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Time series data frequently suffer from data quality problems during collection and transmission, such
as small-jump dirty points, which existing cleaning methods often fail to detect. Since existing methods
primarily address univariate series, their multivariate extensions often fail to capture complex inter-variable
dependencies, significantly limiting their effectiveness. To this end, we propose SHoTClean, a family of four
algorithms that bridges hard constraints (i.e., physical limits) and soft constraints (i.e., statistical patterns)
within a constrained-optimization framework for effective and efficient multivariate time series cleaning.
Specifically, we formulate the cleaning task as minimizing soft-constraint violations while respecting
hard-constraint bounds. Then, we propose SHoTClean that introduces: (1) SHoTClean-B for offline batch
processing using pruned dynamic programming to achieve global optimality; (2) SHoTClean-S and SHoTClean-
P for online streaming scenarios by employing incremental dynamic programming, where SHoTClean-P
accelerates SHoTClean-S via CDQ divide-and-conquer and Fenwick tree to attain near-linear complexity; and
(3) SHoTClean-C, incorporating causal discovery into soft constraints to capture multivariate dependencies.
Extensive experiments across 12 real-world datasets demonstrate that our approaches achieve i) 6.8%-90.0%
and 7.8%-82.1% improvements in accuracy (RMSE metric) over 10 state-of-the-art baselines in offline and
online settings, respectively; ii) an average two-order-of-magnitude runtime speed-up on large-scale datasets;
and iii) superior robustness, with consistent high performance under extreme 80% contamination level and
high-dimensional datasets. The code is available at https://github.com/ZJU-DAILY/SHoTClean.
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1 Introduction

The proliferation of IoT devices and dense sensor networks has generated large-scale and multi-
variate time series data [41, 56], which supports a wide range of real-life applications, including
financial forecasting [61], traffic safety [49], industrial equipment monitoring [42], as well as health
and wellness tracking [33]. However, multivariate time series are inherently vulnerable to various
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Fig. 1. Existing Multivariate Time Series Cleaning
quality issues [55] during acquisition and transmission, such as sensor noise, transient outliers, net-
work latency, etc. These imperfections can accumulate, compromising data quality and weakening
the reliability and robustness of downstream analyses and machine learning models, underscoring
the urgent need for effective and robust multivariate time series cleaning solutions.

We review existing time series cleaning methodologies, which can be systematically categorized
into five paradigms, each with inherent limitations. (i) Smoothing-based methods such as Moving
Average (MA) [13], AutoRegressive (AR) [57], Kalman filters [34], and Exponentially Weighted
Moving Averages (EWMA) [29], suppress high-frequency dirty points through global processing.
However, they often "over-clean" the series and distort its original distribution. (ii) Constraint-based
methods introduce prior rules like speed limits [28, 51] and acceleration bounds [50] to clean
data points that violate predefined constraints. However, their reliance on fixed thresholds makes
them insensitive to subtle dirty points, such as small-dirty jumps [27], whose deviations remain
within permitted bounds. (iii) Statistical-based methods including LSGreedy [59], DP/DPC [54], and
Akane [31] employ probabilistic modeling of feature distributions, but their univariate formulations
fundamentally cannot capture multivariate dependencies, and their repair strategies often struggle
with large spikes. (iv) Hybrid methods such as MTCSC [60] and Clean4MTS [20] integrate constraint
rules and statistical information to achieve fine-grained cleaning, but they typically address only
one aspect—either accurate detection or precise repair—rather than achieving both capabilities
within a unified framework. (v) Anomaly—detection—based methods, such as TranAD [52] and
ImDiffusion [18], utilize deep learning to detect deviations from learned patterns. Yet, they often
exhibit low sensitivity to isolated dirty points and offer limited interpretability regarding the
detection. We demonstrate these fundamental limitations through the following examples.

Example 1. Fig. 1 plots real hourly energy consumption data from California [14] and the cleaning
results under different time-series cleaning methods. Based on this, we yield the following observations.

i) From a global perspective, the smoothing-based EWMA [29] enforces overall smoothness by uni-
formly adjusting every data point, regardless of whether it is actually corrupted. Similarly, Akane [31]
fits the entire distribution and modifies even valid samples. Both approaches violate the minimum
change principle [9], which advocates repairing time series data with the fewest possible modifications,
thereby significantly increasing repair costs.

ii) From a local perspective, constraint-based SCREEN [51] and hybrid MTCSC [60] fail to detect
small jumps (e.g., dirty point 1) that fall within acceptable speed limits. Instead, they overcompen-
sate by stretching adjacent fluctuations, introducing additional error. Besides, statistical-based
LsGreedy [59] relies heavily on local distributions and is too conservative to adequately repair large
spikes (e.g., dirty point 2), resulting in substantial residual error. Similarly, anomaly-detection-based
TranAD [52] struggles to detect such isolated dirty points and therefore perform no cleaning action.

Goals. As smoothing methods tend to over-clean and anomaly-detection methods struggle
to clean, there is an urgent need to bridge hard constraints with soft statistical modeling for
multivariate time series cleaning to address the limitations illustrated in Fig. 1. G1: We target
leveraging prior knowledge and pre-defined rules (e.g., speed limits) to enable precise and efficient

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 84. Publication date: February 2026.



SHoTClean: Bridging Soft and Hard Constraints for Multivariate Time Series Cleaning 84:3

repair of large spikes, while utilizing statistical models to accurately detect small jumps. The
method should conform to the minimum change principle [9], thereby safeguarding data quality
and preserving the intrinsic fluctuations of the original distribution. G2: We target supporting both
batch processing of historical data and low-latency processing of streaming data, to meet the dual
(offline and online) demands of real-world applications. G3: We target modeling co-variations and
uncovering latent causal relationships in the multivariate space to enhance robustness and accuracy,
rather than simply mining linear relationships. This is because, in multi-sensor, parallel-acquisition
scenarios, time series signals exhibit complex interdependencies and couplings.

However, achieving these three goals requires overcoming two following major challenges.

Challenge 1: Unified Integration of Hard Constraints and Soft Statistical Modeling,.
The fundamental tension between hard constraints and statistical approaches presents three key
challenges that existing methods fail to adequately address. First, current methods tend to adopt a
unidirectional strategy—using one paradigm to enhance the strengths of the other without directly
addressing its limitations. For example, MTCSC [60] employs clustering merely to refine constraint-
based repairs rather than developing true bidirectional integration. As demonstrated in Example
1, such approaches remain fundamentally limited by their constraint-driven detection mechanisms,
failing to detect small jumps. Second, hard constraints induce non-convex feasible spaces that often
exclude statistically optimal solutions, while purely statistical methods frequently propose repairs
that violate basic physical plausibility. This creates an optimization dilemma where satisfying one
requirement may necessitate violating the other. Third, these two paradigms operate at different
temporal scales: hard constraints typically govern local point-to-point relationships (e.g., maximum
speed between adjacent samples), while statistical models capture global distributional properties
and long-range dependencies. Overall, bridging hard constraints and soft statistical modeling
requires new frameworks that can address the above three challenges.

Challenge 2: Effective and Efficient Multivariate Dependency Modeling. Most existing
methods [28, 31, 50, 51, 59] target univariate time series processing. Even the limited set of multi-
variate approaches typically leverages dimensional information only superficially, failing to capture
the complex dependencies among variables. For instance, Cleanits [23] employs Pearson correlation
and similar metrics to assess inter-variable relations, but these methods merely reflect co-movement
trends and overlook latent factors. Clean4dMTS [20] and MTSClean [21] incorporate row-level con-
straints based on the predefined functions, which can capture only linear correlations and fall
short of modeling nonlinear or higher-order interactions. However, variable dependencies are often
multi-stage, conditionally dependent, or even causal. For example, an anomaly in one channel may
stem from a delayed response in another—a relation that static metrics fail to characterize. On
the other hand, as both dataset size and dimensionality grow, many existing methods suffer from
the curse of dimensionality [5, 40], leading to substantial computational overhead. Our evalua-
tion (Fig. 5) indicates that current approaches exhibit at least quadratic complexity growth with
dimensionality, rendering them impractical for efficient processing of large-scale high-dimensional
datasets. Overall, how to fully exploit inter-variable relations in multivariate time series while
maintaining high computational efficiency is another unaddressed challenge.

