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ABSTRACT

Evaluating the contribution of individual data points to a model’s prediction is
critical for interpreting model predictions and improving model performance. Ex-
isting data contribution methods have been applied to various data types, including
tabular data, images, and text; however, their primary focus has been on i.i.d.
settings. Despite the pressing need for principled approaches tailored to time
series datasets, the problem of estimating data contribution in such settings re-
mains under-explored, possibly due to challenges associated with handling inherent
temporal dependencies. This paper introduces TimelInf, a model-agnostic data
contribution estimation method for time-series datasets. By leveraging influence
scores, Timelnf attributes model predictions to individual time points while pre-
serving temporal structures between the time points. Our empirical results show
that Timelnf effectively detects time series anomalies and outperforms existing
data attribution techniques as well as state-of-the-art anomaly detection methods.
Moreover, Timelnf offers interpretable attributions of data values, allowing us to
distinguish diverse anomalous patterns through visualizations. We also showcase a
potential application of Timelnf in identifying mislabeled anomalies in the ground
truth annotations.

1 INTRODUCTION

Understanding how individual data points impact model outcomes is a crucial task, especially in
fields like finance and healthcare, where the decision-making process depends heavily on model
predictions. By evaluating the influence of training data points, we can identify outliers or low-quality
samples that deviate from the normal behavior or significantly degrade the model performance.
Moreover, the identification of influential data points allows researchers and practitioners to focus on
meaningful patterns in their datasets. From all these motivations, the attribution of a value to each
data point—distinguishing between beneficial and detrimental patterns—is of critical importance
to various applications, including anomaly detection and the recognition of valuable data patterns
(Kwon & Zou, 2023 \Sun et al., [2025).

A standard data attribution approach is the regular influence function, originally developed in robust
statistics (Hampell, [1974;|Cook & Weisberg, [1980). It measures the change in model parameters or
predictions in response to infinitesimal adjustment in the weight of a specific data point, effectively
capturing the impact of individual data points. However, its underlying assumption of independent
and identically distributed (i.i.d.) data limits its direct application to time series datasets, due to the
temporal dependency within data points. To address this, [Kunsch| (1984) introduces a conditional
influence measure for autoregressive (AR) models, which quantifies the impact of a single time point
given the values of its immediate predecessors. Although this approach extends and validates the use
of the regular influence function in time series through some preprocessing, its dependency on past
data limits its capability to express a data point’s influence within specific historical contexts and fails
to fully capture the influence. Alternatively, Ghosh et al.| (2020) employs approximate leave-one-out
cross-validation to quantify the effect of removing a single observed time point on model performance
while preserving temporal dependencies in the latent space. This method gives a rigorous attribution
method for time series data, however, it is strictly limited to specific latent state-space models.
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We propose a new approach called Timelnf that addresses the challenges of existing time series data
attribution methods. Our method integrates the influences over multiple sampled time blocks (Hall,
1985} [Kunschl [1989; IBiihlmann, [2002) that include the particular time point of interest. Unlike the
conditional influence of [Kunsch| (1984), which evaluates a time point’s impact based on its immediate
past, our distinctive integration considers various temporal patterns and accurately reflects the true
effect of each data point. Moreover, unlike Ghosh et al.|(2020), our method does not require specific
model structures.

We demonstrate its effectiveness in time series anomaly detection. On multiple real-world datasets,
our method outperforms existing approaches in detecting harmful anomalies. Timelnf provides
intuitive data value attributions, facilitating the identification of harmful anomalies and beneficial
temporal patterns through visualizations of the computed influence scores. We present a potentially
important application of Timelnf in identifying mislabeled anomalies in the ground truth annotations.
In Appendix, we demonstrate that Timelnf is model-agnostic and can distinguish between beneficial
and detrimental training data for time series forecasting.

2 PRELIMINARIES

Notations. We denote a set of time series observations by X;gjl; where X; 2 R are drawn from

a stationary ergodic process (Edition et al.,[2002). We construct ' m + 1 (m < n) overlapping
time blocks of consecutive observations Xgm} :

dimensional marginal distributio F™ defined as
1 X
n m+1.
I=m

pm =

XEm] ’

where . is the point mass distribution at XM and M 2 M, where M, is the m-dimensional
marginals of stationary process.

Influence Functions. One way to introduce influence functions for autoregressive models is through
the concept of a contaminated distribution function. For F™ 2 MM 0 < <1, and z[™ 2 R™,
the contaminated distribution function is defined as follows.

FPZMy=@1 "+

Intuitively, F™(z[™) is a contaminated distribution in which the original distribution F™ is contami-
nated by a sample z[™! with a probability of .

Denote 2 RY as the time series model parameters, and ™ as an estimator. We introduce a
general definition of the influence function for time series models as follows.
Definition 2.1 (Influence Function for m-Dimensional Marginal). The influence function of a

sample zI™! (or equivalently ) On an estimator N M3 ¥ R atadistribution F™ is defined
as follows.

"ETE™) E™). 0

IA m,Fm:r
( ztm ) im

That is, influence functions measure the infinitesimal effect of upweighting zI™ by to " evaluated
at F™. We set 1-( ,mmi; F™) = 1-(z[™)) when the second argument F™ is an empirical distribution

I‘—Am, and use a simpler form I - when the context is clear.
Example 1 (M -estimators). Equation (1) depends on a specific choice of " Given that most machine

learning estimators are based on optimizing a criterion function, we focus on a broad class of
these estimators, which is also known as M -estimators (Hampel, 2001). Suppose a loss function

'We focus on univariate data for notation simplicity, but the concepts can be readily extended to multivariate
settings.
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Table 1:Comparative overview of time series data contribution estimation methods. Data Insthespeci ¢
instance whose in uence on the model we aim to quan€@yantity of Interestthe model output or characteristic
that changes in response to changes in the data instanogaminating Distributionthe distribution ofz™],
introduced to perturb the original distributiét™ . Model Choice the range of model types compatible with the
method.

Method | Data Instance{ Quantity of Interest| Contaminating Distributior| Model Choice

Regular In uence|(Koh & Liang, 2017 1.I.D. Loss 2im1 Differentiable Model

Conditional In uence|(Kunscp, 1984) | Time Point Parameter 2im1 Autoregressive Model

LWCYV (Ghosh et al}, 2020) Time Point Loss 2im1 Differentiable Latent State-Space Model

Timelnf (Ours) Time Point Loss Mixture of ,m; Model-Agnostic

:RM I Ris differentiable with respect toand strongly convex. We de nil -estimators as
the solution to the following minimization probleff.
Z
N .
= argmin  (x[M); YdF™ (x[™); )
2
which can be expressed as the solution to a set of equations
Z
d X[m];
(0 Ry =0, = SO,

This class includes the maximum likelihood estimator in AR models (Davis| et al.| 1992; Bai & Wu,
1997). In practice, with mild regularity conditiorjs (Godarrbe, 1960), the empirical in uence function

(Cook & Weisberg, 1980; Koh & Liang, 2017) @™ on " atF™ is given as follows.
z P

| I\(Z[m]) = d(xdm];/\)dr_“m (X[m]) (Z[m]; /\): 3)

See Appendix Section A for derivations of Equatiph (3) for detailed proof.

2.1 PRIORWORKS IN DATA ATTRIBUTION

Equation [(1) presents a general de nition of in uence functions, encompassing many existing
in uence function-based methods as special cases. This section brie y summarizes the strengths and
limitations of existing works, paving the way for a new framework to assess data contribution in time
series settings.

