capture if the window embeddings 𝑍
𝑓
𝑡 , 𝑍

𝑟
𝑡 are both drawn from

the same distribution or otherwise. The attention mechanism is

defined by 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾,𝑉 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑄
′𝐾 ′𝑇√
𝑑𝑘
)𝑉 ′ where input

is queries 𝑄 , keys 𝐾 and values 𝑉 and 𝑑𝑘 is the dimension of both

queries and keys. The 𝑄 ′ = 𝑄𝑊𝑄 , 𝐾 ′ = 𝐾𝑊𝐾 ,𝑉 ′ = 𝑉𝑊𝑉
, are

corresponding projections applied on 𝑄,𝐾,𝑉 respectively. The 𝜃 is

further realized as single linear layer followed by a RELU layer.

Dataset Length Dimension No. of No. of

T D Change Points Annotators

Yahoo! 1432 1 11 1

HASC 11738 3 12 1

Bitcoin 774 1 4 5

Brent-Spot 500 1 6 5

Occupancy 675 4 9.6 5

Table 1: Descriptive statistics of the real-world datasets. For

Turing datasets, the number of change points indicates the

average change points reported per human annotator.

4 EXPERIMENTS

In this section, we present the evaluation of our proposed algorithm

Adv-DRE against 5 competing baselines with respect to following

real world, public datasets possessing both univariate and multi-

variate time series.

• Yahoo[7] - includes real time production traffic load data on

Yahoo Web services

• HASC[14] - human activity tracking data gathered from gyrom-

eters labelled into 6 activities like walking, running etc.

• Turing Change Point Benchmark[23] - a recently proposed

suite of 37 datasets taken from various sources specifically for

benchmarking CPD.

We select 3 large datasets from the Turing benchmark, namely

a) Bitcoin - bitcoin daily prices b) Brent-Spot - crude oil prices

of the oil company Brent c) Occupancy - room occupancy mea-

sured using temperature, humidity, and other related measures. All

these datasets have labels obtained from human annotators and

are described in the Table 1. We have chosen one representative

sub-sequence from Yahoo, HASC datasets as followed in [4].

Evaluation Protocol and Metrics.We divide the time series

into train, validation and test periods by considering a 50 : 20 : 30

split. We have padded the data splits so that no window spills over

to another split. The considered algorithms, do not provide the

change points directly, but they output a CPD score for each point
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Algorithm
Yahoo HASC Bitcoin Occupancy Brent-Spot

AUC F1 Recall AUC F1 Recall AUC F1 Recall AUC F1 Recall AUC F1 Recall

KLIEP 47.4 33.3 20.0 47.7 30.00 19.8 54.7 56.7 40.3 55.5 56.1 48.8 54.9 63.6 45.7

rUSLIF 51.4 35.2 22.5 49.6 32.4 20.4 57.0 58.2 41.40 59.6 61.6 55.3 56.1 64.9 47.2

Deep-DR 50.7 39.3 25.6 25.0 32.4 25.2 44.7 51.9 35.43 65.5 69.2 75.6 55.0 69.7 54.4

KL-CPD 55.4 56.8 38.6 50.1 43.3 33.3 62.5 56.7 41.2 71.8 77.0 76.4 63.17 73.5 59.2

TS-CP2 54.9 42.8 36.14 64.1 34.7 24.8 63.4 59.9 57.7 61.4 64.1 62.4 55.6 65.6 48.8

Adv-DRE (KL Div.) 59.4 57.1 40.2 68.4 47.1 35.7 63.0 62.4 48.1 69.4 81.2 70.4 70.0 76.9 63.6

Adv-DRE (Pearson Div.) 58.5 54.3 35.6 74.4 51.9 40.0 63.1 68.6 54.23 69.0 88.0 80.8 71.1 83.6 72.4

Adv-DRE (𝜆2 = 0) 58.9 52.4 34.8 52.0 43.6 30.6 58.7 57.5 44.3 59.6 79.8 77.6 63.6 74.3 60.8

Adv-DRE (No Attention) 53.7 40.6 33.3 52.0 43.6 33.3 64.6 62.6 46.7 69.6 82.5.6 76.8 63.6 74.3 68.0

Table 2: Results of Experiments. We have marked in blue the winning method for each dataset and performance metric. The

Pearson Div. variant of Adv-DREperforms best across all baselines and performs better than KL Div. variant except on Yahoo

dataset. When 𝜆2 = 0, we observe a drop in metric, but still performs on par with many baselines. The ’No Attention’ variant

performs better than the non-adverserial DRE baselines, however it performs slightly worse than the SoTA KL-CPD or TS-CP2

on certain datasets which we attribute it to an inferior density ratio estimate in absence of attention.

in the time series. This score has to be further thresholded to obtain

the change points. Therefore, we employ the AUC-ROC metric,

averaged across annotators, to evaluate the score provided by each

algorithm, which is agnostic of number of change points detected.