To address the above challenges, we propose SHoTClean, a unified framework that bridges soft
and hard constraints for effective and efficient multivariate time series cleaning. To overcome
Challenge 1, SHoTClean formulates statistical deviations as soft constraints and incorporates
physical rules as hard constraints, casting the problem as one of minimizing soft-constraint
penalties within the feasible region defined by hard constraints. Based on this, we design
a dynamic programming-based path search with exponential time decay to detect both large
spikes and small jumps. Then, the detected dirty points are repaired via linear interpolation, in
adherence to the minimum change principle [9], which ensures preservation of genuine signal
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Fig. 2. An Example of Converting a Time Series into a DAG

fluctuations. We further introduce SHoTClean-B for offline batch processing and SHoTClean-S
for online streaming, respectively. The latter is accelerated using a divide-and-conquer strategy [16]
and a binary-indexed tree [26], resulting in SHoTClean-P for more efficient cleaning. To tackle
Challenge 2, we develop SHoTClean-C, which captures complex and potentially asynchronous
causal dependencies using the PCMCI algorithm [46]. By training a lightweight causal model
offline to predict residuals and integrating these predictions into the soft-constraint framework,
SHoTClean-C models higher-order inter-variable interactions with only near-linear computational
overhead. Overall, this paper makes contributions below.

e We formulate time series cleaning under both soft and hard constraints as constrained opti-
mization, and design a suite of four algorithms for multivariate time series—tailored respectively
for batch processing and streaming scenarios (Section 2).

o For batch processing, we propose SHoTClean-B, a dynamic programming-based algorithm
that significantly reduces the time complexity of dirty-point detection—from exponential to
linear—rather than relying on off-the-shelf solvers (Section 3).

e For streaming processing, we develop SHoTClean-S, an online and incremental dynamic
programming method that supports real-time cleaning. To further enhance efficiency, we intro-
duce SHoTClean-P, which combines a divide-and-conquer strategy with a binary-indexed tree,
reducing the overall complexity from quadratic to near-linear (Section 4).

e To capture multivariate dependencies, we further propose SHoTClean-C, which embeds
causal consistency into soft constraints by predicting causal residuals. This enables the modeling
of higher-order interactions among variables. With offline training, SHoTClean-C achieves
near-linear inference complexity during online deployment (Section 5).

o Extensive experiments on 12 real-world datasets show that SHoTClean consistently outper-
forms 10 state-of-the-art methods in accuracy, efficiency, and robustness (Section 6).

2 Problem Statement
2.1 Preliminaries

Definition 1 (D-Dimensional Time Series). A time series is an ordered sequence of obser-
vations indexed by discrete timestamps, denoted X = (x1,Xz,...,X,), where each observation
X; = (xl.(l),xi(z), .. .,xl.(D)) is a D-dimensional vector, and xl.(d>
attribute at timestamp ¢;.

Definition 2 (Hard Constraint). Hard constraints (HC) are feasibility conditions that must be
strictly satisfied. A solution violating any hard constraint is invalid. In this paper, we define hard

constraints as speed bounds between pairs of observations:

represents the value of the d-th

Vi<j<i<n: Vyun<
ti—tj

< Vinaxs (1)

where Vinin and Vinay are user-defined minimum and maximum speeds, respectively. ||x; — x;]|, is
the Euclidean distance between D-dimensional vectors x; and x; (per Definition 1).
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Note that, we denote x; |= HC to indicate that the point x; satisfies the hard constraint. Through-
out this paper, HC specifically refers to these speed bounds. All algorithms, analyses, and experi-
ments are instantiated under this setting.

Definition 3 (Soft Constraint). Soft constraints are probabilistic measures of data quality that
tolerate violations but penalize deviations from expected patterns. Each observation x; is assigned
a score s; € (0, 1] reflecting its conformance to statistical norms:

= o [

where p = (,u(l), .. .,,u(D)) and o = (cr(l), .. .,0<D)) are mean and standard deviation vectors
estimated from available (potentially dirty) data. @ > 0 is a sensitivity parameter controlling penalty
steepness, and Ly-norm || - ||, operates on normalized deviations across all dimensions.
To account for temporal decay in dependency strength, we extend s; with a time-weighted factor
y(gap) as defined below:
v(gap) = exp(=f - gap), ®)
where gap = t; — t; is the time interval between i) current timestamp t; and ii) timestamp t; of its
nearest valid predecessor x; satisfying x; |= HC. Since t; > t;, we have gap > 0. The parameter
B > 0 is the decay rate controlling how rapidly influence diminishes over time.
Definition 4 (Data Repair). Given a dirty point x;, its repaired version x; is obtained via
temporal linear interpolation between its nearest valid neighbors:
ti —tj
(%K —x;), (4)
tk — tj
where x; (preceding) and x; (succeeding) are the nearest points satisfying x;, xx |= HC (Definition
2). Besides, the repair preserves hard constraints: x; |= HC w.r.t. adjacent points.

! — .
Xl-—X]+

2.2 Problem Definition

Minimum Change Principle. Referring to previous studies [20, 21, 31], we adopt the widely
used minimum change principle [9], which seeks the smallest possible modifications between the
original series X and the cleaned series X’. Then, we measure the total repair magnitude:

n D
2
d d
AX=X) = X=Xl = [ > ) (5 =) )
i=1 d=1
Problem Formulation. Given an original time series X = (x1, Xz, . .., X,), we seek a cleaned
version X’ = (x},X), ...,X;) that satisfies the following optimization criteria: i) Hard Constraint

Satisfaction: Every data point x] in X’ must strictly adhere to predefined domain-specific con-
straints (Definition 2); ii) Soft Constraint Optimization: Among all feasible solutions that satisfy
HC, X’ should maximize a weighted soft constraint score (Definition 3); and iii) Minimal Deviation:
The cleaned series X’ should remain as close as possible to the original X (Eq. 5).
min  A(X,X')
subjectto x; FHC, Vie {1,2,...,n},
n

X = argxr,nax Z [Si . y(gap)].

i=1

(6)

2.3 Problem Solution

To solve the above problem (Eq. 6), it requires selecting a subsequence of valid points that simulta-
neously satisfies all hard constraints while maximizing the aggregated soft score, with remaining
points repaired through interpolation to minimize total error. While a brute-force approach enables
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Fig. 3. The Proposed SHoTClean Algorithm Series
evaluating all possible subsequences, it would incur prohibitive exponential complexity. In contrast,
we yield two key properties that enable an efficient solution:
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e Binary selection: Each time step’s inclusion represents a discrete decision point.
e Optimal substructure: Solutions decompose into independent subproblems [7].

Inspired by that, we formulate a directed acyclic graph (DAG) problem where: i) nodes i corre-
spond to time indices t; where x; |= HC and ii) edges j — i connect valid transitions weighted
by w(j,i) = s; - y(t; — t;). Consequently, the optimization (Eq. 6) thus reduces to finding the
maximum-weight path in the DAG. We next formally demonstrate the equivalence between
these two problems through the following proof.

THEOREM 2.1. (Optimality of DAG Solution). Let P* be the maximum-weight path in the con-
structed DAG. Then the corresponding repaired time series X, is exactly the optimal solution of
arg miny A(X, X').

Proor. We prove the theorem through three steps below.

i) Bijection between Paths and Cleaned Sequences. Let # = (ig, i1, . . ., im) be any path in the
DAG, give the cleaned sequence X¢, : Vj € (ix-1, ix), x;. =X, + ij];_—ii];ill (X, — Xi,_,). Conversely,
any X’ satisfying the hard constraint determines a unique path Px'. Thus {feasiable X'} «—
{paths P}.

ii) Monotonicity of Cost and Weight. Define the interpolation error for any segment (ix_1, ix)
is A(ix-1,ik) = 55" L, 11%; = X)[2, s0 the cost of P is A(X,X},) = TfL; Aix—1, ix). Similarly, the
weight of P is W(P) = 22, si, - y(ix — ixk—1), With s;. > 0 and y(-) strictly decreasing.

Foranya <b <c¢,A(a,c) > A(a,b) + A(b,c),and AW =sp, - y(b—a) +sc - y(c—b) —s. - y(c —
a) > 0. Hence inserting an anchor b decreases total cost and strictly increases total weight, e.g.,
AX X5, ) < AX,X%) and W(Pp) > W(P).

iii) Equivalence of Objectives. Let P* be a maximum-weight path. If there were P with
A(X, X’¢ ) < A(X,X%,.), the step (2) would force W(P) > W(P*), contradicting the maximality
of P*. Similarly, any strictly higher-weight path than £* would necessarily yield a strictly lower A,
which is likewise impossible. Therefore, arg minx: A(X, X’) = {X{, | P € argmaxpr W(P")}. O

Example 2. Consider the time series {1, 2,4, 1} observed at time indices t = {1, 2,3, 4}, under speed
bounds Viyin = —2 and Vipax = 2, a deviation steepness parameter @ = 1, and a temporal-decay factor
B = 0.1. Fig. 2 illustrates the conversion of the time series into a DAG. The valid paths with both
endpoints satisfying the hard constraints are highlighted in blue, while the maximum-weight path is
highlighted in red. The optimal path traverses nodes x; — X; — X4, excluding node x3, which is thus
identified as a dirty point requiring cleaning.

To formally address this problem, we propose the SHoTClean series in Fig. 3. As observed,
there are four specialized algorithms for multivariate time-series cleaning—each targeting distinct
computational scenarios based on our constrained optimization formulation.

e SHoTClean-B: An offline batch algorithm employing pruned dynamic programming to achieve
global optimality (Section 3).
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e SHoTClean-S/P: Online streaming variants utilizing incremental processing with near-linear
complexity (Section 4).

e SHoTClean-C: Online streaming variant employing causal modeling, designed solely for multi-
variate datasets (Section 5).

3 Offline Setting
3.1 Optimization Solver

The problem admits a natural formulation as a binary mixed-integer linear program (MILP), where
all fundamental decisions—including node selection, edge activation, and path initialization-are
represented through binary variables. The objective function and structural constraints can be
expressed exactly using linear expressions, maintaining the problem’s intrinsic combinatorial
nature. As demonstrated in Algorithm 1, we solve this formulation to global optimality using
off-the-shelf MILP solvers.