Regular In uence. The regular in uence function is originally proposed [by Hampel (1974) to
measure a data instance's impact on model parameters and later repurposed by Koh & Liang (2017) to
assess the impact on test predictions. It is a special case of the general in uence function formulation
in Equation[(1) whemn = 1. It can be applied to any differentiable models, providing rigorous and
intuitive explanations for identifying which data points are helpful or harmful. However, its limitation
tom = 1 does not extend to general time series cases. For instance, the objective function for an

AR model of order 1 requires two consecutive data pok{%,: (Xi;X;j 1), in aloss functioni.e.,

(xi[zl; Y=(X;i X; 1 )2 Thisis notfeasible whem = 1 because a loss function is evaluated at
individual data points. We generalize this framework by consideringraayd construct rigorous

in uence functions for time series data.

Conditional In uence. There has been an approach to apply the regular in uence function to

a block of contiguous time series data points. While this seems a naive extension of the regular
in uence function, it has not been clear until Kunsch (1984) establishes its theoretical support for
AR models. Speci cally, Kunsch (1984) considers a conditional log likelihood (Bgp(Xi+1 ]

Note that this method is also a special case of Equdfion (1) whenl.

2It is noteworthy that EquatioﬂZ) is a general version of the stanilarestimator|(Hampel, 2001) in a

sense that each loss function ter(rxi[m]; ) is evaluated at multiple data pointg”] = (X Xi m+1).
Whenm =1, i.e, an individual loss is evaluated at a data point, Equation (2) yields the rédukestimator.
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Although Kunsch (1984)'s method measures a time point's impact on model parameters, it constrains
the in uence to a speci ¢ temporal arrangement as it assigns a point mass to its observed predecessors.
In other words, it only considers the local historical context of the time point of interest, and as a
result, it cannot account for the diverse contamination pattern$ xhat: :; X; m+1 g can exhibit.

We address this problem by considering a more informative contaminating distribution.

LWCV. The leave-within-structure-out cross-validation (LWCV) method, introduced by Ghosh
et al. (2020), measures the impact of removing a single time point on model loss without breaking
the temporal dependency within the data. In contrast to existing in uence function variants, which
measure the impact on model parameters, LWCV captures the impact on model loss, providing
additional insights into how data are in uencing models. However, this approach is speci cally
designed for state-space models such as autoregressive hidden Markov models (AR-HMM) to
maintain temporal dependencies through latent variables. This underlying assumption on latent
structures restricts LWCV's applicability to models with explicit latent states, excluding more
complex models like transformers.

3 TIMEINF: TIME SERIESDATA CONTRIBUTION VIA INFLUENCE FUNCTIONS

We provide a uni ed framework for time series data contribution that addresses the limitations of the
aforementioned approaches. Throughout this section, we focus on differentiable models to ease the
presentation of our methods, but the proposed method can be applied to non-differentiable models.
For the treatment of non-differentiable models, see Appendix Section B.

The general in uence functioh~ de ned in Equation (1) captures how data contamination on a
time block impacts model parameters. To understand a speci ¢ time block’s in uence on model
predictions instead, we can use the chain rule to derive the in uence function for a timezBldck

| block(z[m]; Zt[ggb = (zt[gqsg; A)> | ,\(Z[m]) |
z A\ . 1
[m].
= @y %dﬁm(x[ml) 21", @

which measures the impact of overweightiri§)! on model prediction based on a test sanq%ﬂg.

This can be viewed as either a straightforward extension of the regular in uence function (Koh &
Liang, 2017) or that of the conditional in uence function (Kunsch, 1984). A critical limitation of this
approach is its inability to quantify in uence scores for individual data points, as it is de ned for a
block of contiguous data points. Moreover, the evaluation of the in uence function constraints to a
speci ¢ temporal arrangement™! because it only considers a point mass to the obseifdd

To address these challenges, we propose to consider all contiguous timezilddket contain a
speci ¢ data pointz and aggregate them into a single value. This idea is formalized into an integration
of block in uence functions over an empirical contaminating process:

De nition 3.1 (Timelnf). LetS,. ., be trlge set of overlapping time block&! F™ 2 M T
containing time poing. For G™ = ﬁ 2M12S, wp  2imly WE de ne Timelnf as the integration

of I poc(Z™: zIM)y with respect te!™ &M
Z

ime(Z:208) = 1oiock(@™); 2 dG™ (2™ (5)
z bz
[m]. A
=y SR aemeamy  @minaen ey (@)

Timelnf | jme(z; zt[g;b aggregates block in uence functiohgock Over various contaminating blocks
de nedinS,. ., . We nd this integration to be critically important as multiple temporal arrangements
considered ir8,. -, lead to a more robustin uence measure that is less dependent on any single block

3Derivations of Equation (4) are included in Appendix Section A.
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,im1, Unlike Kunsch (1984)'s method. This advantage becomes clearer in an alternative expression
of Timelnf. A simple algebra gives:

i
E (2t (Fm@™) (@ Fm)

()

|l ime(Z: 20 = lim
tlme( test) &0

where is the loss function and the expectation is taken @&t This implies that Timelnf can
be interpreted as the limit of expected in nitesimal change when a perturbagtionis introduced

randomly with a contaminating distributid®™ . Compared to existing in uence function variations,
the expectation in Equation (7) effectively captures the real impact of a per-time data point, avoiding
the randomness of a particular block.

In summary, Timelnfis designed for time series data contribution and improves upon existing methods
in the following ways:

» Unlike the regular in uence function, Timelnf can capture per-time-point in uence on
speci ¢ model predictions while preserving the dependency structure between time points.

* In contrast to the conditional in uence, Timelnf extends beyond the observed local historical
context of the time point of interest.

» Unlike LWCYV, Timelnf is model-agnostic, extending its applicability to complex models
without explicit latent states.

3.1 VARIANTS OF TIMEINF

Depending on the task, different Timelnf variants can be used for data contribution estimation. When
the goal is to estimate data quality, particularly in anomaly detection, self-in uence provides a means
to quantify the impact of a speci ¢ time point on its own prediction:

1
J.SZ;F—A’“J.

I pock(z™; zI™); 8)
z[m12 Sz; “m

I self(z) =

The key idea is that anomalies, being rare and distinct, are hard to predict using normal data but easier
using anomaly data itself. Thus, anomaly points are expected to be most in uential for their own
predictions.

For time series forecasting, to understand how changing a time point affects test predictions, we can
averagd me from Equation (6) across all test set time blocks:

_ 1 X Imy.

| tes(Z) = S | time(Z; Ztest); ()]

JStestpm )

Zt[e”s]t]z Slestr-‘\m
whereSIeS“f\rn is the set of time blocks in the test set.

