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Abstract

Data cleaning and automated machine learning
(AutoML) are both crucial for reliable learning
systems, yet are commonly treated as indepen-
dent or sequential stages. This separation ignores
their strong interaction and leads to inefficient use
of limited computational budgets. We propose
DMCO, a unified framework that jointly opti-
mizes data cleaning and model construction under
a fixed resource budget. DMCO reformulates the
traditional two-stage pipeline into a time-sliced
process, where data cleaning and AutoML are in-
terleaved and adaptively scheduled. We introduce
a gradient-based data cleaning sampling strategy
with theoretical guarantees for minimizing gra-
dient estimation variance, and integrates it with
loss-driven sampling and progressive AutoML fit-
ting to continuously leverage intermediate data
quality improvements. Experiments on six real-
world datasets show that DMCO consistently out-
performs standalone data cleaning and AutoML
baselines on both classification and regression
tasks, as measured by F1 score and MSE. Under
limited budgets, DMCO achieves up to 82.19%
of the performance of full data cleaning with ex-
haustive AutoML, while remaining robust across
different AutoML frameworks.

1. Introduction

The rapid deployment of Al in high-risk sectors like health-
care and finance makes machine learning system reliability a
central challenge (Kaur et al., 2022). However, performance
is fundamentally constrained by data quality, not just model
architecture. Dirty data characterized by missing values or
noise induce systematic biases and decision boundary shifts,
leading to significant business risks and safety hazards in
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Table 1. Data cleaning and AutoML methods. (For cleaning cost,
(1) indicates fully automated, (2) indicates requiring human.)
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Target Representative Aware Data Quality Cost
Dat HoloClean O No vHigh @))
ata Baran O No vHigh 2)
ActiveClean v Yes v High 2)
Data BoostClean vYes (O Nocleaned data  (2)

CPClean vYes (O Nocleaned data (1)

Data Transformation () No () Not considered @)
Data  Feature Selection v'Yes (O Not considered (1) or (2)
Missing Imputation () No v High (1) or (2)

auto-sklearn v'Yes (O Not considered [€))]
Model Auto-WEKA v'Yes (O Not considered (1)
Auto-DP v'Yes (O Not considered (1)

critical applications (Zha et al., 2025; Priestley et al., 2023).
For instance, in medical diagnosis, variations in imaging
devices across hospitals cause severe performance degra-
dation when models are deployed across institutions (Zech
et al., 2018). As discussed in (Whang et al., 2023), ma-
chine learning performance is influenced not only by model
architecture but critically by data quality, especially under
limited resources. Therefore, model improvements should
be viewed as the result of the joint effects of data, mod-
els, and resources. Constraints on computational budgets
and cleaning costs dictate feasible strategies, necessitating
careful trade-offs between data governance and model opti-
mization.

To address the above challenges, existing research has
largely followed two relatively independent directions. First,
data governance methods centered on data quality, and sec-
ond, AutoML methods aimed at model performance. Table 1
provides a concise comparison of these two categories of
methods. Prior work on data governance has mainly focused
on improving data quality through systematic cleaning
operations (Ding et al., 2025b;c). While these approaches
have achieved notable progress in error detection and con-
sistency repair, their cleaning decisions are largely guided
by predefined rules or distributional assumptions and do
not explicitly account for downstream tasks. Recent stud-
ies have begun to explore task-aware data cleaning by
incorporating feedback from learning models (Qian et al.,
2025). However, under limited computational budgets, ex-
haustively addressing all data quality issues in a single stage
is often inefficient, suggesting that data governance is better
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viewed as a multi-stage process with dynamically adjusted
cleaning priorities (Ding et al., 2025a). In contrast, Au-
toML focuses on optimizing model performance given fixed
data. These pipelines typically rely on basic data prepro-
cessing steps and implicitly assume that the input data are
already of reasonably high quality, an assumption that often
does not hold in real-world scenarios. Thus, data cleaning
and model optimization are commonly treated as two se-
quential and decoupled stages, despite being mutually
influential and mutually reinforcing in practice. Although
recent efforts have attempted to integrate cleaning opera-
tions into automated pipelines, they largely remain at the
level of operator-level integration and heuristic strategies.
In practical data governance settings with limited time and
resource budgets, this disconnect motivates the need for a
unified framework that jointly optimizes data and models
under resource constraints.

To enable collaborative decision-making, it is essential to
quantify the influence of individual samples. For differen-
tiable models, it can be effectively characterized by gradi-
ents, which serve as interpretable measures of importance.
Specifically, gradients reveal properties: (1) Hard or infor-
mative samples typically yield larger gradient norms, signif-
icantly impacting model. (2) Redundant samples produce
similar gradient directions with limited marginal utility.

Motivated by this, we propose DMCO (Data—Model Col-
laborative Optimization), a unified framework built upon a
family of differentiable models that abandons the two-stage
pipeline. Instead, the process is divided into multiple time
slices. In each slice, DMCO selects the most critical samples
for cleaning based on gradient information, while guiding
AutoML to prioritize the most suitable differentiable model
architecture for the current data. The supported models is
summarized in Table 5. Furthermore, we present a concrete
task example to compare the effects of different data clean-
ing and AutoML strategies in Appendix B. It demonstrates
that judicious allocation between data cleaning and AutoML
can significantly enhance model performance.

The main challenges designing such a co-optimization
framework are as follows: (1) The cost of data cleaning
scales with data size, while AutoML incurs heavy compu-
tational overhead. Under limited budgets, traditional fixed-
quota strategies often lead to resource mismatch, resulting
in either insufficient cleaning or shallow model optimiza-
tion. (2) Current cleaning strategies typically treat quality
issues uniformly, ignoring the model’s heterogeneous sen-
sitivity to errors. Since models do not rely equally on all
samples, cleaning based on data statistics risks neglecting
critical samples for the learning process. (3) Most AutoML
methods assume a one-shot, pre-cleaned dataset and cannot
perceive intermediate quality improvements. Consequently,
they fail to adjust search strategies in real-time, failing to

timely utilize the positive effects of partial cleaning.

Addressing these, we introduce DMCO for differentiable
models. The main contributions are summarized as follows.
(1) We propose a budget-constrained data—-model collab-
orative optimization framework. Given the high costs
of both data cleaning and AutoML, sequential execution is
often infeasible. DMCO optimizes both processes under a
limited time budget, reformulating the traditional one-shot
pipeline into a progressive, time-sliced decision process.

(2) DMCO partitions the total budget into 7'S' time slices.
Within each slice, a multi-armed bandit algorithm allo-
cates resources between cleaning and modeling. Further-
more, DMCO aggregates gradients across a candidate family
of differentiable models generated by AutoML, shifting the
cleaning cost from expensive counterfactual evaluations to
efficient reusable gradient statistics (complexity dominated
by O(Mn) aggregation and O(n logn) selection).

(3) We propose a loss-based sampling strategy, reducing
the effective training size from n to k < n, focusing on high-
loss samples. Additionally, we introduce a progressive
fitting and search-space pruning strategy. By inheriting
high-quality models, DMCO significantly shrinks the search
space, reformulating the one-shot cost O( R - Train(n)) into
a more efficient cost O( 3, R}, - Train(k¢)).