The algorithm begins by computing soft constraint scores for each data point using the statistical
parameters (line 1). Following this initialization, we systematically examine all temporal point
pairs (j, i) where j < i (lines 2-5). For each pair, we verify the hard constraint condition. Valid
transitions are recorded in adjacency lists, storing predecessors and successors. The optimization
model employs three binary decision variables b;, r;, and e;; (line 6), representing node selection,
root indicator, and edge activation, respectively. Then, the objective function and four types of
constraints are constructed (line 7) to ensure feasibility and consistency.

e Constraint (i): If node x; is selected (b; = 1), it must either be the root node (r; = 1) or have
exactly one incoming edge be activated (2, ej; = 1).

Algorithm 1: Data Cleaning with Optimization Solver

Input: time series X, speed limits Vinin, Vinax, deviation steepness parameter «, time-decay
factor g.
Output: cleaned time series X’'.

1 s[i] « exp(~a - ||xi;”H2);

2 fori «— 1tondo
3 for j«—i—1to I1do

4 if w € [Vinin> Vinax] then
5 ‘ preds[i].append(j), succs[j].append(i);

6 Define binary decision variables: b;, r;, e ;;

DGl r)+ Y sl -y = ) - e
i (J:9)

7 Maximize

subject to
(1) Z €ji +r = bi, (11) Z ri =1, (111) €ji < bj, €ji < bi, (lV) Z €k <1.
jepredsli] i kesucces|i]

8 CBC.solve();
9 fori < 1tondo
10 if b; =0 then

11 po < nearest preceding normal point;
12 p1 < nearest succeeding normal point;
ti—t

/ t_"Po
13 X, & Xp, + (Xp, — Xp,)s
i Po Tty —tp, ( P1 Pﬂ)’
14 return X' = {< t;,x] >|i=1,...,n}
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e Constraint (ii): Ensure that there is only one root node in the entire path.

o Constraint (iii): If an edge (j < i) is activated (e;; = 1), both nodes x; and x; must be selected to
be part of the path.

o Constraint (iv): Each node activates at most one outgoing edge to prevent the path from branching.

Finally, once the model is constructed, we solve the Binary MILP model using the CBC solver (line
8). After the solution is obtained (lines 9-13), for all dirty points that are not selected (i.e., b; = 0),
we retrieve the nearest forward and backward normal points and perform linear interpolation
based on the time ratio to repair them. This results in the final cleaned time series X'.

Complexity Analysis. The CBC solver’s branch-and-bound approach exhibits exponential
time complexity in the worst case (O(2")), as each branching operation generates two new sub-
problems to explore. While cutting-plane methods provide some computational relief by pruning
infeasible regions of the solution space, their effectiveness remains fundamentally constrained by
problem-specific characteristics. As a result, the inherent limitations of this approach render it
computationally prohibitive for large-scale time series applications, motivating our development of
more efficient alternatives in subsequent sections.

3.2 SHoTClean-B Algorithm

To overcome the computational limitations of MILP solvers, we propose SHoTClean-B, which re-
places the global integer programming formulation with an efficient pruned dynamic programming
approach. This method significantly reduces computational costs while maintaining equivalent
accuracy. Algorithm 2 outlines the core procedure for finding maximum-weight path in a DAG.
Specifically, for each point x;, we construct a predecessor set preds[i] by retaining only the
K most recent valid predecessors under the hard constraint, and aborting the search early (lines

Algorithm 2: Max-Weight Path Search in SHoTClean-B

Input: time series X, speed limits Vinin, Vinax, pruning length K, deviation steepness
parameter a.
Output: dirty points.

1 s[i] — exp(—a - ||*=E||,);

2 fori «— 1tondo
3 for j«—i—1to I1do

4 if w € [Viin, Vinax] then

prl‘edjs[i].append(j);

if preds[i].length() > ‘K then
‘ break;

fori < 1tondo

dpli] « s[il, preoli] < i

10 foreach j € preds[i] do

L N

11 cand «— dp[j] +s[i] - y(i —j);

12 if cand > dp[i] then

13 ‘ dpli] « cand, prevli] < j;
14 if dp[i] > best_score then

15 ‘ best_score « dp[i], e_id « i;
16 Route « backtrack_path(prev, e_id);
17 return dirty points {xy,...,x,} \ Route
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Table 1. A Running Example

idx wvalue scores preds dp (add withy) path
1 03 300 ] 3.00 1
2 040 244 [1] 5.21 1
3 045 198 [2,1] 7.01 2
4 050 1.61 [3,2,1] 8.47 3
5 090 031 [3,2,1] 7.26 3
6 1.15 0.11 [5,3,2,1] 7.36 5
7 0.65 0.87 [6,5,4,3,2,1] 9.12 4
8 0.60 1.07 [7,6,5,4,3,2,1] 10.09 7
9 0.55 131 [8,7,6,54,32,1] 11.28 8

2-7). Because temporal decay exponentially downweights distant predecessors, and Theorem 2.1(ii)
shows that anchor points increase the total weight (i.e., shorter jumps are preferred over long ones).
Therefore, the optimal path naturally favors neighboring nodes. Experiments (Fig. 11(b)) further
demonstrate that when K > 3, no accuracy degradation is observed compared to the MILP solver.

This K-pruned method reduces the potential O(N?) predecessor checks to O(N - K), slash-
ing the number of DP state transitions. The core DP recurrence (lines 8-15) is then defined as
dpli] = max;cpreas[i{dp[j] + si - y(i — j)}, where at each step we maintain the global best score
dpli] among all feasible candidate paths, and a backpointer prev[i] that records the predeces-
sor index achieving dp[i] for path reconstruction. After filling the DP table, we reconstruct the
maximum-weight path by following the backpointers from e_id to start (line 16). Specifically,
function backtrack_path(prev, e_id) returns the path Route = {--- — prev[prev[e_id]] —
prev[e_id] — e_id} by repeatedly chasing prev[-] until a self-loop is met. All remaining points
not included in Route are then labeled as dirty (line 17).

Example 3. Consider the time series {0.35, 0.40, 0.45, 0.50, 0.90, 1.15, 0.65, 0.60, 0.55} observed at
time indicest = 1,...,9. Suppose that the observations 0.90 and 1.15 are dirty, whose true values are
0.55 and 0.60, respectively. Under speed bounds Vi, = —0.5 and Vinay = 0.3, deviation steepness o = 1,
and temporal-decay f = 0.1, Table 1 shows the process via dynamic programming.

By selecting the dynamic-programming path with the highest score at point X9, we recover the
valid trajectory {x9, Xs, X7, X4, X3, X2, X1}, and hence identify the dirty points x5 and x¢. Point Xs is
ruled out by the hard constraint: its speed relative to x4 exceeds Vipax = 0.3. In contrast, X4, despite
satisfying the hard constraint, excluded on the basis of its lower soft-constraint score (7.36 < 9.12). In
the subsequent repair step, each dirty point is interpolated using its nearest valid neighbor (e.g., x4 and
X7) via linear interpolation, yielding: x; = x4 + Z:Z - (x7 —x4) = 0.50 + g%i - (0.65 — 0.50) = 0.55,
= x4+ g:g - (%7 — x4) = 0.50 + =% - (0.65 — 0.50) = 0.60.

In contrast, if only hard constraints are enforced, the algorithm will select the longest feasible path
instead of the one with highest score. This excludes x4 and yields x) = 0.675. Yet, while all other points
differ by at most 0.05, the values 0.675, 0.90 and 1.15 exhibit substantial deviations—clearly showing
that a hard-constraint-only approach fails to preserve the underlying statistical structure.

Complexity Analysis. By employing a pruned DP algorithm, SHoTClean-B reduces the time
complexity of the original MILP-based global optimizer from O(2N) to O(D-N-K).

’
6

X

4 Online Setting

In online streaming scenarios, time series data evolves continuously, making global optimization
methods that require complete batch processing inapplicable. To address this fundamental challenge,
we propose an online adaptation of our framework that maintains temporal locality through
localized processing and optimality guarantees via incremental optimization. Specifically, for
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Algorithm 3: Online Cleaning in SHoTClean-S
Input: window series X = (xog, ..., X;), previous cleaned point Xog-1, speed limits
Vinins Vinax, deviation steepness parameter a.
Output: cleaned time point x;,

1 p < local_avg, o « local_std,

2 s[k] « exp(—a - ||¥||2) /1'k € [o,i];

3 e_id « find_best_idx() // as in Alg. 2, lines 2-15

4 b« max{xag—l + Vmin(tog - tog—l)axefid + Vmax(tog - tefid)}Q
5 ube— min{xog—l + Vmax(tag - tog—l): Xe_id t Vmin(tag - teiid)}§
6 if X,4 ¢ [Ib, ub] then

7 ‘ X:)g — Xog-1+ %(Xe_id - xog—1)§

’
8 return x,,

each incoming point x;, we construct a dynamic DAG; that captures local temporal dependencies.
The online cleaning task then reduces to finding the maximum-weight path within DAG;.

4.1 SHoTClean-S Algorithm

In online environments, data cleaning rarely achieves the global optimum attainable offline. To
bridge this gap, we adopt an egress-based strategy: whenever a new point x; arrives, we clean
the outgoing point X4, where og = i — W denotes the egress index. By maintaining a buffer of W,
this strategy leverages both past and future context to mitigate out-of-order arrivals.