Example 2(Timelnf for AR(m) model) Although any differentiable models can be used to compute
Timelnf, our primary focus in this paper is on linear AR models due to their powerful performance
and computational ef ciency (Zeng et al., 2023; Toner & Darlow, 2024). For linear AR models of

[m+1

>
orderm and the mean squared error (MSE) lo$§s;,; 1. ) =(Xi+1 xi[m] )2, theM -estimator

" corresponds the least squares estimator. In this tase Equation (3) and e in Equation (4)

have closed-form solutions. Speci cally, the in uence of overweighn'HE;] on the model parameters
is given by: |

]>

1

>
Zl[m](Z|+1 Z|[m] A)Z

1 X
I a(zI™) = - xMylm
i=

1

The in uence of overweighting,[m] on the test prediction is:

> > 1X]
|block(z|[m];2t[crensgr)= (Ztestr +1 Zt[er;"s%r A)> Zt[?sgr 0 Xi X Zl[m](ZHl Z|m );
i=1

which can be plugged into Equation (5) to obtain Timelnf.
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3.2 IMPLEMENTATION OF TIMEINF

'IF'{he challenge in computing Timelnf lies in the inversion of the Hessian in Equation (4), expressed as

d (x[m] )dr—Am(x[ml) With n training points and 2 RY, this involvesO(ng? + g°) operations.
Whlle it is feasible to directly compute the inverse of the Hessian for linear AR models with a small
g, for deep neural networks with millions of parameters, this computation becomes prohibitively
expensive. To approximate this computation ef ciently, we resort to the conjugate gradient (CG)
method, as suggested by Koh & Liang (2017), and the Hessian-free approach introduced by Pruthi
et al. (2020). The CG method converts the matrix inversion into an optimization problem solvable
in O(nq) time. The Hessian-free approach replaces the inverse Hessian matrix with an identity
matrix, reducing the main computation bottleneck of the in uence function to only the dot product
of gradients. Once equipped with the in uence of a time blddlg{k), we can compute Timelnf
(I ime), self-in uence ( serr), and the in uence of a time point on the test predictibpd), according
to Equations (6), (8), and (9).

4 Use CASES OFTIMEINF

This section investigates the practical effectiveness of Timelnf in real-world anomaly detection tasks.
Our method outperforms existing time series data attribution methods as well as state-of-the-art
anomaly detection methods. In addition, we illustrate how Timelnf facilitates the detection of various
anomaly patterns through interpretable visualizations. Furthermore, we highlight the capability of
Timelnf to identify mislabeled anomalies within ground truth annotations. We include additional
experiments in Appendices C and D to demonstrate the model-agnostic nature of Timelnf, and how
different hyperparameters.g, block length and model size) affect the downstream task performance.

4.1 TIME SERIESANOMALY DETECTION

When a time series model is trained with outliers or anomalous patterns, the quality of its predictions
is expected to be negatively affected by these samples. In such situations, evaluating the impact of
individual data points can be potentially useful in detecting anomalies. Motivated by this, we conduct
time series anomaly detection experiments and assess the detection ability of Timelnf.

Experimental Settings.We consider realistic and practical experimental settings where the training
dataset is not necessarily anomaly-free, and the proportion of anomalies is unknown (Jiang et al.,
2022; Schmidl et al., 2022). We use the contaminated test set as training data for all methods
and evaluate their performance on the same dataset. It is noteworthy that our setting differs from
conventional time series anomaly detection settings, which often focus on detecting anomalies in a
contaminatedestdataset after training models on a well-curated clean training dataset (Alnegheimish
et al., 2023; Si et al., 2024). While we recognize that each setting has its advantages, datasets with
anomalous data points have been considered to investigate the detection ability of data attribution
methods. That is, we want to know which training data points are anomalies and attempt to detect
them using data contribution methods. We provide implementation details in Appendix Section F.

Datasets.We extensively evaluate Timelnf on ve benchmark datasets: UCR (Wu & Keogh, 2021),
SMAP (Hundman et al., 2018), MSL, NAB-Traf ¢, and SMD (Su et al., 2019). Detailed descriptions
of these datasets and results on additional datasets are provided in Appendix Section F.

Timelnf Usage. We use self-in uences s for anomaly detection. For univariate time series, we
compute the self-in uence directly for each time point, normalizing the results to a range between 0
and 1 to obtain anomaly scores. In the case of multivariate time series, we rst apply self-in uence

to each dimension separately and then average the anomaly scores across all dimensions to obtain
the nal anomaly scores for individual time points. Although we can apply self-in uences to all
dimensions of the multivariate time series and obtain one set of anomaly scores, empirical results
suggest that it is less effective than taking the average of anomaly scores obtained separately from
each dimension. We provide detailed discussion in Appendix Section G.

Baselines.We compare Timelnf to three time series data contribution methods: block leave-one-out-
cross-validation (LOOCV), conditional in uence (Kunsch, 1984), and LWCV (Ghosh et al., 2020).
Conditional in uence and LWCV are described in Section 2.1. We have proposed Block LOOCV as
a straightforward approach for calculating a time point's in uence. This method removes all time
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Table 2:Anomaly detection performance and time cost of Timelnf and baseline mefwdmoth F1 and AUC
metrics, a higher value indicates a better performance. Timelnf outperforms state-of-the-art time series anomaly
detection methods (shown in white) and other data contribution techniques (shown in grey) across ve real-world
datasets, while being computationally ef cient. Methods marked by “—" failed to complete experiments on
certain datasets due to computational inef ciency.

‘ UCR SMAP MSL NAB-Traf ¢ SMD

| AUC | F1 | Time(s)| AUC | F1 | Time(s)| AUC | F1 | Time(s)| AUC | F1 | Time(s)| AUC | F1 | Time(s)
Isolation Forest 0.57 | 0.02 0.57 0.67 | 0.33 0.14 0.68 | 0.31 0.11 0.57 | 0.20 0.22 0.82 | 0.37 0.30
LST™M 0.60 | 0.04 | 803.27 | 0.55 | 0.31 | 245,52 | 0.70 | 0.34 8.77 0.57 | 0.19 | 49.13 0.79 | 0.30 | 307.08
ARIMA / VAR 0.54 | 0.10 | 2598.22| 0.58 | 0.26 20.43 0.62 | 0.24 6.85 0.55 | 0.20 17.52 0.71 | 0.16 6.38
TranAD 0.50 | 0.22 2.87 0.55 | 0.21 0.84 0.40 | 0.06 0.24 0.60 | 0.36 1.44 0.65 | 0.05 3.54
DCdetector 0.74 | 0.34| 151.08 | 0.67 | 0.35| 19452 | 0.69 | 0.34| 50.13 0.61 | 0.32| 27.96 0.70 | 0.25| 106.70

Anomaly Transformer| 0.50 | 0.01 | 471.96 | 0.49 | 0.04 | 51.24 | 0.42 | 0.10 | 20.13 0.46 | 0.05| 74.86 | 0.51 | 0.05| 246.80
Block LOOCV - - - 0.71 | 0.32 | 21583 0.70 | 0.29 3093 | 0.62 0.33| 1869 | 0.85 0.42| 15364.52
Conditional In uence | 0.65 | 0.32 9.09 0.70 | 0.37 7.78 0.69 | 0.32 4.06 0.61 0.29 6.50 0.85 0.33| 137.26
LWCV 0.55 | 0.03 | 1540.47 | 0.63 | 0.26 | 354.30 0.65 | 0.32 109.84 | 0.59 0.37| 67.10 | 0.79 0.29 | 3369.52

Timelnf (Ours) | 079 | 023| 2361 | 0.73| 034 1059 | 0.72 | 035| 6.17 | 0.64 | 0.39| 279 | 0.87 | 0.25| 20.85

blocks containing the time point of interest, and then measures the impact of this removal on model
losses; see Appendix Section F for implementation details about each baseline.

We additionally compare Timelnf to four commonly used anomaly detectors, covering classic
approaches like Isolation Forest (Liu et al., 2008), a Long Short-Term Memory (LSTM)-based
detector (Hundman et al., 2018), AR integrated moving average model (ARIMA) and vector AR
model (VAR), and state-of-the-art transformer-based methods including Anomaly Transformer (Xu
etal., 2021), TranAD (Tuli et al., 2022) and DCdetector (Yang et al., 2023). For AR-based models,
we use ARIMA for univariate time series, and VAR for multivariate time series.