(4) We conduct experiments on 6 real datasets, comparing
DMCO against 4 baselines. (a) For model performance,
DMCO achieves 82.19% of the performance attained by
full data cleaning and exhaustive AutoML, demonstrating
that DMCO closely approximates full optimization. (b)
Ablation studies validate the effectiveness of the sampling
strategies and the time-sliced framework. Moreover, exper-
iments under 3 AutoML frameworks show that DMCO is
agnostic to the specific AutoML. (c) Across datasets with 6
error types and 5 corruption levels, results demonstrate that
DMCO is robust to diverse error types and magnitudes.

2. Basic Definitions and Problem Formulation

Definition 2.1 (Data Cleaning). Data cleaning is defined as
amapping: Clean(D)=D — D'

We assume that the training set may contain dirty data, while
the validation set and the test set are clean. To reduce manual
tuning costs, AutoML automatically searches for optimal
feature and model combinations under resource budgets,
efficiently constructing task-adaptive training pipelines.

Definition 2.2 (Automated Machine Learning). Given
a set of hyperparameter optimization algorithms H =
{HD ... H"} and their domains AU, a set of feature
engineering algorithms 7 = {F() ... F(9} and their
domains ¥(%), and a loss function £(-), the automated ma-
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chine learning task is to minimize

min
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Since cleaning and AutoML incur significant costs, includ-
ing runtime, I/O, and memory. It is essential to formally
define these resource expenditures.

Definition 2.3 (Resource Costs of Data Cleaning and Au-
toML). The resource consumption for data cleaning and
automated machine learning is defined as:

C'stejean = Cost(cleaning execution),
C'stautom) = Cost(AutoML search).

Specifically, C'st;jcqrn accounts for runtime and memory
overhead determined by cleaning strategy complexity and
data scale, while C'stgytom; encompasses CPU/GPU re-
sources consumed by feature engineering trials, model struc-
ture search, and iterative training and validation.

In resource-constrained environments, data cleaning and
AutoML compete for budget yet jointly determine perfor-
mance. To maximize results, we must optimize cleaning
(for data quality) and AutoML (for model selection) simul-
taneously. Therefore, we formally define the data-model
collaborative optimization problem to unify these processes
under strict resource constraints.

Definition 2.4 (Data-Model Collaborative Optimization
Problem). Let the original training data be Dy;.q;n. Af-
ter incurring a cleaning cost C'stcjeqn, the data cleaning
process maps the data to the cleaned training data

D(E)

train

= Clean(Dirgin,€),

where e denotes the level of cleaning effectiveness, char-
acterizing the extent of error removal. While e generally
increases monotonically with cleaning cost C'st jcqn, per-
formance gains vary.

Based on cleaned data Dﬁ:();m’ AutoML searches for model

structures and hyperparameters under cost C'st 4y tomi, yield-
ing model M pe - Given total budget §, the data-model

train
collaborative optimization problem aims to jointly decide
cleaning and AutoML processes to maximize test perfor-

mance. It is defined as:
max
max )
t=(x,y) € Diest
S.t. CStclean + CStautoml S 5

metm’c(M @ (2), y) )

DtTain

Definition 2.4 emphasizes that cleaning impacts both re-
source consumption and model generalization by determin-
ing e. The core objective is to balance investments in clean-
ing and AutoML under budget ¢ to maximize performance.

3. Co-Optimization Algorithm
3.1. Overview of DMCO

To address the computational bottlenecks of executing full
data cleaning and AutoML under fixed time budgets, we
propose the DMCO framework. As illustrated in Fig. 1,
DMCO employs sampling-based strategies to approximate
full-data performance efficiently.

The framework comprises three integrated components.
First, data preparation utilizes a gradient-based sampling
algorithm. By aggregating gradients from multiple differen-
tiable models generated by AutoML, DMCO identifies and
cleans high-influence samples that critically impact decision
boundaries. Second, the AutoML component implements
a progressive fitting strategy combined with loss-based sam-
pling. It initializes with meta-learning and progressively
prunes the solution space using previous search results. Si-
multaneously, a loss-based sampling strategy using Gumbel
top-k selects representative training subsets, ensuring data
diversity while reducing cost. Finally, a time-slicing strat-
egy replaces the traditional two-stage pipeline. A multi-
armed bandit (MAB) method dynamically allocates the bud-
get between cleaning and modeling. This establishes a
closed feedback loop, i.e., data preparation leverages multi-
model gradients to target errors, while AutoML benefits
from increasingly cleaner data. As time slices progress,
this collaborative iteration optimizes both data and models
simultaneously, ultimately yielding high-quality outputs.

3.2. Sampling Strategies for Data Cleaning

Within DMCO, data cleaning is redefined not as static pre-
processing but as a dynamic process aimed at improving
model stability and generalization. Since comprehensive
cleaning of large datasets is often infeasible due to time and
cost constraints, cleaning becomes a limited resource that
must be scheduled. Consequently, DMCO focuses on prior-
itizing samples that yield the maximum performance gain
under strict budgets. This requires decisions to go beyond
intrinsic data quality and incorporate downstream model
states, identifying and cleaning only those specific samples
that exert the most significant influence on model.

For a differentiable (or subdifferentiable) model with pa-
rameters 0, the per-sample loss is denoted as ¢;(0) =
L(fo(x;),y:), and its gradient (or subgradient)

9i = Voli(0) = Vo L(fo(xi), yi), )]

describes the magnitude of parameter updates induced by
that sample. A larger ||g;|| typically indicates high fitting er-
ror or boundary sensitivity, often corresponding to noisy or
critical samples (Aljundi et al., 2019). Consequently, priori-
tizing high-gradient samples for cleaning yields significant
improvements in training trajectories and cost-efficiency.
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Figure 1. Framework of the proposed DMCO solution.

To mitigate the bias of single-model perspectives, we pro-
pose a gradient-based data cleaning sampling strategy
that leverages the architectural diversity of AutoML. By
utilizing intermediate candidate models, we extract gradi-
ents from multiple top-ranked predictors to form a robust
indicator. The resulting cross-model aggregated gradient
score is defined as

L™ LgM),

@
where the mean reflects overall sensitivity and the variance
captures model disagreement. Samples with high G; scores

are prioritized for cleaning, as detailed in Algorithm 1.

) + oz-Var(ggl),...

?

Gi = Mean(g(l), .

%

Algorithm 1 Gradient-based Data Cleaning Sampling

Input: data (X, y), differentiable model family models,
number of samples &, variance weight o
Output: cleaned dataset D
Initialize score list s + []
fori =1to |X|do
Initialize list G + []
for each model inmodels do
g < OLoss(model, z;, y;)
Append [|g]|2 to G
end for
wi < Mean(G), 0? « Var(G), s; < p; + o - o2
end for
Let Z be the indices of the top-k largest values in {s;} l)jl
D < Clean(X|[Z])
return D

Candidate models are provided by AutoML and serve as the
input models of Algorithm 1. For these candidate mod-
els, sample gradients are computed on each model, and the
aggregated cross-model gradient score is then calculated.
The mean term ensures that gradient information from each
candidate model is incorporated, while the variance term fa-
vors samples with higher inter-model disagreement, thereby
capturing higher information value. These two components

are combined via weighted summation to obtain the final
gradient score. Samples are then selected according to the
gradient score by choosing the top-k samples, which are
subsequently cleaned and returned as the training dataset.