As shown in Algorithm 3, it computes the soft score using statistics within the current window
(line 1), rather than relying on global statistics. This design enables effective handling of concept
drift in streaming data by prioritizing recent changes over historical values. The search for the
maximum-weight path (line 3) follows the same method as in the offline scenario. Specifically,
function find_best_idx(-) returns the index e_id of the terminal node of the maximum-weight
path within the current window DAG; by running the same dynamic-programming recurrence as
Alg. 2 (lines 2-15) over [og, i]. For the repair strategy, we perform linear interpolation between the
last cleaned point x,4—1 and the optimal point X4, on the optimal path in DAG; (lines 4-7). This
avoids reliance on potentially uncleaned data and anchors the interpolation at the node with the
highest soft-constraint score, providing a more reliable estimate of the true value.

Although the online algorithm achieves only a locally optimal solution, it can still closely
approximate the offline method’s global optimum in terms of cumulative performance, with a
controllable upper bound on the performance gap. Formally, we quantify this gap—referred to as
regret R,—by comparing the total score achieved by the online algorithm over a finite window to
the maximum score obtained by the offline optimal solution using full global information.

THEOREM 4.1. The regret R, of the online algorithm has a theoretical upper bound.

Proor. Let S and S9" denote the total scores of the offline and online algorithms. The regret
is defined as R, = S — 9. Suppose the offline algorithm connects node xj+ to node Xog- If
k* — 0g < W, the online algorithm has access to xi+ and incurs no regret. However, if k* — 0og > W,
the online algorithm cannot access x- and must instead choose some ke (0g,i]. The one-step
regret is therefore roy = so4 - [y (k* = 0g) — y(l% —09)] <sog-y(WH+1) < e AW+1) Thus, the total

regret R, is the sum of individual regrets:
n n

R, = Z r< Z e PWH) — L g PWHD), (7)

i=1 i=1
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Overall, the average per-step regret is bounded by RT” < e AW+ “indicating that the online
algorithm’s performance converges exponentially to that of the offline optimum as W increases. O

Complexity Analysis. In the worst case, finding the maximum-weight path within a single
window requires O(W?) time, which yields an overall time complexity O(N - W?) for SHoTClean-S.

4.2 SHoTClean-P Algorithm

Referring to Eq. 7, we observe that increasing the window size W reduces the performance gap
between the online algorithm and the offline global optimum. However, since SHoTClean-S has
a runtime of O(N - W?), enlarging W results in quadratic growth in computational cost, thereby
limiting its scalability on large-window scenarios. Recall that, in SHoTClean-B, every pair of
points satisfying the hard constraint is explicitly connected, resulting in up to %WZ edges and
a corresponding quadratic time cost. In the online setting, however, we can avoid both storing
and traversing this large adjacency list by replacing edge enumeration with an on-the-fly two-
dimensional range maximum query, yielding the near-linear SHoTClean-P shown in Algorithm 4.

Algorithm 4: Max-Weight Path Search in SHoTClean-P
Input: window series X = (Xoq, . . ., X;), speed limits Vipin, Vinax.-
Output: the index of max weight path e_id.

1 foreach k € [og, i] do

2 Ap max(xlid) — Vinintk), Bk < min(x](cd) — Vinaxtk);

3 dp[k] < s[k]; // path weight at k (Eq. 2)
4 Cr < s[k] - y(k—og); // time-decayed soft score

5 pts[k] «—{idx = k,A = A, Bphar = Bk, C = Cy,t = k—og}; // record structure with index,
projection, discretized index, time-decayed soft score, relative time
6 FenwickTree fenw;

7 Function CDQSolve(l,r):

8 if [ = r then

9 ‘ return

10 me— | (Il+r)/2];
11 CDQSolve (I, m);
12 left « sort(pts[1..m], key = (A, idx));
13 right «— sort(pts[m + 1..r], key = (4, idx));
14 iL < 0; // pointer in left part
15 foreach PR € right do

16 while iL < left.length A left[iL].A < PR.A do

17 k « left[iL].idx;

18 fenw.update(left[iL].Bpas, dplk]);

19 iL —ilL+1;

20 max_val « fenw.query(PR.Bpg;);

21 if max_val > 0 A ||PR.x — xX¢||2 = Vinin then

22 k «— PR.idx;

23 dp[k] « max{dp[k], max_val - y(PR.t) + PR.C};
24 fenw.clear();

25 CDQSolve (m + 1,r);
26 CDQSolve (1, N);
27 return e_id < argmax,y dp[og]
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Fig. 4. An lllustration of SHoTClean-P Algorithm

Specifically, we maintain a 2D Fenwick tree [26]. As each new point arrives, we update its
transformed coordinate values in the tree. To facilitate this, we define two auxiliary functions
(line 2): A(x, t) = max(x(? — Vpynt) and B(x, t) = min(x? — Viayt). These scalar mappings serve
as conservative approximations of the original multidimensional hard constraint. For any two
points x; and x;, if A; < A; and B; > B, then gives ||x; — Xj||2 < Viax(#; — t;); similarly, if
Aj < Ai - VL\/;—)"(ILI' — tj), then ||Xi - X_j||2 > Vmin(ti - tj).

By converting the hard constraint into scalar surrogates, we enable fast filtering with the
Fenwick tree. We then apply an exact hard constraint check to ensure the validity of each candidate
before updating DP table. This filter-and-verify scheme significantly accelerates computation while
maintaining full accuracy.

Specifically, we first map A-values as the outer indices of Fenwick tree and reverse-map B-values
(e.g., B in line 5) as the inner indices. This transformation converts the original adjacency-list-
based constraint check into a single range-maximum query. For each point x4, we directly query
max{dp[k] |k > 0g, Ax <Aog, Bk 2 Boy} on the Fenwick tree. Once we find the successor point x
that maximizes dp[k] and also satisfies the hard constraint with x,4, we add the current increment
and immediately update dp[og]. Since each update or query on a Fenwick tree requires O(log? W)
time, the dynamic program for one window runs in O(W - log? W) time.

Building on the Fenwick tree, we incorporate the CDQ divide-and-conquer strategy [16] to
enforce the temporal dependencies while evaluating the DP transition only across compatible
pairs. The merge clearly separates left-side insertions from right-side queries. Specifically, the
function CDQSolve(l, r) is the recursive subsolver that implements CDQ on the index range [, r].
It first bisects the range (line 10), solves the left half (line 11), and then performs the merge: left-
side indices are batch-inserted into a Fenwick tree keyed by By, (lines 16—19), then for each
right record PR issuing a suffix-maximum query at PR.Bp,; (line 20) to obtain maxye (s miq {dp[k]}
among candidates satisfying Ay < A,g and By > Byg. If the geometric constraint check passes, we
update dp (lines 21-23). After completing the right-side queries, we clear the Fenwick tree (line 24)
and recurse on the right half (line 25). Sorting by list A and querying by list B enforce the hard
constraints, while the CDQ recursion guarantees the temporal condition k < og.

Example 4. Consider a streaming time series (2,5,3,2,3,1,4,---) observed at timet = (1,2, --),
with window size W = 6, speed bounds Vipin = —2 and Vi = 2, deviation steepness a = 0.01, and
temporal decay factor f = 0.1, as shown in Fig. 4. When x; arrives, the following procedure is executed:

We begin by precomputing values A, B, B, soft scores over the current window, and time-decayed
soft score Cy = si - y(tx — t2) (Alg. 4, lines 1-5). Using the CDQ strategy and Fenwick tree, we then
recursively find the maximum-weight path that satisfies the hard constraint, which yields the optimal

\CDQ .2)] [cpQ3.3)  [cpQs,5)] [cpQ s, 6)
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path x3 — x4 — X5 — X and optimal successor x3. Since X, is excluded from this path and to be evicted,
we clean it by linear interpolation, resulting in x;, =x;+ Z:Z (x3—x1) =2.5. Finally, the cleaned point
x,, is removed from the window as the next data point arrives for subsequent cleaning.

Complexity Analysis. By combining the CDQ strategy with the Fenwick tree, SHoTClean-P
reduces the per-window complexity to O(W - logW), resulting in an overall time complexity of

O(N - W - logW), thus enhancing efficiency in large-window scenarios.

5 Multivariate Correlation Modeling

In the SHoTClean-S and SHoTClean-P methods, we aggregate Euclidean-distance deviations across
all dimensions and incorporate them into the soft constraint. Although this strategy achieves
reasonable results in practice (see Table 4), it neglects the latent causal relationships among
variables and thus underperforms in scenarios dominated by strong causal effects. To overcome this
limitation, we further propose SHoTClean-C, presented in Algorithm 5, which integrates causal
modeling directly into the soft constraint function to jointly clean multivariate time series.