Evaluation. We apply Isolation Forest and LWCYV directly to score each time point. Since the
other methods assume an AR model, we use time blocks of length 100, as empirical results show
optimal model performance at this length with minimal gains beyond; see Appendix Section D.
Timelnf, block LOOCYV, and conditional in uence provide per-time-point scores directly. For LSTM,
ARIMA/VAR, and Anomaly Transformer, we average scores across time blocks containing the target
point to obtain its anomaly score.

Following the practice (Jiang et al., 2023), we applykheeans clustering algorithm to the calculated
anomaly scores in our method, using a cluster of two to partition the scores into clusters of normal
and anomaly time points. For other baselines, we consider two sets of anomaly predictions: (i) the
k-Means clustering-based method used for Timelnf and (ii) thektapemaly score-based method,
wherek is the true number of anomalies. When computing performance metrics, we select the highest
score between these two classi cation approaches. In practice, the exact number of anomalies is
unknown, making this scoring procedure favorable to the other baselines. Evaluation metrics include
F1 and AUC for detecting accuracy, along with the computation time cost for each method. We
calculate the AUC by comparing the ground truth anomaly labels (0 for normal and 1 for anomalous
data) with the anomaly scores produced by each baseline.

Main Results. As shown in Table 2, our method outperforms the other baselines in the UCR,
SMAP, MSL, and NAB-Traf ¢ datasets for anomaly detection. On the SMD dataset, our method
achieves higher AUC than other methods. Notably, Timelnf outperforms other methods signi cantly
on the UCR dataset, achieving a 0.79 AUC compared to the sub-0.65 AUC of its competitors (a 20%
improvement). Compared to state-of-the-art transformer-based approaches, Timelnf outperforms
TranAD by 7-30% and DCdetector bg-17%in AUC across the datasets. Although we maintain

a consistent block length of 100 across all datasets for a fair comparison, using a block length
optimized for each dataset could potentially yield even better results, as shown by the ablation study
in the Appendix (Figure 5). Additionally, Timelnf requires substantially less computation time than
most baseline methods except Isolation Forest and conditional in uence, enabling ef cient data
contribution assessment for large datasets.

4.2 INTERPRETABILITY OF TIMEINF

We investigate reasons behind the performance of Timelnf with a qualitative analysis using the UCR
dataset (Wu & Keogh, 2021). Figure 1 compares the anomaly scores of Timelnf with other baselines
across various types of time series anomalies, namely point anomaly, noisy data, local contextual,
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and global contextual anomalies. Our method better captures challenging local and global contextual
anomalies, whereas other baselines tend to identify only large deviations in data values, struggling to
distinguish abrupt changes in a local or a global context. For point anomalies and noisy data, while
other baselines can detect them, our method produces very low anomaly scores for the normal points,
effectively distinguishing them from anomalies.

Timelnf outperforms Isolation Forest due to its consideration of temporal structure, allowing it to
better handle contextual anomaly patterns. Unlike deep learning-based approaches such as LSTM and
Anomaly Transformer, our method does not rely on training on an anomaly-free subset before being
applied to detect anomalies in the contaminated subset. Due to this difference, Timelnf generally
performs better than other prediction-based methods in identifying anomalies within the training
dataset.

Among time series data contribution methods, Block LOOCYV is a strong competitor to Timelnf. It
directly calculates the effect of removing all time blocks containing the time point of interest by
retraining the model following each data removal. However, Block LOOCYV has several limitations.
Calculating leave-one-out values requires computationally expensive model retraining for each time
point, as in uence functions cannot be used to approximate this process. Itis also less sample-ef cient
and potentially less accurate. For instance, with 1000 training time blocks and a window size of 100,
removing one time point eliminates 10% of the training data. We observe that Timelnf outperforms
Block LOOCYV in anomaly detection, as Block LOOCV's removal of large portions of training data
compromises parameter estimation accuracy. Figure 1 reveals comparable patterns in the data values
of Timelnf and Block LOOCYV, as both methods aim to capture similar quantities. However, Timelnf
is more ef cient by approximating the inef cient model retraining procedure used in Block LOOCV.

Timelnf surpasses conditional in uence in anomaly detection by considering multiple temporal
arrangements from various time blocks containing the target point, rather than focusing on a single
speci ¢ arrangement of preceding points. This approach enables Timelnf to identify anomalies
across diverse contexts. Timelnf outperforms LWCYV, likely because LWCYV is constrained to latent
state-space models, speci cally an HMM with Gaussian emissions. This imposes a restrictive Markov
assumption, considering only the immediate past. In contrast, Timelnf employs an AR model of
order 100, allowing it to account for a much longer historical context. Figure 1 illustrates the
superiority of Timelnf over conditional in uence and LWCV. Timelnf produces less noisy data values
by considering a broader range of temporal contexts in which the target time point may appear.

We have added more visualizations in Figures 10 and 11 in the Appendix to further compare the
performance of different anomaly detectors to Timelnf. Moreover, we have explored other datasets,
which can be found in Appendix Section F.

4.3 IDENTIFYING MISLABELED ANNOTATIONS IN ANOMALY DETECTION

Recent research by Wu & Keogh (2021) has exposed signi cant aws in many anomaly detection
datasets, casting doubt on the reliability of numerous published comparisons of anomaly detection
algorithms. These benchmark datasets frequently contain mislabeled ground truth annotations. For
example, Figures 2 and 3 illustrate two types of problematic annotations: segments with distinct
anomalous patterns that lack anomaly labels, and segments labeled as anomalies that appear normal.
Additional instances of mislabeling can be found in Figure 12 in the Appendix, as well as in Wu &
Keogh (2021).

While our method excels in many real-world datasets, Appendix Table 4 shows that Timelnf is
only comparable or slightly poor compared to Isolation Forest on problematic datasets such as PSM
(Abdulaal et al., 2021), NAB-Tweets (Ahmad et al., 2017), SWaT (Mathur & Tippenhauer, 2016),
and KDD-Cup99 (Stolfo et al., 2000). However, we believe that this poor performance is due to
the low-quality problem of datasets, rather than the methods themselves. In fact, Timelnf provides
highly intuitive scores in identifying real anomalies, rather than adhering to potentially mislabeled
annotations, in many qualitative analyses. For instance, in Figure 2 Segment 3, Timelnf assigns
higher anomaly scores to time points within segments not of cially marked as anomalies, raising
guestions about the reliability of these labels. Figures 2 and 3 provide more examples of problematic
ground truth annotations, showing how Timelnf can expose potential mislabeling in data, while
Isolation Forest adheres to mislabeled annotations. This highlights a novel application of Timelnf to
debugging and improving the quality of anomaly detection datasets.
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Figure 1:Qualitative example of Timelnf and baseline methods in the UCR dafHsetrst row displays

the observed time series, while the other rows show the anomaly scores generated by each method. For better
visualizations, we normalize the anomaly scores from each method to a range between 0 and 1. The ground
truth anomaly intervals are marked in red segments. Timelnf outperforms state-of-the-art time series anomaly
detection methods and other data contribution techniques in identifying diverse anomaly patterns in terms of
AUC and F1, and it also provides interpretable attributions.