Compared with traditional cleaning methods, DMCO trans-
forms cleaning from a full-data, rule-driven process into
a model-aware, incremental process. It not only improves
overall data quality during cleaning, but also contributes di-
rectly to effective downstream automated machine learning.
We provide theoretical analysis for the sampling strategy
above. Please see it in Appendix C.

3.3. Sampling Strategies for AutoML

Under the time-sliced framework, the reduced duration of
each slice precludes exhaustive search on full-scale data.
To address this, we design a strategy optimized for limited
samples and restricted search spaces.

Loss-driven Weighted Sampling. In AutoML, unrepresen-
tative training samples distort structure evaluation, causing
deviation from the globally optimal model. Thus, we in-
troduce a loss-function-based sample importance measure
to guide optimization. The core idea is to distinguish high-
impact samples based on their difficulty. Specifically, we
utilize the optimal model from the previous round to com-
pute the loss value. Given the optimal model My~ obtained
in the previous time slice, according to Definition 2.2, the
loss of the model on the training and validation sets can be
written as £(6*, D}, ,;n, Dvai), which reflects the prediction
error of the model on the sample. Samples with larger loss
values often lie near class boundaries, pattern transitions, or
noise-sensitive regions, and thus exhibit stronger discrimina-
tive power for model structure selection. However, sampling
solely based on loss ignores diversity, potentially biasing the
set toward high-loss outliers and causing AutoML to over-
fit local hard cases. Thus, we introduce a noisy weighted
sampling method without replacement. By incorporating
Gumbel noise, this strategy balances loss-based importance
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with sample diversity, ensuring the selected subset remains
representative while focusing on informative data.

s; = log L; + g;, gi ~ Gumbel(0, 1), 3)

Samples with high scores s; are selected for the AutoML
search in the current time slice. This strategy achieves loss-
based sampling without replacement, prioritizing high-loss
samples while injecting noise to preserve diversity. By
preventing budget domination by outliers, it effectively bal-
ances importance with representativeness, significantly re-
ducing overfitting and selection bias.

Progressive Fitting of Automated Machine Learning
across Time Slices. Loss-based sampling optimizes single-
slice costs but fails to reuse knowledge across time. Unlike
cleaning, which accumulates benefits, independent AutoML
runs on subsets lack continuity and underperform. To ad-
dress this, we propose a progressive fitting method that treats
AutoML as a cumulative process. By preserving key struc-
tures and parameters, it enables searches to resume from
high-quality solution spaces. This avoids restarts and allows
AutoML to progressively refine performance, effectively
mirroring the incremental gains of data cleaning.

Sampling data optimization
time, time,

Sample on loss and AutoML

time, P menneoos fesoooeoooooooooon
N i Optimal model loss leighted random sample
Cleaning !
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Figure 2. llustration of the AutoML sampling strategy.

As shown in Fig. 2, progressive fitting optimizes both the
model solution space and data quality. Specifically, after
the search at time slice, superior model structures and key
hyperparameters are preserved. These retained configura-
tions serve as the starting point for the next round, enabling
continuous refinement of the solution space.

Hiime, = Neighborhood (TopK(HﬁmeU)). )

This step effectively shrinks the solution space to a partially
explored high-performing region, preventing resource waste
on suboptimal candidates. Integrating loss-based sampling
with this framework, we design a loss-driven progressive
fitting algorithm. The complete procedure and implementa-
tion details are presented in Algorithm 2. First, the solution
space of AutoML is determined. If this is the first round,
a meta-learning algorithm is adopted for fast initialization.
If it is not, the better-performing models from the previous
AutoML run are used as the solution space for the current

Algorithm 2 Loss-driven Progressive Fitting for AutoML

Input: data (X,y), current best model best_model,
pruned model family pruned_models, sample size k, iter-
ation index ¢, mixing weight g
Output: updated best_model and pruned_models
models<—pruned_models
Ypred <best_model.predict(X)
0 < compute_10ss(Y, Ypred)

+ (1 — f8)-UniformWeights+/ - ¢
fori =1to |X|do

Sample u; ~ Uniform(0, 1)

gi + —log( —log(u;)) {Gumbel(0,1)}

score; < log(s;) + g;
end for
Let Z be the indices of the top-k largest values in
{scorei}‘ii_q1 {Gumbel-top-k}
best_model < Select Best M odel AutoM L(models)
best_model. fit(X[Z], y[Z])
pruned_models < SelectGood M odel s AutoM L(models)
return best_model, pruned_models

time slice. After obtaining the solution space, sampling
is performed on the data used for AutoML in the current
data slice. Specifically, the loss of each data sample is first
computed using the optimal model from the previous round,
and then the loss is mixed with uniform weights.

3.4. Multi-Armed Bandit-Based Strategy Selection

The traditional two-stage strategy incurs prohibitive costs
and suffers from disconnected optimization phases, making
it unsuitable for budget-constrained scenarios. To address
this, we introduce a time-slice allocation strategy that parti-
tions the total budget into 7'S intervals. As shown in Fig. 3,
the system executes a single atomic action (data cleaning,
AutoML, or termination) within each slice. By treating
updated data states and model parameters as inputs for sub-
sequent iterations, this approach establishes a continuous
feedback loop, enabling dynamic co-optimization of data
quality and model performance.

|
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Figure 3. Illustration of the time-slice partitioning strategy.

Let s;s denote the collaborative state at the beginning of
time slice ¢s (including the current data state, the current
best model state, and search process information). After
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executing action a.s, the system transitions to a new state
and enters the next time slice:

Sts+1 = T(Stsa ats)7 (5)

where 7 (-) denotes a complete data cleaning or AutoML
process that jointly updates data, models, and search space.

If the data cleaning action is selected (e.g., slice 1), the
system samples data points based on gradients and performs
cleaning, then outputs the cleaned data state together with
the (previous-round) AutoML model and search state. If the
AutoML action is selected (e.g., slice 2), the system samples
data points based on the loss function and performs AutoML
search and hyperparameter tuning on the sampled subset to
optimize model performance and update the search state.

Based on time-slice partitioning, a multi-armed bandit
(MAB) serves as the core scheduler, treating data cleaning
and AutoML as arms with rewards. In each slice, the system
selects an arm and updates its policy based on model perfor-
mance feedback. This approach dynamically balances the
exploitation of high-performing strategies with exploration,
preventing long-term bias from early stochasticity.

To ensure comparability of rewards across different time
slices and actions, this paper constructs a cost-aware re-
ward per unit time as the reward signal:

metric;s — metricys_1
Tie = . (6)
CcOostys

Here, metric:s denotes the model performance after time
slice ts, and cost;s denotes the actual time cost con-
sumed in that time slice. Based on the above reward def-
inition, a discounted Upper Confidence Bound (UCB)
strategy is adopted for decision making. For each arm
a € {clean, AutoML}, discounted trial count N,, dis-
counted cumulative reward S, and discounted mean reward
i are maintained:

Sa
Na<_'7Na+175a<_75a+rtsvﬂa<_F‘ @)
a

The corresponding upper confidence bound score is defined

In(ts) @®)

> ot = HMa )
score (ts) e + € N1

where c is the exploration coefficient. The strategy dy-
namically balances exploration and exploitation: actions
with fewer trials (large confidence intervals) are explored,
while those yielding high returns are exploited. To prevent
local optima, a stagnation detection mechanism triggers
enhanced exploration if performance stalls for H consec-
utive slices.The adaptive strategy (Algorithm 3) follows a
hierarchical logic: prioritizing untried arms, invoking ran-
dom selection upon stagnation, and otherwise selecting the

highest-scoring arm based on discounted rewards (). Un-
like traditional one-shot AutoML, DMCO iterates on small-
scale, high-value samples. Crucially, it repurposes gradients
and loss from AutoML as feedback signals for data clean-
ing. This transforms AutoML feedback directly into the
cleaning loop to optimize both data and model parameters
simultaneously.

