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Abstract
While advances in machine learning and the expansion of
massive datasets have significantly improved predictive ac-
curacy, the translation of these predictions into actionable
decisions—alongside a robust understanding of associated
risks—remains underexplored. My research focuses on de-
veloping methodology and theory in data-driven decision-
making and uncertainty quantification that effectively address
core data challenges. This paper presents two connected pil-
lars of my research: data-driven contextual optimization, un-
certainty quantification and reduction.

Data-Driven Contextual Optimization
Data-driven optimization aims to construct a decision by
optimizing a cost that involves random outcomes only ob-
served from data, which is a common and important task
for many real-world applications such as inventory manage-
ment. When the data also involves some contexts (or fea-
tures), this problem is known as data-driven contextual op-
timization and has recently received a lot of attention due to
emerging contextual data and machine learning tools. The
classic approach for data-driven optimization uses sample
average approximation (SAA), but it does not apply easily
to constrained, contextual problems as feasibility and gener-
alization issues may arise. Therefore, in practice, a model-
based approach is used where we first fit a distribution over
the features (price, weather) and response variable (demand)
using machine learning. Then, we solve a stochastic op-
timization problem using this fitted model for every new
context that arises – this approach is known as estimate-
then-optimize (ETO). More recently, researchers have pro-
posed integrating the estimation and optimization processes
(integrated-estimation-optimization, IEO) by selecting the
model based on minimizing decision error instead of pre-
diction error.

Statistical Framework for Comparisons. One natural
but important direction is which methodology yields the best
results, and how is the performance of the various methods
impacted by model specification, sample size, data quality,
and type of objective/constraints. In our paper (Elmachtoub
et al. 2023), we theoretically compare the mainstream ap-
proaches for contextual optimization - ETO and IEO - in the
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setting with nonlinear objectives, which is most common
in practice yet unexplored in the literature. We develop a
new regret-based framework based on stochastic dominance
to study their statistical performance rigorously. Our main
results depend on whether the model class of distributions
covers the ground-truth distribution (well-specified or mis-
specified), and the performance ordering is completely op-
posite in these two cases. When the model is mis-specified,
we show that IEO is better than ETO (potentially explaining
the superior performance of IEO reported in several papers).
However, our main finding is that when the model is well-
specified, ETO actually outperforms IEO asymptotically in
the “strong” sense of stochastic dominance of the regret (op-
timality gap). In other words, the entire regret distribution,
not only its mean or other moments, is always better for ETO
compared to IEO. This phenomenon shows that ETO can
outperform IEO under a wide class of problems, giving an
opposite view of the common belief. The mathematical de-
viations of the results require new decomposition ideas to
link stochastic dominance comparisons of asymptotic regret
distributions to covariance matrix comparisons, and utilize
information-theoretic bounds and multiple novel matrix in-
equalities to establish our findings. Furthermore, in our sub-
sequent paper (Elmachtoub et al. 2024), we extend these
findings and dissect the performance comparisons between
these approaches in terms of the degree of model misspecifi-
cations in the finite-sample regime. This is achieved by bal-
ancing error terms in higher-order expansions of the regret
distribution, accounting for degrees of model misspecifica-
tion, and adapting a Berry-Esseen-type bound on estimation
error to derive finite-sample bounds on regret.

Recommendation systems and bandit algorithms. Ban-
dit problems are an important sequential decision-making
problem widely used in many real-world applications, such
as recommendation systems, causal inference, and clinical
trials. Bandits require balancing the tradeoff between explo-
ration and exploitation since the outcome of a decision not
chosen can never be observed, which requires measuring the
uncertainty in decision-making. Bayesian bandit algorithms
with approximate Bayesian inference have been widely
used. However, there is a large discrepancy between their
practical performance and theory (with only negative theo-
retical results). To bridge this gap, we propose a theoretical
framework that can analyze bandit problems in the presence
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of approximate inference. In Huang et al. (2023), we study
an Enhanced Bayesian Upper Confidence Bound (EBUCB)
algorithm and demonstrate that EBUCB can achieve the op-
timal regret order O(log T ) if the inference error measured
by two different α-divergences is less than a constant. More-
over, in Huang, Lam, and Zhang (2024), we demonstrate that
a similar phenomenon also holds for Linear Thompson Sam-
pling and Linear Bayesian Upper Confidence Bound with
approximate inference in contextual linear bandits.