5 CONCLUDING REMARKS

We propose Timelnf, an ef cient method for measuring the contribution of time series data to model
predictions. This approach serves as a uni ed framework, addressing limitations of existing time
series data contribution methods. Our experiments demonstrate that Timelnf effectively identi es
harmful time points through anomaly detection and provides intuitive data values, enabling easier
distinction of diverse anomaly patterns. Moreover, Timelnf can expose mislabeled ground truth
annotations in anomaly detection datasets, potentially improving training data quality. Its applications
extend beyond anomaly detection; in Appendix Section E, we illustrate Timelnf's ability to identify
helpful time points for time series forecasting through a data pruning experiment. Our research also
shows that Timelnf is model-agnostic and robust against hyperparameter changes, as detailed in
Appendix Sections C and D.

Limitations. Although Timelnf can be used to measure the in uence of a data point on various
metrics, this work focuses on the validation loss function. This choice highlights Timelnf's capability
in time series anomaly detection and its potential applicatierts {dentifying low-quality datasets

in Section 4.3). We believe there are many promising applications for in uence functions—detecting
the most representative patterns under distribution shifts—but we leave this as an intriguing direction
for future work. Another important challenge is that many data attribution methods, including
Timelnf, often show unsatisfactory downstream task performance, especially when data are high-
dimensional. We nd that Timelnf's performance gains over other data contribution methods are
marginal for high-dimensional data, which poses the question of whether this is due to low-quality
data or methodological differences. We believe it requires a thorough investigation using high-quality
multivariate time series datasets with reliable annotations.
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Figure 2:A qualitative example of mislabeled anomaly points in the NAB-Tweets ddfastt panel displays a
segment from the observed data in the rst row, with anomaly scores from Timelnf and Isolation Forest in the
following rows. Anomaly scores are normalized to a 0—1 range for clarity. The ground truth anomaly is marked

in red. In NAB-Tweets segments 1 and 2, a large anomalous section is incorrectly labeled; most of it is normal,
with only a small anomalous segment. Segment 3 shows a clear anomaly between time points 5000 and 6000
but lacks an anomaly label. Isolation Forest adheres to mislabeled annotations and obtains a high AUC, while
Timelnf accurately identi es the anomalies but receives a low AUC.

Figure 3:A qualitative example of mislabeled anomaly points in the PSM dataket.rst three rows display
selected dimensions of the time series, while the remaining rows show normalized anomaly scores from Timelnf
and Isolation Forest (range 0—1). The ground truth anomaly is marked in red. Although a point anomaly is
labeled near time point 600, it appears normal, while the preceding segment seems more suspicious. Timelnf
does not ag the labeled point as anomalous. Although Timelnf and Isolation Forest have similar anomaly scores
near the labeled anomaly, Isolation Forest obtains a higher AUC, highlighting the problematic annotations.

10
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APPENDIX

A. DERIVING INFLUENCE FUNCTIONS FORM-ESTIMATORS

Letf X ;g denote the random process. Denete the distribution ob(t[m] = (X5 X, )- An
M-estimator” for model parametersis the solution to a minimization problem over the data:

"= argming[ (X{™}; ):
2

We consider a class of M-estimators for whicls differentiable and convex (Planiden & Wang,
2014; Bertsekas et al., 2003), enabling us to express the estimate as the solution to a set of equations:

d x™; .
L

In uence functions compute the in nitesimal change in the estimator if the original distribution
F™ is contaminated by™ fromG™ = n; by some small amount, giving us a contaminated

estimator” = argming[ (Xt[m];z[m]; )]. For the contaminated distributidn™ , " must satisfy:
2

El x™:)1=0; (x™: )=

E ) x{":M+  @Mr=@ el ™M+ EL @5 )=0:
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We can differentiate to determine the effect of changiog

d d
g @ EL M= @™
d x{";").d" _ m). A d (@m;") d"
g g7 FLEml BT
Around =0, the estimator must satisf (Xt[m]; A)] = 0, thus the in uence function for model
parameters in Equation (3) is
A [m].
L gd ™
d =0 d
Applying the chain rule, the effect of changingn the loss evaluated at a test paigt;in Equation
(4) is then

d(Zess ") _ d(zesi)d"
d =0 d d

E[ X™:"N+@  )El

1 'EL @50

[m].
L= G ) g oy,

Algorithm 1 Timelnf Estimator

Require: Time point of interesg, training time blocks x!™; : ::: x[Mg, test time blockz!X!, index

set of time blocks that contain the time point of interf@stmodel parameter'é loss functior,
and block lengthm.

Ensure: Timelnf| gme(z; zZ)
(Optional if “is ready) Learn the paramet’éby training a model orhx[lm]; D ;me]g.
1. Compute the gradients at the training time blog™; ") = Li(x™);") for all i 2

2. Compute the gradient at the test time blodiin; ) = &1(zl; ")

fori 2 S, do
lime(ziZia) = &5 (@ )7 HL Y MY+ Lime(ziZi)
end for

B. BLACK-BOX MODELS AND NON-DIFFERENTIABLE LOSSES

Although we focus on linear AR models in the main paper due to their computational ef ciency,
the computation of Timelnf is model-agnostic, allowing us to explain any models of interest under
our proposed framework. For “black-box” models with differentiable losses, like RNN and LSTM,

[m].A
we compute the HessieE{d(Xd%’)] in Equation (4) using automatic differentiation packages.

The primary challenge lies in computing the inverse Hessian-vector products, and various solutions
proposed by Koh & Liang (2017), Grosse et al. (2023), Kwon et al. (2023), Kim et al. (2023), Pruthi
et al. (2020), and others have scaled this computation to deep neural networks. For linear AR models,
we simply compute the inverse of the Hessian. However, for black-box models, this computation
becomes intractable. Therefore, we employ the CG method in Koh & Liang (2017) and Tracln (Pruthi
et al., 2020) to approximate the inverse of the Hessian.

For non-differentiable models such as tree-based models and ensemble models, we compute non-
parametric in uence functions (Feldman & Zhang, 2020). The idea is to calculate a Leave-One-Out
(LOO) data value by excluding a data point from the training set, retraining the model, and evaluating
the impact of this removal on prediction performance. Given its computational costs, Feldman &
Zhang (2020) employs data subsampling to approximate LOO. The nonparametric counterpart of

I biock iN Equation (4) is:

I nO“DarametriEZ[m];zt[énsg) = By [K][ (Zt[g']sg; ASk)j zIm 2 Sk]  Ex [K][ (Zt[gjsg; ASk)j zIm 2 Sk;
where denotes the loss functiof represents the learned parameters of the model under consider-

ation. The notatiors, is used for the parameters of the model tted on a suBgefThe process
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Figure 4:The performance and computation time of Timelnf across different model choices on the MSL and
SMAP dataset®?anels (A) and (B) show the mean AUC and mean runtime in seconds for each model choice.
Linear AR models provide the fastest computation for Timelnf, with negligible time costs not visible in panel
(B) due to their small computation time. Choosing a more complex model improves the performance of Timelnf
but at the expense of increased computation time.

involvesk subsets denoted &, which are randomly sampled from the training data of sizeith

a smaller sample sizeyhset N. Subsequently, the models of interest are trained separately on
each sampled subset. Once equipped Withiparametric W& can compute the in uence of a time point
(I'time), self-in uence ( seir), and the in uence of a time point on the test predictibpd), according

to Equations 6, 8 and 9.