4. Experiments
4.1. Baseline Methods

The following five methods are designed as baselines: (1)
Dirty Data + Raw Model (DR): Neither data cleaning nor
model optimization is performed. The model is directly
trained on dirty data. (2) Dirty Data + AutoML (DA):
Data are not cleaned, but AutoML is applied. AutoML is
performed on all data. (3) Clean Data + Raw Model (CR):
AutoML is not applied, but data cleaning is performed. Con-
sistent with Dirty Data + AutoML, only part of the data
is cleaned under the same cost budget. (4) Clean Data +
AutoML (CA): Both data cleaning and AutoML are per-
formed. AutoML is conducted on clean data. (5) DMCO:
A time allocation strategy is adopted to jointly perform data
cleaning and AutoML.

For differentiable models, Auto-sklearn (Feurer et al., 2019)
is used with parameter settings. The candidate differentiable
models are restricted to the model family listed in Table 5.
For the automated machine learning strategy, Auto-sklearn
is adopted as the implementation framework in this subsec-
tion. The candidate space of Auto-sklearn is restricted to
the differentiable model family supported by DMCO.

4.2. Comparative Experiments

We evaluate the effectiveness of DMCO in optimizing down-
stream models. Experimental results are shown in Ta-
ble. 2. On the Cancer, Nasa, Smartfactory, and Soilmoisture
datasets, DMCO consistently demonstrates superior stabil-
ity and performance advantages across varying task types
and noise conditions. From a time-slice perspective, DMCO
exhibits high initial performance and approximately mono-
tonic convergence (increasing F1 or decreasing MSE) with
minimal oscillation. In most scenarios, DMCO significantly
outperforms the baseline (DR), pure AutoML (DA), and
pure rule-based cleaning (CR). Notably, it achieves perfor-
mance levels close to, or even surpassing, the ideal reference
upper bound (CA). Given that CA operates on relatively
clean data, DMCO'’s ability to approach this bound with-
out dataset-specific tuning highlights its robust cross-task
generalization.

The comparative analysis reveals the limitations of existing
approaches. DA improves over DR by searching model
structures but quickly encounters a performance ceiling;
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Table 2. Performance comparison of DMCO

Dataset Method 1 2 3 4 5 6 7 8 9 10
DR 0.6306 0.6356 0.6380 0.6385 0.6352 0.6374 0.6321 0.6250 0.6289  0.6342
DA 0.0000 0.6641 0.6210 0.6132 0.6132 0.6146 0.6144 0.6269 0.6248 0.6248
Adult CR 0.6322  0.6391 0.6415 0.6370 0.6408 0.6338 0.6393 0.6414 0.6403  0.6408
CA 0.0000 0.5302 0.6527 0.6094 0.6286 0.6286 0.6139 0.6188  0.6139  0.6155
DMCO 0.0000 0.0000 0.0000 0.6641 0.6641 0.6641 0.6641 0.6081 0.6170 0.6049
DR 0.8000  0.8000 0.8000 0.8000  0.8000 0.8000 0.7692  0.8000  0.8000  0.8000
DA 0.9375 09474 0.9247 09362 09474 09362 09362 09474 09474 0.9474
Cancer CR 0.8989 0.8539 0.8791 0.8889 0.8539 09011 0.9247 0.9011 0.9592 0.9592
CA 0.9592 09495 0.9495 09495 0.9495 09495 09495 0.9495 0.9592 0.9495
DMCO 09592 09691 09592 0.9495 0.9592 09495 09592 0.9592 0.9495 0.9592
DR 0.8791 0.8791 0.8791 09032 0.8791 0.8791 0.8791 0.8667 0.9032  0.8791
DA 0.9592 09592 09592 09592 0.9592 0.9592 09592 09592 0.9592 0.9691
Skin CR 0.9011  0.8791 0.8913  0.8913 0.8913 0.8889 0.8889  0.8889  0.8889  0.9592
CA 0.9592 09495 09495 09495 0.9495 0.9495 09495 09592 0.9495 0.9495
DMCO 09592 09592 09495 0.9691 0.9216 0.9495 09495 0.9495 0.9495 0.9495
DR 0.0222  0.0238 0.0270 0.0286  0.0221  0.0221  0.0221  0.0237 0.0221  0.0221
DA 0.0000 0.7151 0.7151 0.7179 0.7397 0.7343  0.7343 0.7343  0.7297 0.7427
Smartfactory CR 0.0221  0.0237 0.0254 0.0205 0.0222 0.0154 0.0239 0.0154 0.0154 0.0154
CA 0.0000  0.0000 0.0000 09275 0.8067 0.9385 09384 0.9384 09412 0.9417
DMCO 0.6784 0.6784 0.6768 0.7178 0.8131 0.8803 09134 0.9306 0.9454  0.9488
DR 34.6802 34.6802 34.6802 34.6802 34.6802 34.6802 34.6802 34.6802 34.6802 34.6802
DA 20.6762 16.7141 15.1782 12.1341 11.1648 10.8069 10.5492 10.5492 10.5492 9.3171
Nasa CR 29.9315 28.5640 24.1622 22.9370 20.3804 20.1366 18.5961 17.5085 15.6952 13.3376
CA 119683 3.7141  3.7320 3.7320 2.8069 2.8069 2.6210 19214 19639 1.8630
DMCO 18.8011 11.9055 11.6682 10.4543 9.1942 9.0713 10.1281 8.2889 6.3613  7.6229
DR 27162 27162 27162 27162 27162 27162 27162 27162 27162 27162
DA 0.4298 0.2923 04744 0.4491 04970 04970 0.4970 0.4970 0.4970  0.4380
Soilmoisture CR 2.6490 26132 24157 23583 22986 2.1737 2.1119  1.9095 1.8339  1.6847
CA 0.2490 0.1026  0.0986 0.0750 0.1158  0.1099 0.1248 0.1248 0.1246  0.1246
DMCO 0.4210 04159 03636 0.2771 0.2773 0.2274 0.2363 0.1933 0.0815 0.1038

without data quality improvements, it is restricted to lo-
cal optimization and cannot overcome noise-induced bot-
tlenecks. Conversely, CR relies on static correction rules
lacking downstream model feedback, often resulting in neg-
ligible gains. On complex datasets like Smartfactory, CR
performs near-randomly, confirming that data cleaning un-
aligned with task objectives is insufficient. In contrast,
DMCO does not merely combine these methods but in-
tegrates them into a unified, iterative framework. By lever-
aging a feedback-driven mechanism to adaptively allocate
time budgets, DMCO simultaneously optimizes data quality
and model parameters. This allows it to rapidly improve
performance under limited budgets and sustain superior
stability as resources increase. Ultimately, DMCO effec-
tively bridges the gap between data cleaning and automated
machine learning, ensuring both strong performance upper
bounds and stable lower bounds.