In order to obtain the change points from the output scores,

we employ a simple peak finding procedure. The peak finding

procedure, takes the scores of the algorithm, and applies a threshold

to obtain a set of intervals over the time horizon, where values are

above/below the threshold. In each of these intervals, it gives the

timestamp corresponding to the maximum score as the change

point. To obtain the threshold, we select the value corresponding to

the maximum F1 score on the validation set. Given𝐾 annotators, set

of predicted change points 𝑌 and annotated change points {𝑌𝑘 }𝐾𝑘=1,
we employ F1 metric 𝐹 = 2𝑃𝑅

𝑃+𝑅 and Recall 𝑅 to evaluate the obtained

change points. We borrow the notion of Precision 𝑃 and Recall 𝑅

as defined in the recent benchmark [23]. It is given by

𝑃 =
𝑇𝑃 (𝑌,𝑌 ∗)
|𝑌 | 𝑅 =

𝐾∑︁
𝑘=1

𝑇𝑃 (𝑌,𝑌𝑘 )
|𝑌𝑘 |

where 𝑌 ∗ = ∪𝐾
𝑘=1

𝑌𝑘 and 𝑇𝑃 (𝑌,𝑋 ) = {𝑦 ∈ 𝑌 |∃𝑥 ∈ 𝑋, |𝑥 − 𝑦 | ≤ 𝜏}
and margin 𝜏 is set to 5. So we give a margin of 5 timestamps

between the detected and true change points to be considered

true positive. The Precision is measured against the union of all

annotated change points, whereas Recall is averaged across each

annotator. The reported metrics are averaged across 10 runs.

Choice of window size.We restrict the size of the reference and

test windows𝑤𝑟 = 25,𝑤 𝑓 = 10 to be set across all the algorithms

to ensure fair comparison. In earlier evaluations like [9], which

employ binary classification based 𝑃 , 𝑅 metrics, require an exact

match between true and detected timestamps. Hence, they had to

resort to experimenting with different test window sizes. However,

since we use the margin 𝜏 based metrics, this is not required. Hence,

a choice of test window size of 10 captures a margin of 5 on both

sides of a true/predicted timestamp. Moreover, a better performance

on a smaller test window size𝑤 𝑓 , demonstrates detection of minor

shifts in distribution.

Baselines.We consider recently proposed, SoTA methods KL-

CPD[4], TS-CP2[9] andDRE based CPDmethods rUSLIF[18], KLIEP[21],

Deep-DR[15] as competing baselines. The rUSLIF, KLIEP are kernel

based methods whereas Deep-DR uses deep neural networks. We

tune the hyperparameters for each of the methods by employing a

grid of values, {0.01, 0.1, 1, 10} and selecting the hyperparameter

having the highest AUC on the validation set. We perform ablation

with 4 variants of the algorithm with i) set 𝜆2 = 0 to demonstrate

the importance of the regularization ii) set 𝑓 = 𝑥 log𝑥 KL diver-

gence iii) set 𝑓 = (𝑥 − 1)2 Pearson (PE) divergence iv) Dropping

the Attention network.

Results. We observe a significant improvement in all the 4 vari-

ants of Adv-DRE over other DRE methods KLIEP, rUSLIF, Deep-DR

across all metrics and datasets, with a significant improvement of

∼ 13% in recall or a reduction in false negatives. This demonstrates

Adv-DRE is capable of capturing small shifts in distribution. Also,

with respect to AUC metric Adv-DRE variants outperform other

methods, except in Bitcoin, Occupancy, where we are a close second.

We note that AUCmetric is agnostic of threshold/number of change

points, but 𝐹1 is a better indicator of performance post thresholding,

and we show consistent improvement in the 𝐹1 metric over the

SoTA methods KL-CPD, TS-CP2 whilst maintaining a high recall.

Ablation. We note that our PE divergence variant beats the KL

divergence variant, except for Yahoo dataset. This can be corrobo-

rated from [18], who find PE divergence is a better measure because

of its robustness. Both the variants with 𝜆2 = 0 and ’No Attention’,

struggle with respect to divergence based variants, this clearly

highlights the importance of 𝑄𝑟𝑒𝑔 and Attention on performance.

Surprisingly, we find variants with 𝜆2 = 0 and ’No Attention’, per-

form better than other density ratio based methods, which we can

attribute to the adversarial samples that boost the performance of

the model. The ’No Attention’ variant performs on par or slightly

worse compared to the SoTA KL-CPD or TS-CP2 on certain datasets.

This which we attribute it to an inferior density ratio estimate by

employing just a linear layer and highlights the importance of at-

tention for obtaining a good estimate of density ratio. We also note

that, both KL and PE variants beat KL-CPD significantly on Bit-

coin and Brent-Spot, implying that MMD based CPD might not be

optimal for many datasets. Therefore, Adv-DRE which provides

the flexibility of choosing from a family of divergences is of more

practical value.
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