C. MODEL AGNOSTICITY

Although we used linear AR models to compute Timelnf for anomaly detection, Timelnf is model-
agnostic; see details in Appendix Section B. To understand the variation in performance and compu-
tation time across different models, we compare Timelnf computed using linear AR models against
an RNN (1,153 params), LSTM (4,513 params), transformer-based PatchTST (Nie et al., 2022)
(299,073 params), and a gradient boosting regressor with 100 trees of max depth 3. All models
use MSE as the loss function. For RNN and LSTM, we apply the CG used in Koh & Liang (2017)
to compute Timelnf for differentiable black-box models. For the large nonlinear PatchTST model,
we use the scalable “Hessian-free” (Pruthi et al., 2020) method to compute Timelnf. For gradient
boosting, we compute nonparametric Timelnf according to Feldman & Zhang (2020); see details in
Appendix Section B. To ensure fair comparisons, all models are thoroughly trained and perform well
on held-out validation sets.

We evaluate Timelnf computed with different model choices on the SMAP and MSL datasets, as
shown in Figure 4. Panel (A) shows that the performance of Timelnf in anomaly detection improves

with the transition from a linear AR model to nonlinear models such as LSTM, RNN and PatchTST.

In Panel (B), there is a slight increase in computation time when a nonlinear model is used. The
computation of nonparametric Timelnf is time-consuming due to the need for data subsampling and
model re-training.

In summary, using higher dimensional or more complex models improves Timelnf performance
but increases computation time. The choice between a complex model for better performance or a
simple linear AR for ef ciency depends on the user's needs. Moreover, these ndings suggest that
the results in Table 2 could be further improved using exible deep neural network models. We
highlight that the computation time for Timelnf is small, even for moderately-sized transformers
(300K parameters). Therefore, Timelnf can potentially scale to large over-parameterized models,
enabling interpretability of time series foundation models. See the ablation study in Appendix Section
D (Figure 6) for detailed performance comparisons across model sizes.

D. ABLATION STUDY

This section explores how hyperparameters of Timelnf — the block length used for constructing the
empirical contaminating distributioB™ in Equation (6), and the model size — affect the downstream
task performance through an ablation study.

Experiments on Different Block Lengths. The performance of Timelnf in anomaly detection can
be affected by the block length, which determines the order of the AR model used in its computation.
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Figure 5: The performance and computation time of Timelnf and baseline methods across different block
lengths.Panels (A) and (B) show the mean AUC and mean runtime in seconds at the block lengths of 25, 50,
100, and 150. Compared to other methods, Timelnf achieves a higher AUC while requiring signi cantly lower
computation time across various datasets.

Table 3:The performance of Timelnf across different time stridédlation studies on the
SMAP and SMD datasets show that the anomaly detection AUC decreases as the time stride
increases.

Time Stride| 1 | 5 | 10 | 20 | 50

SMAP 0.73| 0.64 | 0.65| 0.61 | 0.58
SMD 0.87 | 0.88 | 0.88 | 0.83 | 0.70

Figure 5 shows how AUC and computation time vary across block lengths of 25, 50, 100, and 150
for each anomaly detector. In Figure 5 (A), we observe that the AUC of Timelnf improves when
block length becomes larger across most datasets, as larger block length enables Timelnf to better
capture contextual anomalies that persist for an extended duration. Panel (B) indicates an increase
in computation time when block length increases for most methods. This is because an extended
block length increases the dimension of the model parameters, and thus increases the time needed
for computing the inverse Hessian. In summary, Timelnf consistently outperforms other anomaly
detectors across a wide range of block lengths, while requiring signi cantly less time.

Experiments on Time Stride. The time stride, which determines the number of time blocks a time
point appears in, affects the anomaly detection performance of Timelnf. Table 3 shows that as the
time stride increases, the AUC decreases, with the threshold varying across datasets. Larger strides
provide fewer time blocks containing the point, limiting the sampling of temporal con gurations
around it. Consequently, with fewer samples, Timelnf estimate becomes less reliable, which is why
we choose stride 1 in our experiments.

Experiments on Model Size. Experiments are conducted to examine the effect of model size

on Timelnf's performance. The anomaly detection results on the MSL and SMAP datasets using
Timelnf computed with models of different sizes are compared. As depicted in Figure 6 panel (A), the
anomaly detection performance of Timelnf improves with increasing model size on the MSL dataset,
with the transformer-based PatchTST model scoring the highest. For the SMAP dataset, although
PatchTST performs worse, the nonlinear RNN model achieves the best performance. Despite the
computation time increasing with model size, PatchTST with over 300 thousand parameters remains
fast, enabling scaling to larger deep learning models.

E. DATA PRUNING

Identifying the most in uential time patterns in the training dataset can improve forecasting perfor-
mance by prioritizing patterns that contribute signi cantly to accurate predictions. In this section, we
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Figure 6:The performance and computation time of Timelnf across different model sizes on the SMAP and
MSL datasetsPanels (A) and (B) show the mean AUC and mean runtime in seconds for each model size. Linear
AR models are the smallest and provide the fastest Timelnf computation, with negligible time costs not visible
in panel (B) due to their small computation time. Choosing a larger model improves the performance of Timelnf
but at the expense of increased computation time.

Figure 7:Data pruning results for Timelnf and other data contribution methatis.estimate the contribution

of each time block in the training data using various baselines. For each method, we iteratively remove the most
in uential time block from the training set and track the resulting performance degradation, measi®éd by

and RMSE. The better the data contribution method, the loweRtheurve and the higher the RMSE curve.
Timelnf shows a steeper decreas®ihand steeper increase in RMSE than state-of-the-art data contribution
methods, demonstrating superior performance in identifying helpful data patterns for time series forecasting
across four real-world datasets.

demonstrate Timelnf's ability to identify helpful time patterns for forecasting through a data pruning
experiment.

Experimental Settings. For each dataset, we conduct 100 independent experiments, each time
randomly sampling 5,000 consecutive data points. These points are then sequentially partitioned
into a training set, a validation set, and a test set, with xed sizes of 3000, 1000, and 1000 points,
respectively.

Contrary to the point removal benchmark commonly used in data valuations (Jiang et al., 2023), our
experiment employs lalock-wisedata pruning approach, which is more in line with common practices

in time series forecasting. We divide the time series into equally sized blocks. Each block within
the training dataset is assigned a value indicating its contribution to future time series forecasting.
Subsequently, the blocks are removed in descending order of the values. After each block is removed,
we train a linear model on the remaining dataset and assess its performance on a held-out test set.

Datasets.We consider four datasets commonly used in time series forecasting literature (Lai et al.,
2018): Traf c, Solar Energy, Electricity (Trindade, 2015), and Exchange Rate (Lai et al., 2018). The
Traf ¢ dataset aggregates hourly road occupancy rates over 48 months from 862 sensors across
California. The Solar Energy data3eobmprises records from 137 photovoltaic power plants in

“https://pems.dot.ca.gov/
Shttps://www.nrel.gov/grid/solar-power-data.html
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Figure 8:Quantitative results for Timelnf and other data contribution methods from a data pruning experiment
across four real-world datasetsWe estimate the contribution of each time block in the training data using
various baselines. For each method, we iteratively remove the least helpful time block from the training set
and track the resulting performance degradation, measurBd bgiming for a less rapid decrease or even an
increase in performance.

Alabama State. The Electricity dataset includes the electricity consumption patterns of 321 clients
from 2012 to 2014 (Trindade, 2015). The Exchange Rate dataset includes daily exchange rates for 8
countries, covering the period from 1990 to 2016 (Lai et al., 2018).

Baselines.For each block in the training dataset, we assess its impact by averaging thegsgpre

from Equation (4) across all blocks in the validation set. We x the block length as 100. For
anomaly detection, standard methods are available, but for data pruning, no established method exists.
Therefore, we employ the state-of-the-art data valuation methods as baselines: Shapley-value-based
data valuation methods, namely KNN Shapley (Jia et al., 2019), and out-of-bag estimates of data
contribution, such as Data-OOB (Kwon & Zou, 2023). We exclude Data Shapley (Ghorbani & Zou,
2019) from consideration due to its computational inef ciency, making it dif cult to apply to our
datasets.