4.3. Ablation Studies

This subsection examines the contribution of each key com-
ponent in DMCO. Three reduced variants are constructed
and compared with the full DMCO: (1) Data Cleaning Sam-
pling (No loss): Loss-function-based sampling is replaced
with random sampling to verify the effect of loss-driven
sampling. (2) AutoML Sampling (No grad): Gradient-
based sampling is replaced with random sampling to verify

the effect of gradient-based sampling. (3) Time-Slice Al-
location Strategy (Two stage): The time-slice allocation
strategy is replaced with the two-stage strategy to verify the
effectiveness of time slicing.

adult

cancer

Time Split

Time Split

soilmoisture

nasa

\ A &
3 }y‘y T
2 4 6 8 10 2 4 6 8 10
Time Split Time Split
[—%— No loss -4~ No grad —6— Two stage = —&— DMCO

Figure 4. Ablation results of DMCO
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As shown in Fig. 4, the complete DMCO consistently out-
performs all variants with stable, monotonic convergence
across all datasets. While performance gaps are narrower
on relatively clean datasets (e.g., Adult, Cancer), DMCO’s
advantage becomes significant on noisier tasks (e.g., Nasa,
Smartfactory). The “No grad” variant is consistently the
weakest, confirming that gradient-based sampling is criti-
cal for capturing marginal influence. Similarly, the “Two
stage” variant lags due to the severed feedback loop between
cleaning and modeling, resulting in slower optimization. By
combining gradient information (marginal influence) and
loss (sample difficulty), DMCO achieves accurate identifica-
tion of key samples, avoiding the inefficiency of “No grad”
and the blindness of “No loss”. The superior trajectories of
the complete framework compared to all reduced variants
validate the necessity of integrating these components into
a unified, feedback-driven design.

4.4. Robustness Analysis on AutoML Frameworks

To comprehensively evaluate DMCO’s applicability across
diverse automated modeling strategies, we introduce Auto-
Gluon and FLAML as additional baselines alongside Auto-
sklearn. These frameworks were selected based on repro-
ducibility and representativeness, covering mainstream Au-
toML paradigms with distinct technical focuses. The de-
tailed information of the frameworks is in Table 6.

In the experimental setup, we replaced the AutoML com-
ponent within DMCO while aligning resource constraints
through native time-budget interfaces (e.g., time_limit).
Table 3 reports the performance across time slices 1-5. The
results demonstrate that DMCO exhibits consistent perfor-
mance trends across all three frameworks. This confirms
that the improvements driven by DMCO are not reliant on
a specific search implementation. Instead, the proposed
on-demand cleaning strategy offers robust generalizability,
capable of delivering stable benefits under varying auto-
mated modeling strategies.

For classification tasks, all frameworks achieve comparable
optimal performance with DMCO, maintaining high stabil-
ity on datasets like Cancer and Smartfactory. Notably, Skin
benefits significantly from the strong ensemble strategies
of Auto-Gluon and FLAML. In regression tasks, distinc-
tions are more pronounced; Auto-Gluon effectively exploits
cleaned data for continuous error reduction on Nasa and
Soilmoisture, whereas FLAML exhibits limited gains due
to its economical search focus.

Overall, these results confirm that DMCO consistently
yields stable performance gains across diverse AutoML
backends. The observed variations stem primarily from
the frameworks’ inherent search and ensemble strategies
rather than the effectiveness of the DMCO mechanism it-
self, validating the strategy’s robustness regardless of the

Table 3. Comparison of DMCO under different AutoML frame-
works(AS: Auto-sklearn; AG: Auto-Gluon)

Dataset AutoML 1 2 3 4 5
B AS 0.9691 0.9495 0.9495 0.9592 0.9592
§ AG 0.9592 0.9592 0.9592 0.9495 0.9495
&} FLAML 0.9684 0.9485 0.9293 0.9592 0.9495
= 2 AS 0.6784 0.7178 0.8803 0.9306 0.9488
g g AG 09181 0.9320 0.9323 0.9373 0.9375
»“ 8 FLAML 0.9236 0.9589 0.9624 0.9605 0.9664
= AS 0.0000 0.6641 0.6641 0.6081 0.6049
3 AG 0.6648 0.6658 0.6653 0.6663 0.6660
< FLAML 0.6626 0.5604 0.3655 0.6641 0.6538
- AS 0.9592 0.9691 0.9495 0.9495 0.9495
;’% AG 0.9988 0.9988 0.9989 0.9990 0.9989
FLAML 0.9988 0.9990 0.9989 0.9991 0.9991
3 AS 11.9055 10.4543 9.0713 8.2889 7.6229
:ch AG 7.5643 7.5922 7.1665 6.5391 3.9906
FLAML 19.6201 20.3156 17.6945 16.3986 15.5613
AS 0.4159 0.2771 0.2274 0.1933 0.1038
AG 0.2702 0.2695 0.2441 0.1766 0.1032

Soilmoi
sture

FLAML 0.5638 0.3660 0.2855 0.1987 0.1687

underlying model search implementation.

4.5. Analysis of Error Types and Error Scales

Experiments are conducted on the Nasa dataset, with error
scales set to 10%, 20%, 30%, 40%, 50%. The experimental
results are summarized in Table 7 in Appendix F. Overall,
DMCO demonstrates consistent advantages across all six
error types. As the time-slice limit increases, the MSE
generally decreases or converges, indicating that DMCO
can continuously mitigate the impact of data defects across
scenarios by jointly integrating data cleaning and model
training. Notably, even under high noise ratios (40%/50%),
DMCO achieves substantial error reduction in later stages
and significantly narrows the performance gap between high-
and low-noise settings.

Different error types exhibit distinct optimization behav-
iors. Random errors are generally easier to handle, showing
smoother and more monotonic convergence curves, sug-
gesting that DMCO can steadily accumulate improvements
under independent noise. In contrast, systematic errors lead
to higher error levels and stronger fluctuations, reflecting the
difficulty of reducing structured bias. Nevertheless, DMCO
is still able to suppress errors in later stages and maintain an
overall downward trend. For continuous perturbation noise,
the MSE often peaks in early time slices under high noise
ratios, but gradually decreases as DMCO progresses, indi-
cating improved robustness over time. From the perspective
of error scale, higher noise proportions consistently result in
larger errors, slower convergence, and stronger fluctuations
across all error types. Despite these challenges, DMCO
maintains continuous improvements at all noise levels and
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effectively reduces the performance gap between different
error scales in later stages, demonstrating its robustness and
generalization under complex defect distributions.
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A. Additional Background on Data Governance and AutoML

This appendix provides a detailed discussion of data governance and AutoML, elaborating on their interdependence and
complementing the summarized analysis in the main text.
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Figure 5. Data preparation and AutoML pipeline.