To reduce online computation, we pretrain the causal model offline on the first 1% of the data
(line 1), denoted as X = (x4, ...,x7,) with Ty = 0.01n. Within this subset, we both accelerate the
training process and capture the primary features of the data distribution. Below, we detail the
steps for causal discovery and model fitting:

i) Causal Discovery. We employ the PCMCI algorithm [46] to identify causal relations in
multivariate time series (line 2). It detects lagged causal links through two phases: (a) a PC-style
condition-selection selects a small set of candidate parents for each variable; (b) an MCI test
that evaluates each candidate lag while conditioning on those selected parents to reduce false
positives from autocorrelation. Specifically, with a maximum lag zax, for each ordered variable
pair (i, j) € {1,...,D}?, and each lag 7 € [0, 7nax], function PCMCI (line 2) performs a condition-
selection step and then an MCI test based on partial correlation p;_, (7). Let S; j = {xfl_r, |(d', ")+
(i,7),d’ €[1,D], 7’ € [0, Tmax| } denote the conditioning set from first phase, we compute:

pims; (1) = ParCorr(x,_..x] | Sij.), (8)

where ParCorr denotes the sample partial correlation coefficient. We then obtain the two-sided
raw p-values P; j ; from the corresponding partial-correlation significance test:

Pije =Prlpimss (D] # [p8%(2))), )

Algorithm 5: Offline Causal Training of SHoTClean-C
Input: time series X, maximum lag 7.«
Output: weight matrix ©, bias vector b

1 X «— (X1,X2,...,X1,);

2 Q « FDR_correct(PCMCI(X, Tmax)) ;

3 foreach j « 1 toD do

Par; « {i | 3t € [0, Tmax], Qli, j, 7] < apc};
if Par; = 0 then

‘ continue

F«— X[2:Ty,Parj], y« X[2:To,jl;
y ~ FO/ + b/; // fit linear regression
foreach k < 1 to |Par;| do

10 ‘ O[j, Parji] « 9£;

11 b[j] « b/
12 return weight matrix ©, bias vector b

(- - L
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where Pr(-) denotes the probability under the null of conditional independence, and p;?Ef (1)
denotes the observed partial correlation computed from the actual dataset.

ii) Multiple-Testing Control. Let M = D?(zyay + 1) be the total number of tests and P; < -+ - <
Py be the sorted p-values. Due to PCMCI performs M parallel tests, we use Benjamini-Hochberg
(BH) correction [8] to control the expected false discovery rate across these tests (line 2). The
function FDR_correct(-) implements the BH procedure and returns the BH-adjusted g-values:

P.M
Ok = min , k=1,... M (line 2), (10)
m>k m

followed by the monotonicity enforcement Q k) «—min{Q ), Q(x+1)} from tail to head. We then
map these values back to their original (i, j, 7) indices as Q; j . Given a significance threshold apc
of BH correction, the parent set Par; of each variable j is defined as:

Parj = {i € [1,D] | 3r € [0, Tmax] : Qi j,r < apc} (line 4), (11)

with size p; = |Par/|.

iii) Linear Fitting. For each variable j with non-empty parent set Par; (lines 5-6), we build a
feature matrix F/ e R(T~D*P; from the lagged parent series (line 7). Subsequently, the regression
coefficient vector @’ and the intercept b/ are estimated via the ordinary least-squares model
y ~ FOJ + b/ (line 8). Finally, we assemble all 6/ into coefficient matrix ® € RP*P (lines 9-10) and
collect intercept terms into vector b (line 11) to form the online linear predictor.

In the online phase, we apply the coefficient matrix © and bias vector b learned from the
offline to generate each forecast via the linear model X; = ®x;_; + b. To quantify how well each
new observation adheres to the learned causal structure, we define the causal consistency score
Scausal = exp(—||x; — 5(,-||§), which penalizes large residuals. A low causal score implies that the
current observation deviates significantly from the expected behavior implied by the historical
causal structure, suggesting potential dirty points.

Concurrently, we compute a statistical score ss:q:s based on Eq. 2, and fuse it with the causal
consistency score s.qsq; to obtain a statistical-causal soft constraint:

Sstats—causal = Wstats * Sstats T Weausal * Scausals (12)
where Wszars + Weausal = 1, allowing for a trade-off between statistical regularity and causal
consistency. In SHoTClean-C, we replace the origin soft score with $;;4s5—causar to uncover causal
relationships among variables.

Please note that the causal component is intentionally designed to be lightweight. The ordinary
least-squares predictor achieves nearly linear computational complexity with respect to data size,
which is critical for streaming scenarios. This represents a deliberate trade-off between accuracy (see
Table 4) and efficiency (see Fig. 5). In contrast, while nonlinear models yield modest performance
improvements in certain cases, the gains are limited relative to their substantial computational
overhead, making them unsuitable for online streaming settings (see Section 6.8).

Complexity Analysis. The offline training has a worst-case time complexity of O(Ty - D* + D*).
However, since Ty = 0.01n and D is typically constant in practice, this cost becomes negligible
for large n. For online inference, computing the causal consistency score Sgtats-causal requires only
O(W - D?) time per window, demonstrating significant computational efficiency. This theoretical
analysis aligns with our experimental results shown in Fig. 5.

6 Experiment

We evaluate the SHoTClean framework (comprising four constituent algorithms) via the following
Research Questions (RQs), assessing the cleaning accuracy, computational efficiency, robustness,
parameter sensitivity, downstream task, and scalability:
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Table 2. Dataset Statistics

Dimension Dataset Length # dim Source Field
TOTALSA [53] 593 1 FRED Trade
STOCK [51] 12,824 1 SCREEN Finance
COVID-19 [24] 14,001 1 JHU CSSE Health
CA [14] 43,824 1 CaliforniaISO  Energy
ID_ad0b [44] 137,898 1 AlOps KPI
2
2

Univariate

Porto [39] 16,749 Kaggle Trajectory

ECG[38] 650,000 MIT-BIH Health

Exchange [35] 7,588 8 LSTNet Finance

— AEP [15] 19,735 21 UCI Energy

Multivariate PSM [1] 132,481 25 eBay Server
SWaT [37] 14,996 26 iTrust Industrial
WADI [3] 784,537 73 iTrust Industrial

RQ1: How does SHoTClean perform compared with the state-of-the-art univariate and multivariate
time-series cleaning baselines?

RQ2: How does the running efficiency of SHoTClean?

RQ3: How robust is SHoTClean under different dirty rates, dataset scales, noise schemes, and
naturally occurring noise?

RQ4: How do key components affect SHoTClean’s performance?

RQ5: How sensitive is SHoTClean to hyperparameter settings?

RQ6: How does SHoTClean affect downstream task performance?

RQ7: How does SHoTClean scale with hard constraints and nonlinear predictors?

6.1 Experimental Settings

6.1.1 Datasets. We evaluate SHoTClean on 12 real-world datasets, with statistics summarized in
Table 2. These datasets are widely used in time series research [18, 31, 52, 60] and exhibit diverse
characteristics across five key dimensions: (1) they cover eight distinct application domains (energy,
finance, etc.); (2) sampling frequencies range from seconds (WADI) to months (TOTALSA), including
irregular patterns (PSM); (3) data quality varies from near-pristine to heavily contaminated (SWaT);
(4) inter-variable correlations range from strong (Exchange) to negligible (Porto); and (5) scale
varies from small univariate sets to large multidimensional collections (more than 100K records).

Through comprehensive experiments on these diverse datasets, we rigorously evaluate the
robustness and cleaning accuracy across multiple challenging scenarios: (1) different dirty cor-
ruption levels, (2) varying temporal dependencies (short- and long-term), (3) extremely high dirty
rates, (4) different noise schemes, and (5) naturally occurring errors. We primarily present the
robustness results on two representative datasets: the univariate CA dataset and the multivariate
SWaT dataset. The CA dataset covers a wide range of value magnitudes, which poses challenges to
data cleaning algorithms in handling both large spikes and small jumps. In contrast, SWaT typifies
high-dimensional industrial control system data characterized by strong inter-variable couplings
and severe contamination, making it ideal for stress-testing multivariate modeling, latency, and ro-
bustness. In addition, the COVID-19 dataset is used to investigate the scalability of hard constraints,
while the ECG dataset is used to evaluate the adaptability to naturally occurring errors.

6.1.2 Noise Injection. To ensure fair and direct comparability with state-of-the-art methods [21,
31, 51, 55], we implement a standardized evaluation protocol using Gaussian noise injection at
randomly selected points. Specifically, for each selected timestamp ¢ and dimension d, we perturb
the value with i.i.d. Gaussian noise:

N N V) (13)
Here, s, is set to 0.3 times the mean of the ground-truth series. The noise is injected in a point-wise
manner; for multivariate datasets, it is applied consistently across all dimensions to maintain
cross-channel consistency, which is typical in multi-sensor systems.
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Table 3. The Evaluated Baselines

Dimension Algorithm  Scenario Type
EWMA online smoothing
SCREEN online constraint
Univariate SpeedAcc online constraint
LsGreedy online statistical
Akane offline statistical
ARIMA offline smoothing
Clean4MTS offline  constraint+statistical
MTCSC online  constraint+statistical
TranAD online anomaly detection
Multivariate  ImDiffusion online anomaly detection

SHoTClean-B  offline  constraint-+statistical
SHoTClean-S  online  constraint+statistical
SHoTClean-P  online  constraint+statistical
SHoTClean-C  online  constraint+statistical

We keep all native anomalies that already exist in datasets such as SWaT and WADI without
any preprocessing removal, and directly inject noise into these two datasets to emulate realistic
deployment scenarios where sensor faults and stochastic noise coexist, allowing the evaluation
to capture cleaning performance under naturally contaminated conditions. This setup increases
the challenge of data cleaning while more faithfully highlighting the robustness, stability, and
end-to-end effectiveness of different methods in environments where noise and anomalies coexist.