For a fair comparison, we consistently employ a linear AR model across all baseline data valuation
methods. We assign a data value to each time block in the training dataset and iteratively remove time
blocks, starting from the most helpful to the least helpful for forecasting on the validation set. After
each removal, we train a linear AR model on the remaining dataset and assess the model predictions
on the held-out test set.

Evaluation. We useR? and root mean squared error (RMSE) as evaluation metrics for model
predictions. A largeR? and smaller RMSE correspond to a better prediction performance.

Main Results. Figure 7 illustrates the effectiveness of Timelnf in identifying the most valuable
patterns for forecasting in four real-world datasets. We found that predictive performance declines
more rapidly with Timelnf, suggesting its superior ef cacy compared to other baseline methods. For
instance, in the Traf ¢ dataset, we observe a more than 10% drBg @fter removing 30% of the
blocks, whereas other methods result in less than a 2% decrease. Figure 9 illustrates a qualitative
example from the Electricity, which demonstrates how Timelnf successfully identi es in uential
periodic patterns for test forecasting.

Additionally, Timelnf is compared to baseline methods in identifying the least helpful (or most
harmful) patterns for forecasting. Time blocks are iteratively removed from least helpful to most
helpful based on data values assigned by each method. After each removal, a linear AR model is
trained and evaluated. Timelnf can correctly identify the least helpful temporal patterns in most
datasets except the Solar dataset, as shown in Figure 8.

F. ANOMALY DETECTION EXPERIMENT DETAILS

Dataset Details. In the main paper, we extensively evaluate Timelnf on ve benchmark datasets.
The univariate datasets include UCR (Wu & Keogh, 2021), featuring 250 time series from diverse
elds, and NAB-Traf ¢, which contains real-time traf ¢ data from the Twin Cities Metro area. For
multivariate datasets, MSL (Mars Science Laboratory) and SMAP (Soil Moisture Active Passive
satellite) are NASA datasets (Hundman et al., 2018) monitoring spacecraft telemetry anomalies.
SMD (Server Machine Dataset) is a dataset from an Internet company (Su et al., 2019).
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Figure 9: Qualitative results of the data pruning experiment for Timelnf on the Electricity dataset. The first row
shows the raw test time series, with subsequent rows depicting the most influential ( ) and detrimental (red)
time blocks in the training data linked to the example test block (black) based on Timelnf. Timelnf effectively
captures the periodic pattern in the time series, offering valuable insights for forecasting.

Table 4: Quantitative results for Timelnf and other anomaly detectors across seven real-world datasets. For
both F1 and AUC metrics, a higher value indicates a better performance. Timelnf faces challenges in these
datasets due to issues with the reliability of ground truth anomaly labels; see Appendix Section F for details.

| AUC | FI | AUC | FI | AUC | AUC | FI | AUC | FI | AUC | FlI | AUC | FI

Isolation Forest 0:55 | 0:18 | 0.64 | 0.13 | 0:71 | 0:51 | 0:87 | 0:69 | 0:74 | 0:34 | 0:74 | 0:41 | 0.50 0.11
LSTM 0:55 | 0:17 | 033 | 0.04 | 0:62 | 0:38 | 0:30 | 0:16 | 0:49 | 0:08 | 0:98 | 0:88 | 0.56 0.12
ARIMA / VAR 0:56 | 0:17 | 0.49 | 0.05 | 0:55 | 0:33 | 0:46 | 0:11 | 0:41 | 0:04 | 0:87 | 0:52 | 0.51 0.14

‘NAB—Tweets NAB-Taxi PSM SWaT WADI KDD-Cup99  NAB-Exchange
\ F1

Anomaly Transformer | 0:50 | 0:08 | 0.51 | 0.06 | 0:48 | 0:15 | 0:60 | 0:22 | 0:50 | 0:06 | 0:54 | 0:17 | 0.44 0.07
Timelnf (Ours) | 0:52 | 0:16 | 0.52 | 0.02 | 0:63 | 0:02 | 0:61 | 0:08 | 0:63 | 0:14 | 0:79 | 0:43 | 0.54 | 0.34

In Table 4, we include additional datasets: (i) NAB-Tweets (Ahmad et al., 2017) comprises Twitter
mentions of publicly-traded companies such as Google and IBM. (ii) NAB-Taxi (Ahmad et al.,
2017) records NYC taxi passenger numbers with anomalies during events like the NYC marathon
and holidays. (iii) The Pooled Server Metrics (PSM) (Abdulaal et al., 2021) dataset from eBay
captures anomalies in application server nodes. (iv) The Secure Water Treatment (SWaT) (Mathur
& Tippenhauer, 2016) dataset features data collected from a sewage water treatment facility, where
the anomalies are caused due to cyberattacks. (v) The Water Distribution (WADI) (Ahmed et al.,
2017) dataset is a distribution system consisting of a large number of water distribution pipelines.
(vi) KDD-Cup99 (Stolfo et al., 2000) contains network connection data for intrusion detection in a
military network environment. (vii) NAB-AdExchange collects online advertisement clicking rates.
Details of all datasets are summarized in Table 5. Although our method performs well in many
real-world datasets, Timelnf faces challenges in these datasets due to issues with the reliability of
ground truth anomaly labels. Visual examples of problematic anomaly annotations are in Figure 12,
3, and 2, illustrating how Timelnf can expose potential mislabeling in the data.

The UCR, SMAP, MSL, SMD, PSM, and SWaT datasets have a pre-partitioned structure: a clean
training set without anomalies and a contaminated test set with anomalies. In these datasets, we
exclusively train and evaluate the baseline anomaly detection methods on the contaminated test
set. Conversely, WADI, KDD-Cupp99, NAB-Traffic, NAB-Tweets, and NAB-Taxi have a single
contaminated dataset with dispersed anomalies. For these datasets, baseline methods are trained and
evaluated on the entire dataset.

Baseline Details. For block LOOCYV, we employ a time block length of 100 and utilize a linear AR
model for prediction. The conditional influence Kunsch (1984) method is implemented following
the approach of |Grosse et al.|(2023)), using a linear AR model with an order of 100. For LWCYV, we
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Table 5: Details of the anomaly detection datasets. Note that all discrete-valued dimensions are excluded from
each dataset. The term “Average Length” refers to the average length across all time series in the dataset.

Dataset | Dimensions | Num. of Time Series | Average Length | Average Anomaly Ratio
UCR 1 250 56,205 0.8%
SMAP 25 55 8,068 12.8%
MSL 55 27 2,730 10.5%
NAB-Traffic 1 7 2238 10.0%
SMD 38 28 25,300 4.2%
NAB-AdExchange 1 6 1602 10.0%
NAB-Tweets 1 10 15863 9.9%
NAB-Taxi 1 1 10320 5.2%
PSM 25 1 87841 27.8%
SWwaT 51 1 449919 12.1%
WADI 123 1 172,751 5.7%
KDD-CUP99 42 1 494,021 19.7%

employ a HMM with Gaussian observations (Ghosh et al.l 2020), incorporating two discrete states:
one hidden state representing normal conditions, and another representing abnormal conditions.