Traditional data governance approaches primarily focus on improving data quality through systematic cleaning operations,
aiming to enhance correctness, completeness, and consistency (Ding et al., 2022b;a). Existing methods can be broadly
categorized into rule-driven, data-driven, and hybrid approaches, with representative systems including Holistic (Chu et al.,
2013), SCAREd (Yakout et al., 2013), Horizon (Rezig et al., 2021), BigDansing (Khayyat et al., 2015), HoloClean (Rekatsi-
nas et al., 2017), Baran (Mahdavi & Abedjan, 2020), UniClean (Ding et al., 2025b), and MTSClean (Ding et al., 2024).
While these methods have achieved notable progress in error detection, consistency repair, and interpretability, their cleaning
decisions are largely guided by predefined rules or assumptions about data distributions and do not explicitly consider
downstream tasks or model characteristics. Consequently, improvements in data quality do not necessarily lead to
proportional gains in downstream model performance.

Moreover, data-centric cleaning methods typically apply uniform strategies across all samples and attributes, without
accounting for the heterogeneous sensitivity of downstream models. The importance of individual samples or fields
can vary substantially across tasks, as measured by gradients or Shapley values (Karlas et al., 2025). For example, in
credit risk prediction, missing income values often have limited impact on tree-based models due to surrogate or default
splits, whereas even a small number of label errors can significantly distort decision boundaries and degrade predictive
performance (Lessmann et al., 2015).

To mitigate these limitations, recent studies have explored task-aware data cleaning, where cleaning objectives are
constructed by incorporating feedback from learning models. Representative approaches such as ActiveClean (Krishnan
et al., 2016), BoostClean (Krishnan et al., 2017), CPClean (Karlas et al., 2020), and DemandClean (Qian et al., 2025) tightly
couple data cleaning with model training or prediction, thereby directly optimizing downstream performance. However,
under limited computational budgets, exhaustively addressing all data quality issues in a single stage often fails to yield
timely improvements, suggesting that data governance is better formulated as a multi-stage process with dynamically
adjusted priorities.

AutoML approaches, on the other hand, aim to achieve optimal performance given fixed data through model selection,
hyperparameter optimization, and feature engineering. These components are typically optimized within a unified loop of
model construction, training, evaluation, and refinement. Although AutoML pipelines include basic data preprocessing
steps, such as data transformation, dimensionality reduction, sample reduction, and data partitioning, they generally assume
that the input data are already of reasonably high quality. In real-world scenarios, this assumption often does not hold,
leading to a disconnect between data optimization and model optimization.

Importantly, data cleaning and model optimization are not independent processes, but are mutually influential and
mutually reinforcing. Data preprocessing reshapes feature distributions, noise structures, and missingness patterns, thereby
affecting the optimal choice of model architectures and hyperparameters. Conversely, model selection, regularization
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strength, and learning dynamics determine the model’s sensitivity to different types of data defects.

Despite this interdependence, most existing systems execute data preparation and model optimization sequentially.
Data cleaning is typically treated as a prerequisite step for automated machine learning (Quemy, 2020; Salhi et al., 2023;
Doke & Gaikwad, 2021), rather than being jointly optimized with model selection. For example, in (Salhi et al., 2023; Doke
& Gaikwad, 2021), data preprocessing is incorporated as a subroutine of AutoML and executed prior to feature engineering
and model selection, while feature engineering and model optimization are iteratively refined. Overall, this design results in
a two-stage pipeline, where data preparation precedes model optimization without treating data and models as an integrated
whole.

More recently, some studies have explored incorporating data cleaning operations into automated pipeline search or
recommendation processes. For instance, (Neutatz et al., 2022) models data cleaning operations as searchable operators
and explicitly considers the trade-off between cleaning cost and performance gains. Building on this idea, Auto-DP (Zhang
et al., 2025) further investigates the joint optimization of data cleaning and feature preprocessing strategies within automated
modeling pipelines. In addition, cleanTS (Shende et al., 2022) demonstrates the feasibility of jointly searching cleaning
operations and model choices in specific time-series scenarios.

Nevertheless, existing approaches largely remain at the level of operator-level integration and heuristic strategies.
Cleaning policies are typically designed at the column level and uniformly applied to all samples, without characterizing the
heterogeneous sensitivity of models to different samples or error types. Moreover, these approaches often assume idealized
conditions with sufficient computational resources or negligible costs. In realistic data governance settings, data cleaning
and preparation must improve data quality and downstream performance as much as possible under limited time and
resource budgets, rather than ignoring temporal and computational constraints.

B. An Example for DMCO

To further illustrate the importance of DMCO, we present a concrete task example to compare the effects of different data
cleaning and automated machine learning strategies.

(a) Dirty data fitting (b) Fitting after cleaning (c) DMCO effect comparison
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Figure 6. A simple illustrative example of DMCO.

As shown in Fig. 6(a), given a dirty dataset, the crossed blue points represent noisy samples. The true underlying relationship
of the clean data is y = 2 * x + 1 (orange dashed line). Fitting a linear regression model on the noisy data yields an initial
corrupted model y = 3.4 * x + 1.6 (blue solid line), which deviates substantially from the true relationship. Figure 6(b)
shows the model refitted after cleaning samples 8 and 10. Since these samples are critical, their correction leads the learned
regression line to better approximate the true function, demonstrating that data cleaning can directly benefit model training.
Figure 6(c) further illustrates the effect of applying AutoML on top of data cleaning. Compared to data cleaning alone,
AutoML yields more pronounced performance gains, and the combination of both achieves the best result.
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Figure 6(d) illustrates the loss values of each sample under the dirty model y = 3.4 x  + 1.6, where the three samples with
the largest losses are marked as high-importance samples. Using the Gumbel top-k strategy, the limited training budget is
concentrated on the hardest samples, thereby accelerating model convergence.

As illustrated in Fig. 6(e), gradient norms computed on the dirty model serve as priority scores, identifying Samples 8 and
10 for cleaning. Fig. 6(b) shows the refitted model, where the regression line aligns closer to the true relationship. This
confirms that targeting high-gradient samples provides direct benefits to model training.

However, the above observations rely on the availability of sufficient resources for full data cleaning and exhaustive AutoML
search. Figure 6(f) depicts the convergence behaviors of four strategies within short time slices. All curves start from
the same point, as they are initialized with the same dirty data and identical weak models. The AutoML-only strategy
shows rapid error reduction in the first two time slices, as the model can immediately fit the noisy data. However, since key
features remain uncleaned, the model quickly encounters a performance ceiling imposed by erroneous data, and subsequent
improvements become marginal. The cleaning-only strategy exhibits a different pattern. As erroneous features are gradually
corrected, RMSE decreases slightly in the initial steps. However, because the model is never updated, the benefits of cleaning
cannot accumulate, and the curve soon reaches a plateau. The two-stage strategy demonstrates even more distinct behavior
in the early phase: since the initial time slices are entirely devoted to cleaning, the model is not trained at all, resulting in the
same RMSE trajectory as the cleaning-only strategy. Only after the cleaning phase ends does AutoML begin to exploit the
cleaned data, leading to noticeable error reductions in later steps. Although this strategy eventually achieves reasonable
performance, many early time slices fail to yield effective error reduction, resulting in slow overall convergence.

In contrast, DMCO exhibits a fundamentally different dynamic. After the first cleaning step, RMSE decreases only slightly,
similar to the two-stage strategy. However, the subsequent training step immediately leverages the partially cleaned data to
update model parameters, yielding a substantial RMSE reduction from 5.0 to 3.0 in the second step, while the two-stage
strategy remains around 4.8. The next cleaning step exploits gradients from the updated model, enabling more accurate
identification of remaining anomalous samples and further reducing RMSE from 3.0 to 2.9. In the following training step,
the model benefits again from cleaner data and more focused samples, reducing RMSE to 2.5. Through multiple iterations,
DMCO further lowers the error to 2.4, significantly outperforming the two-stage strategy, which converges at 2.6.