Uncertainty Quantification and Reduction
Uncertainty quantification (UQ) means measuring, dissect-
ing, and understanding the impacts of different sources of
errors. It is critical for enhancing estimation models and
providing a necessary component toward reliable decision-
making. Generally, predictive models incur two potential
types of uncertainty: epistemic uncertainty that arises from
the statistical error due to the limited data size, and aleatoric
uncertainty from the intrinsic randomness of stochastic out-
puts. The major challenges of UQ include: 1) identifying and
quantifying each source of uncertainty, not only with statis-
tical guarantees, but also computational efficiency especially
in the face of large-scale models 2) reducing uncertainty
to improve estimation or prediction performance; 3) un-
derstanding how uncertainty impacts downstream decision-
making problems to make better decisions.

Efficient UQ for neural networks. Neural networks have
been increasingly significant for prediction and metamodel-
ing, but the epistemic uncertainty of neural networks is chal-
lenging and less investigated. Unlike classical models such
as linear regression, neural network models are non-convex
and have many local minima. Epistemic uncertainties in neu-
ral networks arise not only from data, but also from the train-
ing procedure that often injects substantial noise. These two
interacting errors hinder the attainment of statistical guar-
antees using classical statistical theory and, moreover, im-
pose computational challenges on UQ due to the need for re-
peated network retraining. To address this challenge, we cre-
ate statistically guaranteed schemes to remove the training
procedural uncertainty by using what we call procedural-
noise-correcting network that is trained on a suitably and
artificially labeled data set that mimics the procedural vari-
ability (Huang, Lam, and Zhang 2023). By leveraging re-
cent connections of neural networks with kernel regression,
our work provides simultaneous frequentist statistical guar-
antees and low computation overhead in terms of few net-
work retrainings.

Metamodels and learning theory for prediction in-
tervals. Simulation metamodeling aims to construct lower-
fidelity models to represent input-output relations using a
few simulation runs. Traditional approaches target the mean
response surface, while we study an alternative metamodel-
ing approach that creates prediction intervals to capture the
predictive uncertainty of simulation outputs. More precisely,
we study the generation of prediction intervals as an em-
pirical constrained optimization problem that minimizes the
average interval width while maintaining coverage accuracy
across data (Chen et al. 2021). Our work provides a gen-
eral learning theory to characterize the optimality-feasibility

tradeoff, and further proposes calibration machinery and
the corresponding statistical theory to optimally select the
model that manages this tradeoff practically. Then in Lam
and Zhang (2024), we extend our approach to stochastic
settings, aiming to bypass the computational scalability is-
sues encountered by conventional metamodeling approaches
such as stochastic kriging.

Reducing joint aleatoric and epistemic uncertainty in
simulation. Stochastic simulation under input uncertainty
often runs into both epistemic noises (from the input data
when calibrating model parameters) and aleatoric uncer-
tainty (intrinsic system stochasticity exhibited by the Monte
Carlo samples). At the same time, to speed up the simula-
tion, one often attends to variance reduction techniques and,
in this regard, two recent techniques derived from “kernel-
izing” Stein’s identity, one based on control variate and one
on importance sampling, have been proposed to reduce the
error in Monte Carlo computation to super-canonical con-
vergence (i.e., faster than square-root convergence in stan-
dard Monte Carlo). In our paper (Lam and Zhang 2023), we
demonstrate that applying the above two techniques alone
to problems with joint aleatoric-epistemic uncertainty will
have degenerate performance, and we present a new gen-
eral framework to encompass both techniques via a dou-
bly robust idea that simultaneously performs control vari-
ate and importance sampling. We show in particular that
our approach can effectively reduce the uncertainty regard-
ing mean squared error rates across different scenarios when
these existing methods fail.
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