6.1.3 Baselines. As shown in Table 3, we compare the SHoTClean series against 10 representative
algorithms across five categories:
i) Smoothing-based methods: EWMA [29] suppresses dirty points using weighted moving aver-

ages, while ARIMA [10] captures trends via autoregression, differencing, and moving averages.

ii) Constraint-based methods: SCREEN [51] flags dirty points using speed constraints, while
SpeedAcc [50] enforces both speed and acceleration bounds.

iii) Statistical-based methods: LsGreedy [59] segments the series greedily based on least-squares
residuals, while Akane [31] models perplexity distributions to flag outliers.

iv) Hybrid methods: Clean4MTS [20] jointly applies physical constraints and linear relationships
among variables, while MTCSC [60] combines clustering with multivariate speed constraints.

v) Anomaly-detection-based methods: TranAD [52] reconstructs sequences via a Transformer

and flags anomalies by reconstruction error, while ImDiffusion [18] imputes values via a diffusion
model and scores anomalies by imputation error.

For univariate-only algorithms, we decompose the input multivariate series into individual
dimensions. Then, we apply the univariate-only method separately to each univariate component.
Finally, we aggregate dimension-level results into comprehensive metrics. Note that, for the fairness
of comparison, we evaluate all approaches in their native operational environments: i) Batch
methods: offline setting with full data access and ii) Streaming methods: online scenario with
sequential data arrival.

6.1.4 Evaluation Metrics. We evaluate our method using three metrics: Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Relative Repair Accuracy (RRA) [21, 51].

RRA measures how effectively the cleaned data converges toward the true values compared to
the original dirty observations. Its value ranges from 0 to 1, with values closer to 1 indicating better
repair performance. Formally, it is defined as follows:

d =(d
1(121 Z?:l |X;( )_Xi( )|

d '(d d «(d) )’
{1_1 5:1 |X( )_Xi( )|+Z?:1 5:1 |X( )_xi( )|

i i

RRA=1-

(14)
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Here, Xl(d) denotes the data after noise injection, x;(d) denotes the cleaned data, and x?(d) denotes
the pre-noise (ground truth) data. For SWaT and WADI, which inherently contain anomalies, we
do not apply preprocessing to obtain ground truth. Instead, following the common practice in prior
work [21], we treat the original datasets as the ground truth to compute the metrics.

The rationale is that data cleaning typically aims to suppress measurement noise while preserving
genuine anomalies, which are crucial for tasks such as anomaly detection and root-cause analysis.
Since anomalies capture atypical but meaningful behavior, removing them would harm downstream
tasks. Therefore, following prior work [21], our methods and all baselines only clean the dirty
points (or the dirty points within anomalous segments), without altering the anomalies.

6.1.5 Implementations. The parameters of SHoTClean are set as follows: @ = 0.01, f = 0.1,
K =5 W =10, Wears = 0.5, Weausal = 0.5, Tmax = 2. All experiments were conducted on a CentOS
7 server equipped with two Intel(R) Xeon(R) E5-2650 v4 12-core 2.20 GHz CPUs, 128 GB of RAM,
and an NVIDIA RTX 3090 GPU. More implementation details can be found in the code.

6.2 Overall Performance Evaluation (RQT)

Table 4 presents an overall performance evaluation across all datasets. It distinguishes between
offline (gray-shaded) and online (unshaded) scenarios, with best results highlighted in bold. We
evaluate all methods under a fixed dirty rate of 20%, artificially inject dirty points. Missing entries
("-") indicate method-dataset incompatibilities, particularly when methods designed solely for
multivariate data are applied to either univariate datasets or two-dimensional dataset (e.g., Porto).

In the offline setting, SHoTClean-B significantly outperforms all baselines on both univariate and
multivariate datasets, demonstrating 58.5% average RMSE reduction, 69.0% MAE improvement, and
20.0% average RRA increase versus the second-best methods. This consistent superiority validates
our constrained optimization framework’s effectiveness for batch processing.

In the online setting, all three SHoTClean variants achieve the top scores on both univariate and
multivariate datasets. Notably, SHoTClean-C delivers dramatically superior cleaning performance
on multivariate data: reducing RMSE by an average of 49.39%, MAE by 70.88%, and improving
RRA by 15.84% compared to the second-best methods. As observed, the existing methods’ inability
to capture cross-variable causal relations limits their cleaning accuracy. In contrast, our causal
modeling provides statistically significant improvements while maintaining robustness.

We also yield the following observations: (i) smoothing-based methods are effective for han-
dling gradual distribution shifts but suffer from over-smoothing artifacts in heterogeneous data
environments, often obscuring important features; (ii) constraint-based methods, which rely on
physical bounds such as speed and acceleration, effectively suppress outliers, achieving moder-
ate overall performance; (iii) statistical-based methods, while mathematically rigorous, exhibit
inconsistent results and incur significantly higher computational costs when dealing with diverse
distributions and high-dimensional nonlinear coupling (as shown in Fig. 5); (iv) hybrid methods
integrate multiple strategies to achieve robust and balanced cleaning across most datasets, with
MTCSC performing particularly well in varied environments; (v) anomaly-detection-based methods
primarily identify outliers rather than performing full end-to-end cleaning, resulting in inferior
performance in comprehensive data cleaning tasks. Overall, the SHoTClean series, through fusion
of soft and hard constraints and incorporation of cross-dimensional causal modeling, effectively
suppresses diverse dirty types while preserving fine-grained features, demonstrating superior
robustness and precision across a wide range of conditions.

Beyond the main results, comparisons among SHoTClean variants yield several insights. For
example, while offline methods generally outperform online ones intuitively, SHoTClean-B performs
worse than online variants on the WADI dataset. The reason is that SHoTClean-B estimates global
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Table 4. The Overall Performance Comparison of All Methods on All Datasets (20% Dirty Rate)

Algorithm TOTALSA STOCK CA ID_a40b Porto

RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA
Arima 1.25 0.42 43.19 496 1.78 58.88 227739 777.43 39.29 151.99 49.19 5521 0.096 0.0280 48.86
Akane 0.99 0.34 68.97 1.16 0.31 90.74 705.60 234.05 89.40 196.58 60.07 42.55 0.024 0.0410 93.78

Clean4MTS - - - - - - - - - - - - - - -
SHoTClean-B  0.75 0.24 80.75 0.57 0.15 95.63 657.61 196.08 90.83 77.41 2271 86.03 0.007 0.0010 94.78
EWMA 1.65 1.22 46.07  2.30 1.63  66.50 335591 2674.43 40.05 143.80 108.48 57.92 0.042 0.0305 69.49
SCREEN 1.24 0.63 52.06 2.54 1.55 62.01 2024.51 1103.74 5434 161.45 82.73 53.42 0.049 0.0297 54.48
SpeedAcc 1.27 0.65 50.75 2.62 1.64 60.40 2784.79 2068.73 38.24 165.69 8598 51.98 0.046 0.0285 55.24
LsGreedy 1.03 0.41 53.65 1.63 0.64 7796 1917.8 760.51 47.77 191.92 72.89 2431 0.016 0.0041 94.57
MTCSC 0.81 0.26 79.02 0.57 0.15 95.61 820.63 26447 87.82 76.21 2246 86.26 0.011 0.0020 91.18
TranAD 1.01 0.30 72.00  3.05 0.95 64.06 2367.07 899.86 62.10 287.57 98.69 49.26 0.124 0.0401 92.31

ImDiffusion - - - - - - - - - - - - - - -

SHoTClean-S  0.83 0.28 7824 056  0.15 9557 783.06 264.34 87.89 7584 2238 86.37 0.010 0.0017 91.58
SHoTClean-P  0.72 0.23 8182 0.51 0.14 96.10 703.60 207.84 90.28 70.29 19.44 88.08 0.012 0.0019 91.54

SHoTClean-C - - - - - - - - - - - - 0.008 0.0012 94.59
Algorithm Exchange AEP PSM SWaT WADI

& RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA RMSE MAE RRA

Arima 0.050 0.0161 58.39 2.94 0.82 65.11 0.051 0.016 56.20 10.84 3.09 64.89  17.95 1.08 54.06

Akane 0.020  0.0043 91.68 0.82 0.16  93.22 0.038 0.010 75.62 7.50 1.52 86.62 17.76 1.17 63.06

CleandMTS 0.074 0.0218 4233 374 1.07 2513 0.051 0.017 18.35 19.17 553 2083 30.52 2.27 4.17
SHoTClean-B  0.002 0.0004 99.03 0.09 0.01 99.53 0.006 0.001 96.37 0.80 0.01 99.80 13.20 0.27 92.24
EWMA 0.022 0.0141 76.82 237 1.23  63.32 0.019 0.017 7374 572 203 76.01 1229 119 72.53
SCREEN 0.052 0.0236 52.23  3.03 113 3388  0.047 0.018  32.86 7.39 247  67.24 1259 0.69 81.34
SpeedAcc 0.053  0.0241 51.46  3.05 113 3371 0.047 0.018  32.83 7.07 244 6746 1270 0.69 81.21
LsGreedy 0.019 0.0060 86.32  1.96 0.60 65.31 0.047 0.016  25.02 8.26 141 7432 26.94 1.59 10.02
MTCSC 0.017  0.0048  89.65 1.84 0.61  65.57 0.029 0.009  68.39 1.88 029 9559 5.79 0.13 96.06
TranAD 0.088  0.0295 25.69  3.75 1.15 2540  0.053 0.021 32.16  19.19 5.58 18.15  30.14 2.36 23.22
ImDiffusion 0.090 0.0291 2395 3.90 116 2213 0.055 0.018 18.39  17.46 4.69 19.13  30.20 2.22 9.29
SHoTClean-S 0.017 0.0049 89.34 1.86 0.63 65.09  0.029 0.009  68.55 1.66 029  95.61 5.32 0.12 96.35
SHoTClean-P  0.016 0.0044 90.45 177 0.59  67.01 0.027 0.008  71.10 1.57 027 9583 5.64 0.12 96.37
SHoTClean-C 0.006 0.0010 98.01 0.33 0.04 98.13 0.006 0.001 96.33 1.03 0.02 99.70 5.29 0.09 97.12

statistics from the available (potentially dirty) data (Def. 3), which is unreliable in contaminated
datasets like WADI. In contrast, online variants compute window-local statistics and use the optimal-
scoring node as the interpolation anchor, making them more robust and occasionally superior to
the offline one on contaminated data.