This example demonstrates that, under limited resources, judicious allocation between data cleaning and automated machine
learning can efficiently and effectively maximize model performance.

C. Theoretical Analysis of the Sampling Strategy

We first formalize the effect of data cleaning from an optimization perspective.

Let D = {(x;,y;)}?; denote the training dataset, and g; = Vg L(fo(z;),y;) denote the (sub)gradient of sample ¢ under
the current parameter . Under the ideal condition of fully clean data, the expected update direction of model parameters
can be represented by the full gradient

1 n
G*=— i 9
o ;:1 g &)
In realistic scenarios, only a subset of samples S C {1,...,n} can be cleaned, while uncleaned samples still participate in

optimization in the form of noisy gradients. The actual gradient update adopted by the model under this condition is
GS) =g + 235 10
- E - gi E 9i, ( )
€S ¢S
where §; denotes the perturbed gradient introduced by dirty data.

This work uses the gradient update deviation

A(S) :]EU’G‘(S) e 1 (1)

as a measure of cleaning effectiveness, characterizing the extent to which cleaning reduces optimization perturbations.

From the above definitions, under limited cleaning budgets where only a subset of samples can be repaired, the goal of data
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cleaning can be formalized as
min  A(S), (12)
S:|5|<k
i.e., selecting a subset S of at most k samples such that the actual gradient update is, in expectation, as close as possible to
the ideal full update G*.

Noting that A(S) essentially corresponds to the variance of gradient estimation error, the above problem is equivalent to
minimizing the variance of gradient estimation under unbiasedness constraints. Therefore, under limited budgets, selecting
samples for cleaning can be transformed into an importance sampling problem whose objective is to obtain the most stable
and closest-to-ideal update direction under limited intervention.

Under limited budgets where only a small number of samples can be cleaned, prioritizing samples with large gradients for
cleaning is equivalent to adopting minimum-variance importance sampling to approximate the ideal full update, thereby
reducing stochastic fluctuations in training updates and making optimization trajectories closer to those under full data in
expectation.

Let data points be sampled according to distribution ¢ = {¢; }?_; and used for parameter updates, and define

~ 1 9i
G-y (13)
ies i
as the unbiased estimator constructed from sampled results (importance weighting ensures ]E[G‘] = (). Under this

framework, cleaning and training can be jointly understood as an update process under gradient estimation error. If the
sampling variance is large, i.e., G fluctuates significantly across training rounds, the optimization trajectory deviates from
the true gradient direction, leading to slower or unstable convergence. The core theoretical problem can thus be formalized
as

min Var,(G) st E[G] =G, Zqi =1 (14)
! i

Here, the standard vector variance definition Var,(G) = E [||C¥ — G||?] is adopted.

Theorem C.1 (Minimum-Variance Sampling Distribution). When the sampling probability satisfies q; o< | g:||, the
variance of the gradient estimator G is minimized, moreover, this distribution strictly outperforms uniform sampling:

Varq*(é) < Varumf(@). (15)
Proof. The variance of the unbiased estimator can be written as
1 gl 2
WM®:;§—77WW (16)
Under the constraint ) _, ¢; = 1, let u; = /q; and v; = ||g;||//qi- By the Cauchy—Schwarz inequality,
s I? 2
() (Z75) = (o)
) 7 3

with equality if and only if g; & ||g;||. Substituting into Eq. (16) completes the proof. O

Theorem C.1 shows that if only a small number of samples can be used to approximate the full update, importance sampling
according to ||g;|| minimizes the variance of G, making each update direction more stable and closer to the full update G.
The essence of cleaning is to reduce the perturbation caused by erroneous samples. High-gradient samples contribute most
to the update direction; if they contain noise, missing values, or label inconsistencies, their gradient deviations are injected
into optimization with higher weight, causing significant deviation in update directions. Thus, prioritizing high-gradient
samples for cleaning is equivalent to prioritizing the elimination of the most dominant sources of perturbation. These
samples lie near decision boundaries or correspond to anomalous losses, and thus determine classification boundaries and
training stability. Allocating limited budgets to such samples maximizes the denoising effect of training trajectories per unit
cost.

Based on this, the improvement of gradient-based sampling over uniform sampling can be further quantified.
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Corollary C.2 (Variance Reduction). The variance advantage of optimal sampling over uniform sampling can be expressed
as the variance of gradient norms:

AVar = Varumf(é’) — Varg- (G’) = Var(||g||). 17

This result indicates that in scenarios with larger gradient disparities among samples (often corresponding to higher error
rates, label inconsistencies, or feature noise), gradient-based importance sampling yields more significant variance reduction;
in other words, the dirtier the data, the greater the relative advantage of this strategy.

Corollary C.3 (Robustness under Noisy Samples). If there exist outlier samples with gradient ratio C > 1, then
Vary,i; = O(C?), Varg = O(C),

i.e., the variance growth order under gradient-based sampling is lower than that under uniform sampling.

This corollary further shows that when outlier samples have low frequency but dominate gradient magnitudes, uniform
sampling suffers from quadratic error amplification, whereas gradient-driven sampling exhibits superior robustness, making
it particularly suitable for scenarios with significant noise and limited cleaning resources.

In summary, starting from the minimum-variance theory of gradient estimation, this section proves that sample selection
based on gradient norms possesses optimal variance properties under unbiasedness constraints, and further explains its
correspondence with practical cleaning processes. High-gradient samples are both key contributors to parameter
updates and the most critical perturbation sources under dirty data. Therefore, prioritizing high-gradient samples
for cleaning under limited budgets theoretically guarantees updates closer to full-data updates and, in practice, improves
training stability and collaborative optimization efficiency, providing rigorous theoretical support for the gradient-driven
cleaning strategy proposed in the previous section.

D. Algorithms

For the time slice strategy in Section 3.4, we designed an adaptive strategy selection algorithm that uses a multi-armed slot
machine to make choices between data cleaning and automatic machine learning, thereby optimizing the final result.

E. Experiment details

This section provides details of the experimental section that were not shown due to space limitations.

E.1. Datasets

The following datasets are used in the experiments:

Adult (Kohavi et al., 1996): Contains data from the 1994 U.S. Census.

Cancer (Dua & Graff, 2017): A breast cancer diagnosis dataset used to predict whether a tumor is benign or malignant.
Nasa (Brooks et al., 1989): Provided by NASA, including typical spacecraft sensor data and fault detection data.

Factory (Birgelen & Niggemann, 2018): Records production operation data from smart factories, used for analyzing
production efficiency, detecting anomalies, or optimizing processes. The features include temperature, pressure, machine
operating status, and workpiece processing time.

Soilmoisture (Riese & Keller, 2018): Time-series data recording soil moisture.
Skin (Bhatt & Dhall, 2009): Contains skin texture data.