G. APPLYING TIMEINF TO MULTIVARIATE TIME SERIES

For anomaly detection in multivariate time series, we first apply self-influence to each dimension
individually, and then average the anomaly scores across all dimensions to derive the final anomaly
scores for individual time points. We refer to this approach as “SepInf” for simplicity. We empirically
find that “SepInf” demonstrates better performance than directly applying self-influence to the
multivariate time series, which we refer to as “Multilnf”. In this section, we explore potential
challenges associated with using Multilnf and illustrate why it may not be suitable for anomaly
detection.

Suppose we have T training time blocks of size m, fxgm] gthl; XLm] = (Xg; Xe—1;00 75

R™*P_where p is the dimension of the multivariate time series. To compute Multilnf, we fit a vector
AR model, i.e., multivariate linear regression, as follows

Xet1 =Xt U+ 415 (10)
where, X¢11 2 RP represents the one-step ahead prediction, while me] 2 R™M*P denotes the past
time blocks used for prediction. Additionally, u 2 RP and ¢,; 2 RP correspond to the intercept
and error terms, respectively. The parameters of the AR model, denoted as = f jg}):1 2 RPxmxp,
are capable of capturing correlations across each dimension of the multivariate time series, between
timesteps within a time block, and between each timestep in a time block and each dimension. This
is expressed as follows:

2 3
ji1 jizo il jlp
j21 jo2 it j2p
=81 P Lo rm (an
jmi1 jm2 il jmp

There are two practical challenges associated with computing the influence functions and over-
weighting a time block on the parameters : (1) Anomalies may not occur simultaneously in all
dimensions of the time series. Consequently, capturing correlations among feature dimensions could
result in poor anomaly scores because the ground truth anomaly labels may depend only on anomalies
in some dimensions but not the others; see Figures and[T2)for examples. (2) There may not be
enough training samples to accurately estimate the high-dimensional parameters of sizep m p.
Inaccurately estimated can lead to the computation of inaccurate influence functions. For instance,
when fitting the model to a 100-dimensional time series with a block length of 100, we have to learn
1 million model parameters, demanding a large amount of training data. (3) Additionally, using
Multilnf causes issues computationally because the inversion of the Hessian matrix scales with the
number of model parameters.
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In contrast, SepInf is computed by initially applying self-influence to each dimension separately and
then averaging the anomaly scores (scaled self-influences) across all dimensions of the multivariate
time series. This is equivalent to fitting a multiple linear regression in the same form as Equation (I0)
under the assumption that each dimension is independent. This requires learning f jg}):1 with

i=lin g2 it im] 2R™
since the off-diagonal entries in Equation (TT) are zero. This approach effectively reduces the number
of parameters to learn. Furthermore, since anomaly patterns are often vastly different between
dimensions, and the ground truth anomaly labels may be influenced by only some feature dimensions,
computing Seplnf effectively separates the influences of time points from different dimensions,

thereby mitigating potential issues stemming from multicollinearity. Moreover, computing SepInf is
more efficient because it involves fewer parameters when constructing the inverse Hessian matrix.

H. USING TIMEINF FOR VARIOUS DOWNSTREAM TASKS

In the paper, we use anomaly detection and time series forecasting as representative examples to
demonstrate that Timelnf can identify both harmful and helpful data points in the data. In this section,
we outline the setup for time series forecasting and anomaly detection, as well as how to apply
Timelnf to both tasks.

H1. TIME SERIES FORECASTING

Let fX¢g{_; represent a univariate time series, with the objective of predicting future values based

on past observations. We define an input window of size m as XLm] = (X¢; 110 Xt—m+1)- Let T be
a forecasting model with parameters , such as an autoregressive model or a neural network. The

forecasted value at time t + 1 is given by F (XLm]).

To evaluate the model performance, we use a loss function “(X¢y1; F (X,[(m])), such as the mean
squared error (MSE). For time series forecasting, we are particularly interested in understanding the
impact of a training data point on model performance at test time. Therefore, we partition the original
time series into training and test sets.

First, we train the model on the training data to obtain the parameters " and the Hessian matrix H-.

We can then compute the influence of any time window Z{m] in the training data on any time window

Zt[e?];t in the test data as follows:

d . 4a,
Iblock(zt[m];zt[eTt];t = E‘(ZleSt;t+1;fA(Zt[;?t};t))THA 1d7 (zes1; F-2M)):

To measure the impact of a specific time point Z in the training data on the entire test set, we define
the following quantity:

1 1 P X
jStestj jSth

z

lesi(zt) = Iblock(zt[m] ; Zl[er::];t);

[m]
test;

€Stest ng] €Sz,

where S, is the set of all time windows in the training data that include the time point z¢, and
Stest 18 the set of all time windows in the test set. The quantity I (Z¢) measures the influence of
upweighting a training time point on the test loss.

The interpretation of the influence of this time point varies depending on the chosen loss function. For
instance, if we use MSE as the loss function, a negative value of l.(Z¢) indicates that upweighting
z¢ will lower the MSE, suggesting that z is important for good forecasting performance. On the
contrary, if Iy (Z¢) is positive, upweighting z¢ will increase the MSE, implying that z¢ is detrimental
to forecasting accuracy.

H2. TIME SERIES ANOMALY DETECTION

For anomaly detection, the objective is to identify anomalies by reconstructing the time series
and comparing the reconstructions with the actual observations. Let § be a reconstruction model
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with an input window of size m, defined as XLm] = (Xt;:::;Xt—m+1). The reconstructed time

window is given by g (Xgm]). The anomaly score is based on the reconstruction error, expressed as
‘ (me] 0 (Xa[[m])). The underlying assumption is that if a time point is anomalous, reconstructing it

using its own values should be easier than using normal points, as normal time points show distinctly
different behaviors from anomalous ones.

Thus, we focus on measuring the reconstruction error without needing to partition the time series into
training and test sets; we treat the entire series as a single dataset. First, we train the model on this
data to obtain the parameters " and the Hessian matrix H -. We can then compute the influence of

any time window Zt[m] on itself as follows:

d ,d,
@™ 2™ = @™ @) THT @™ @™

Next, we compute self-influence, which measures the impact of upweighting a time point on its own
reconstruction loss, as our anomaly detection metric:

1
air(ze) = o— Ponock (245 24™):
Zt ZLm]eSZt

Using MSE as the reconstruction error, a negative l¢(Z¢) suggests an anomaly, as upweighting this
point improves its own reconstruction. This is based on the rationale that reconstructing an anomaly
is easier with abnormal points than with normal ones. We take the absolute value of self-influence to
compute the anomaly scores, with higher scores indicating a higher likelihood of being an anomaly.
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Figure 10: Qualitative results for Timelnf and other baseline anomaly detectors on selected channels from
the SMAP and MSL datasets. The first row of each panel displays the first dimension of the time series, which
captures the major anomaly pattern in the data. The remaining rows of each panel show the anomaly scores
generated by each detector. For better visualizations, we normalize the anomaly scores from each method to a
range between 0 and 1. The ground truth anomaly intervals are marked in red segments. Timelnf outperforms
state-of-the-art time series anomaly detection methods in identifying both single and multiple anomaly patterns
in the data.
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Figure 11: Qualitative results for Timelnf and other baseline anomaly detectors on a selected channel from the
multivariate SMD dataset. The first seven rows show selected dimensions of the time series, while the remaining
rows show the anomaly scores generated by each detector. For better visualizations, we normalize the anomaly
scores from each method to a range between 0 and 1. The ground truth anomaly intervals are marked in red
segments. Timelnf outperforms state-of-the-art time series anomaly detection methods in identifying anomaly
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patterns in multivariate time series data.
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