Moreover, we can find that SHoTClean-P is both faster and slightly more accurate than SHoTClean-
S across most datasets. Algorithmically, SHoTClean-P augments SHoTClean-S with the CDQ strat-
egy and Fenwick tree, replacing exhaustive edge enumeration with range maximum queries and
reducing the per-window DP from O(W?) to O(W -logW). Additionally, its filter-and-verify scheme
eliminates redundant enumeration and updates within each window, reducing approximation bias
and numerical overhead. Consequently, SHoTClean-P achieves a moderate gain over SHoTClean-S.

From these observations, we can derive practical guidance: for offline batch, SHoTClean-B is
recommended; for online streaming, SHoTClean-C is preferable. Since SHoTClean-C is designed
only for multivariate data, it should be avoided in univariate settings.

6.3 Efficiency Evaluation (RQ2)

We proceed to evaluate the efficiency of the ShoTClean series. Unlike most existing studies [31, 50,
51,59, 60] that evaluate cleaning efficiency on small datasets, we assess time-cost performance under
more demanding conditions by applying the methods to the large-scale high-dimensional SWaT and
WADI datasets, validating both efficiency and practical applicability. To ensure a fair comparison,
we replace the standard multivariate SHoTClean-P with its univariate variant SHoTClean-P(Uni),
aligning its processing capabilities with other single-dimensional methods while retaining the
multivariate implementations for the remaining SHoTClean series. The results are shown in Fig. 5.

The experiments reveal that most existing methods cannot process large-scale high-dimensional
datasets efficiently. Specifically: (i) Among smoothing-based methods, EWMA is the fastest as it
computes weighted moving averages without any model fitting, while ARIMA incurs substantial
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Fig. 6. Performance Comparison vs. Varying Dirty Rates

overhead from iterative estimation of autoregressive and moving-average coefficients. (ii) For
constraint-based methods, SCREEN’s single-pass speed-constrained scan outperforms univariate
methods, whereas SpeedAcc’s two-stage dynamic programming approach introduces significantly
higher latency. (iii) Statistical-based methods exhibit particularly poor scalability on the WADI
dataset: LsGreedy repeatedly builds and updates probabilistic speed-change models for each point,
and Akane performs symbolic clustering before estimating conditional probabilities through a
Markov chain. Both methods require over 20 hours of computation, making them impractical for real-
world applications. (iv) Among hybrid methods, MTCSC balances speed and accuracy effectively
through its combination of speed constraints and windowed clustering, while Clean4MTS suffers
from slower model construction due to its four-stage framework. (v) Anomaly-detection-based
methods also incur substantial delays because of offline pretraining and fine-tuning requirements.
(vi) Overall, the multidimensional SHoTClean series combines the low latency of hard-constraint
techniques with robust dirty suppression and fine-grained signal preservation, achieving up to two
orders of magnitude greater efficiency than SOTA methods. These advantages make it particularly
suitable for real-time streaming applications.

6.4 Robustness Evaluation (RQ3)

We then assess the robustness of SHoTClean via a series of key experiments: i) an analysis under
varying dirty rates (Fig. 6); ii) an analysis across varying dataset sizes (Fig. 7 (a)); iii) an evalua-
tion under high dirty-rate conditions (Fig. 7 (b)); iv) an assessment with different noise-injection
strategies (Fig. 8); and v) a validation on dataset with natural noise (Fig. 9).

i) Varying Dirty Rates. Using the representative univariate CA dataset and multivariate SWaT
dataset, the results are shown in Fig. 6. As the proportion of dirty points increases, the SHoTClean
series exhibit only a modest rise in RMSE on the CA dataset, indicating strong resistance. In terms
of the SWaT dataset, SHoTClean-C exhibits minor fluctuations yet still achieves the best cleaning
accuracy. These results confirm that by integrating soft and hard constraints with cross-dimensional
repair and causal-dependency modeling, the SHoTClean series effectively mitigates performance
degradation and demonstrates consistent robustness across varying dirty rates.

ii) Varying Dataset Sizes. Using SWaT dataset with a fixed 20% dirty rate, we progressively scale
the dataset size from 10% to 100%, the results are shown in Fig. 7 (a). As the size grows, statistical-
based and anomaly-detection-based methods exhibit pronounced performance variability, whereas
other methods remain relatively stable. Particularly, SHoTClean series consistently achieves the
lowest RMSE with minimal fluctuation, demonstrating both robustness and scalability.
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iii) High Dirty Rates. We evaluate the RRA metric under extreme 80% dirty-rate conditions,
the results are shown in Fig. 7 (b). Since SHoTClean-C’s exclusive design for multivariate data,
we employ SHoTClean-S for univariate datasets and implement a combined SHoTClean-S(C)
approach for online evaluation. Clean4MTS and ImDiffusion—being inapplicable to one-dimensional
data—are omitted from this comparison. As observed, ARIMA and LsGreedy fail completely while
other baseline methods exhibit substantial performance degradation. Notably, EWMA maintains
competitive RRA performance due to its inherent smoothing capability, and TranAD performs even
better at high dirty rates than at low ones. In both offline and online scenarios, the SHoTClean
series demonstrates high robustness, particularly on large-scale high-dimensional datasets.

iv) Varying Noise Schemes. To further evaluate robustness under various noise-injection
schemes, we extend the default point-wise injection by introducing two additional schemes:
contiguous-segment injection (corrupting a continuous time window) and partial-dimension in-
jection (corrupting a subset of features), with results in Fig. 8. Across both settings, SHoTClean
consistently outperforms the baselines thanks to soft-constraint design: for contiguous-segment
noise, it assigns low soft scores to the disturbed segments; for partial-dimension noise, SHoTClean-C
uses causal residuals to penalize cross-dimensional consistency. Overall, the SHoTClean series not
only achieves state-of-the-art performance under point-wise noise but also excels across diverse
noise schemes, demonstrating strong robustness and broad applicability to real-world scenarios.

v) Natural Noise. To further assess external robustness to naturally occurring errors, we evaluate
SHoTClean on an ECG dataset derived from the MIT-BIH Arrhythmia Database. Unlike synthetic
corruptions such as Gaussian noise injections or random missingness, this dataset contains real-
world electrophysiological disturbances, offering a more realistic testbed. As shown in Fig. 9,
the SHoTClean series outperforms baselines across every metric, benefiting from soft and hard
constraints that underpin strong cross-distribution generalization, which reduce over-smoothing
on small jumps and enhance sensitivity to large spikes. These findings are consistent with our
results under synthetic noise (Table 4), indicating that SHoTClean is not limited to synthetic noise
injection and extends effectively to data with naturally occurring errors.

6.5 Ablation Study (RQ4)

We evaluate the contributions of the soft constraint mechanism in SHoTClean-B and of the causal
modeling in SHoTClean-C. For causal modeling, we use the SWaT dataset to evaluate causal
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Fig. 11. Parameter Sensitivity Study

inference capabilities. As shown in Fig. 10, both the soft constraint and causal modeling significantly
improve cleaning performance. These enhancements arise from their complementary strengths:
the soft constraint enables fine-grained detection by identifying small jumps without excessively
penalizing boundary values, while causal modeling effectively captures inherent inter-variable
dependencies, enabling more accurate detection and precise repair.

6.6 Parameter Study (RQ5)

Fig. 11 presents the sensitivity analysis of six key parameters: soft-constraint deviation steepness
(@), temporal-decay factor (f), pruning length (K), window size (W), maximum lag (z,4x), and
statistical soft-score weight (wszars). We evaluated 7,45 and wg;qes on the SWaT dataset as they are
specific to multivariate data analysis, while testing the remaining parameters on the CA dataset.
Overall, the following observations demonstrate the robustness of our method under parameter
variations. First, Fig. 11(a) reveals that optimal performance around a ~ 0.01 and f = 0.1, with
smaller « values yield smoother constraint transitions while larger f values strengthen temporal
decay effects. Second, Fig. 11(b) shows that, when % > 3, pruning achieves runtime improvements
of three orders of magnitude without compromising cleaning accuracy. Third, comparative analysis
in Fig. 11(c) indicates that the SHoTClean is more robust to window size and maintains stable RMSE
(A = 7%) compared to SpeedAcc (A = 65%) and MTCSC (A =~ 260%). Finally, Fig. 11(d) confirms
that adjustments to both 7,5, and w45 have only a negligible effect on overall performance.