Detailed information of the above datasets is summarized in Table 4.
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Algorithm 3 Adaptive Strategy Selection Mechanism

Input: number of time steps 7S, exploration coefficient ¢, scaling factor 3, discount factor -, stagnation threshold H
Output: action sequence {as} 52
A <+ {clean, AutoML}

for a € Ado
Ny 0, 8,0, u, <0
end for

bestMetric < —oo, stagnationCount < 0
Initialize metricg
forts =1to TS do
if 3a € As.t. N, = 0 then
Choose any untried arm and set a;s < a
else if stagnationCount > H then
Choose a random arm and set a5 < a, stagnationCount < 0
else

e ( n In(ts) )
[ argmax ( ftg + ¢
b & acA a Ny, +1
end if

Execute a;, and obtain metric;s and cost;g

metricys — metricgg_1 Sar.
Tts < cost sy Na,, < 7Ng,, +1, Saf,s — "YSatS + Tts; Hay,
ts

if metric;, > bestM etric then
bestMetric < [ - metricys, stagnationCount < 0
else
stagnationCount < stagnationCount + 1
end if
end for
return {a;;}72

E.2. Evaluation Metrics

Algorithm performance is mainly evaluated from the perspective of downstream model effectiveness. F1 score and MSE are
used to measure downstream model performance.

precision - recall

Fl1=2 (18)

precision + recall

A higher. Fl score indicates better classiﬁcati~o~n performance, where precision = %, recall = %, T P denotes
true positive samples, F'P denotes false positive samples, and F'N denotes false negative samples.

n

1
MSE = gz (i —¥))", yi € ti € Dyest (19)

i=1

MSE measures the distance between predicted values and ground truth in regression tasks. Lower MSE indicates better
predictive performance.

E.3. Additional Experimental Results

To better illustrate the effects of each method in the comparative experiment in Section 4.2, we have drawn a line graph, as
shown in Figure 7.

F. Supplemental Tables

DMCO limits its research scope to a class of differentiable models with a well-defined loss function structure and parameters
that can be updated via gradients. This class of models not only covers mainstream linear models, discriminative models,
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Table 4. Dataset information

Dataset Tuples Attributes Task Label
Adult 45,223 15 C Income
Cancer 700 12 C Class
Nasa 1,504 6 R SPL
Factory 23,645 19 C Labels
Soilmoisture 679 129 R Soil Moisture
Skin 245057 3 C Label
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Figure 7. Performance comparison of DMCO

and neural networks, but also includes several probabilistic generative models with smooth likelihood functions, whose
optimization process can be stably solved in a continuous space. Given a defined model hypothesis space, performance
metrics, sample sensitivity estimation, and resource allocation strategies in collaborative optimization problems can all be
consistently characterized theoretically, thus ensuring the overall method’s analyzability and interpretability. The family of
differentiable models supported and discussed in this paper is shown in Table 5.

Table 5. Summary of differentiable models supported by DMCO (Hinge: used for large-margin classification, penalizing insufficient
margins or misclassified samples; Squared: used for regression, measuring squared prediction error; CE: cross-entropy for probabilistic
classification; NLL: negative log-likelihood; log-likelihood: log likelihood).

Model Differentiability = Common Loss  Task Strengths
SVM /SVR Subdifferentiable ~ Hinge / Squared C/R Robust to outliers
SGD Differentiable CE / Hinge C/R Suitable for large-scale sparse data
MLP Differentiable CE C/R Captures nonlinear features
GaussianNB Differentiable NLL C Fast training, strong small-sample performance
LDA Differentiable NLL C Linear discrimination, high interpretability
QDA Differentiable NLL C Class-specific covariance modeling
ARD Regression Differentiable NLL R Strong feature selection capability
Gaussian Process Differentiable Log-likelihood R Uncertainty quantification, non-parametric modeling

To more comprehensively evaluate the applicability of DMCO, we introduce three frameworks in Table 6. Auto-sklearn
focuses on pipeline-based algorithm selection and hyperparameter optimization combined with ensembling; Auto-Gluon
emphasizes engineering-oriented multi-model training and Bagging/Stacking; FLAML focuses on time-budget-driven
economical search to approach strong performance with lower training cost.

This section presents a comparison of specific model performance on the NASA dataset, addressing the impact of error
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Table 6. AutoML frameworks adopted in DMCO

Tool

Core Mechanism

Resource / Cost Control

Auto-sklearn

scikit-learn pipeline-based search; Bayesian optimiza-
tion as the core, combined with meta-learning for warm
start, automatically performing algorithm selection and
hyperparameter optimization

Provides global search budget and per-run train-
ing budget (e.g., time_left_for_this_task,
per_run_time_limit); controllable ensemble size
(ensemble_size)

Auto-Gluon

Engineering-oriented AutoML emphasizing multi-model
training and systematic ensembling via Bagging and
multi-layer Stacking, achieving strong baselines with
limited heavy HPO

Commonly uses time_limit to constrain training
budgets and provides different presets to balance accu-
racy and training/inference cost

FLAML

Cost-efficient AutoML targeting economical search and
tuning under fixed time budgets, emphasizing strong
performance with minimal training cost

Core parameters include time_budget (total bud-
get) and max_iter (iteration count), supporting on-
demand sampling and incremental search to reduce cost

types and sizes discussed in Section 4.5 on DMCO.

Table 7. DMCO results under different error types and error scales (metric: MSE)

Error Slice 10% 20% 30% 40% 50%
1 4.6341 7.2138 10.1891 9.3492  15.4330
2 3.8893 5.8780  9.2061 9.5529  10.5314
Gauss 3 3.0908 3.7570  7.2423 10.2543  9.0082
4 2.5531 3.4039  7.2293 10.9479  7.1522
5 2.1293 24698  2.6078 6.5634 5.7788
1 2.9694 3.6114 3.7712 42116 4.6574
2 2.9924  3.1956  3.3939 3.6291 3.7571
Random Missing 3 27198 2.8409  3.0509 3.3173 2.5408
4 1.8259 1.9772  1.9998 2.4298 2.3850
5 1.8140 1.9279 1.9464 2.0648 2.1285
1 2.8996 3.4190 3.6808 3.5039 4.3221
2 2.8588 3.0037 3.0616 2.7742 2.9744
Random Outliers 3 24001 24962  2.3747 2.5813 2.7228
4 1.8424 1.9882 1.9364 2.1091 2.0485
5 1.5420 1.6601 1.9317 1.9920 1.7777
1 4.8507 6.0904 6.9107 7.9315 10.2822
2 3.8952 49574 52762 7.4432 5.9839
System Missing 3 42782 5.6087  7.7585 8.1804 8.2794
4 3.8203 4.5178  8.7057 6.8503 6.5453
5 2.7546  4.2538  6.3301 4.7703 4.5725
1 45709 5.5496  6.4436 8.1070 9.8742
2 3.8257 43738 5.3324 6.4531 8.5719
System Outliers 3 3.6903 4.8766  9.0154 8.5371 9.9474
4 3.0792 5.7400  6.1939 7.7183 8.9822
5 23672 2.8149  3.8013 5.0070 5.1331
1 48524 7.3013 11.0164 8.6517 11.9903
2 43633 5.9335  8.3455 11.2134 15.8414
White 3 3.1698 4.3673  7.2693 9.0108 9.1872
4 27766 4.1147  6.8037 8.3676 8.3430
5 2.2870 2.6600 4.1542 5.1804 6.6911
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