6.7 Case Study: Downstream Task (RQ6)

To assess the fidelity of data distribution preservation, we fix dirty rate at 20%, and employ both
qualitative and quantitative measures: i) t-SNE visualizations [36] to inspect structural preservation,
and ii) Dynamic Time Warping (DTW) distance [47] to quantify distributional similarity.

i) As shown in Fig. 12, the t-SNE visualization reveals distinct patterns of cleaning effectiveness.
When cleaned data points (blue) closely overlap with ground-truth points (orange), this indicates op-
timal cleaning while preserving the higher-order structure. Conversely, visible separation between
the colored clusters suggests either excessive smoothing of meaningful features or incomplete dirty
elimination. Notably, the SHoTClean series demonstrates superior performance with near-perfect
alignment between cleaned and ground-truth points, reflecting its exceptional capability to maintain
both local neighborhood relations and global structure in the high-dimensional manifold.

ii) As shown in Fig. 13, the DTW analysis provides complementary quantitative evidence. The
gray reference line represents the DTW distance between raw (uncleaned) data and ground truth.
Most comparative methods perform at this baseline level, indicating substantial distortion of the
original data distribution during cleaning. In striking contrast, SHoTClean achieves DTW values
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consistently two orders of magnitude lower than competing methods, demonstrating its unique
ability to simultaneously clean while preserving the essential features of the true data distribution.

6.8 Scalability Study (RQ?7)

To assess the scalability of SHoTClean, we extend i) the hard constraint to enforce monotonicity
and ii) the linear OLS predictor to nonlinear variants.

i) Hard Constraints Extension. To verify the generality, we extend the instantiation from
speed to monotonicity constraints. Specifically, we assess SHoTClean-B on a monotonicity test
derived from COVID-19 datasets [24], which record cumulative counts of confirmed cases, deaths,
and recoveries. Since these data are strictly non-decreasing, we set Vi,in = 0 to enforce monotonicity.
As shown in Table 5, our method maintains strong RRA performance, confirming that it generalizes
beyond speed constraints and can be adapted to other realistic forms of physical consistency.
However, for higher-order constraints (e.g., acceleration constraint involving triplets of points),
an extension would be required by augmenting the DP state to include two previous nodes and
redefining feasible hyper-edges. We consider this an interesting direction for future work.

ii) Nonlinear Predictor Extension. In SHoTClean-C, we use a linear predictor (OLS) to compute
residuals and strengthen the soft scores. To examine whether nonlinear predictors better capture
inter-dimensional dependencies, we replace OLS with tree-based (Random Forest [11]), kernel-based
(RBF [32]), neural network (MLP [45]), and information-theoretic (Transfer Entropy [48]) predictors.
As shown in Fig. 14, these nonlinear predictors yield notable gains on strongly causal datasets
(e.g., Exchange, UCI), but offer limited or even degraded performance on weakly or non-causal
datasets (e.g., PSM, Porto). Moreover, nonlinear models incur substantial computational overhead,
reducing scalability on large-scale, high-dimensional datasets. However, both linear and nonlinear
predictors achieve state-of-the-art performance compared with other baselines (Table 4), validating
the effectiveness of soft-hard constraints and causal discovery in data cleaning. In practice, we
therefore recommend using OLS as the default predictor and introducing nonlinear predictors only
when computational budget permits or when strong causal dependencies are expected.
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Table 5. RRA Performance Under Monotonicity Constraint

Country | Confirmed Recovered Deaths | Average
China 99.02 99.79 98.86 99.22
France 99.09 98.95 99.84 99.29
Russia 99.85 99.79 99.94 99.86

UK 99.78 98.04 99.99 99.27
us 99.82 98.3 99.85 99.92

7 Related Work

Smoothing-based methods constitute a fundamental class of techniques for time series data
cleaning, primarily addressing numerical noise suppression in raw observations. The simplest
implementation, the moving average (MA) [13], replaces each data point with the mean of values
within a fixed sliding window. A more sophisticated variant, the exponentially weighted moving
average (EWMA) [29], enhances this approach by applying exponentially decaying weights to
historical observations to better capture recent temporal trends. Beyond these filtering techniques,
autoregressive (AR) [57] models utilize historical data to predict current values, with dirty points
detection performed through residual analysis. The combination of AR and MA components forms
the ARMA model [4], while incorporating differencing yields the ARIMA framework [10], both
widely adopted in time series cleaning applications [17, 19]. While effective for dirty reduction,
MA-based filters inherently violate two fundamental cleaning principles: the minimal fix principle [2]
by uniformly modifying all points, and the minimal change principle [9] through indiscriminate
smoothing. AR-based models rely on linearity assumptions rendering them inadequate for capturing
nonlinear transitions or complex higher-order dependencies, leading to either under-detection of dirty
points or over-smoothing of legitimate variations in highly dynamic real-world environments.

Constraint-based methods (i.e., hard constraints) formulate time series cleaning as either a
constraint-satisfaction or optimization problem by explicitly incorporating data-integrity rules
and physical constraints derived from domain knowledge. The foundational work by Golab et
al. [30] proposes the Sequence Dependency algorithm, which identifies and corrects consecutive
value pairs violating predefined attribute dependencies. Following this direction, SCREEN [51]
enforces precise speed constraints, and is extended to multi-speed constraints scenarios [28], while
SpeedAcc [50] further incorporates acceleration constraints into it. However, these methods struggle
to detect small jumps and uncover latent causal or higher-order interactions among coupled variables.
Most significantly, their computational complexity of the repair space search grows prohibitively as the
number and dimensionality of constraints increase, severely limiting their applicability to real-time
streaming scenarios where low-latency processing is essential.

Statistical-based methods (i.e., soft constraints) address data cleaning by leveraging probabilis-
tic frameworks to identify and correct dirty points while preserving underlying data distributions.
For instance, IR-MHMM (6] utilizes a multivariate hidden Markov model to handle uncertainty in
RFID time series by inferring the most probable hidden states. Similarly, LsGreedy [59] optimizes
data cleaning by maximizing sequence likelihood to greedily select the best repairs—a principle
subsequently validated and extended by multiple studies [43, 58]. Additional approaches include
Wang et al’s [54] probabilistic modeling of speed changes to distinguish legitimate variations from
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anomalous outliers, and Akane’s [31] adaptation of perplexity metrics to formalize time-series
cleaning as a perplexity minimization problem. Despite their effectiveness, statistical-based methods
face practical limitations. First, these methods are largely confined to univariate data and linear
relations, limiting their ability to capture complex nonlinear interactions or multivariate dependencies.
Second, the computational complexity of techniques like hidden Markov models and perplexity opti-
mization grows exponentially with data dimensionality or sequence length, making them unsuitable
for real-time cleaning of large-scale high-dimensional time series data.

Hybrid methods integrate both hard constraints and statistical modeling to achieve more
precise detection and repair of dirty points at finer granularity. For example, MTCSC [60] ex-
tends speed constraint across multiple variables and integrates clustering to improve cleaning
accuracy; MTSClean [21] and Clean4dMTS [20] apply both row-level constraints (inter-variable
linear relationships) and column-level constraints (speed, acceleration) for comprehensive data
cleaning. Cleanits [23] augments sequence constraints with statistical correlations to achieve
more precise missing-value imputation, while Clean4TSDB [22] introduces time-series dependency
constraints to capture broader contextual relationships. While demonstrating improved cleaning
performance, current hybrid methods typically specialize in either high-precision dirty points detection
or sophisticated repair mechanisms, rarely achieving both capabilities within a unified framework.
This specialization creates practical challenges when handling complex real-world datasets requiring
both sensitive detection and nuanced repair strategies.

Anomaly-detection-based methods have proven effective for data cleaning tasks in recent
studies [31, 55, 60]. TranAD [52] employs transformer-based encoder—decoder networks trained
adversarially to reconstruct input sequence windows; ImDiffusion [18] masks portions of the raw
data and then uses a diffusion model to predict the missing values. Both of these reconstruction-
or prediction-driven methods can both detect anomalies and directly use the reconstructed or
predicted sequences as cleaned output. Beyond these, distance-based [12] or clustering-based [25]
anomaly detectors can offer cleaning suggestions by replacing outliers with the nearest clean point
or the cluster centroid. While effective at identifying contiguous dirty segments, they often demonstrate
limited sensitivity to isolated dirty points. Second, their batch-based detection approach frequently
results in over-cleaning by flagging entire sequences as dirty. Most significantly, their performance
is particularly vulnerable to noise in training samples, which can compromise the reliability of both
detection and cleaning outcomes.

8 Conclusion

This study tackles fundamental challenges in multivariate time-series data cleaning: (1) accurate and
efficient detection of subtle dirty points and (2) effective utilization of inter-variable dependencies.
Specifically, we propose the SHoTClean series, through a novel constraint-optimization framework
that harmoniously integrates soft and hard constraints. The experiments demonstrate that the
SHoTClean series consistently outperforms baselines, including both offline and online applications,
as well as univariate and multivariate datasets. In the future, we will incorporate probabilistic
reasoning to increase the flexibility of soft constraints. Also, we plan to extend hard constraints
such as acceleration to capture richer feature patterns and better adapt to real-world scenarios.
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