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ABSTRACT
We study adaptive decisionmaking under uncertainty for autonomous
agents that interact with expensive black-box evaluators under
strict evaluation budgets. These settings arise naturally in agentic
scientific discovery where an agent must sequentially choose what
to test next while balancing exploration and exploitation and re-
specting safety or feasiblity constraints in the objective space. A
key theme of my dissertation is acceleration: characterizing how
faster estimation primitives can fundamentally improve sample
efficiency, and designing algorithms that exploit such accelera-
tion in principled ways. As initial results, (i) for sequential deci-
sion making in non-linear bandits, we propose Q-NLB-UCB, a new
input dimension-free quantum non-linear bandit algorithm with
𝑂 (poly log𝑇 ) regret, (ii) for adaptive constrained objective-space
coverage, we further formulate the new multi-objective coverage
(MOC) problem where our goal is to identify a small set of rep-
resentative samples whose predicted outcomes broadly cover the
feasible multi-objective space. To solve this MOC problem, we pro-
pose a novel search algorithm, MOC-CAS, which employs an upper
confidence bound-based acquisition function to select optimistic
samples guided by Gaussian process posterior predictions. Empiri-
cally, MOC-CAS achieves superior performances over competitive
baselines on large-scale protein-target datasets. Going forward, we
will develop acceleration-aware theory for optimistic exploration
under explicit cost models, study multi-agent extensions for paral-
lel experimentation, and extend to graph-structured action spaces
using uncertainty-aware learned representations.
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1 INTRODUCTION
Autonomous agents are increasingly utilized to support scientific
discovery loops in which an agent repeatedly selects an experiment
or candidate to evaluate, observes noisy outcomes, and updates
its beliefs to decide what to experiment next [3, 4, 6, 8, 18]. In
several real-world domains such as drug discovery [8] and materi-
als design [4], evaluations are expensive and budgets are limited.
Consequently, an agent must make adaptive decisions under uncer-
tainty that carefully trade off exploration and exploitation while
respecting feasibility and safety constraints in the objective space.

This paper focuses on sample-efficient sequential decision mak-
ing for such agents. A central theme is acceleration: beyond al-
gorithmic design alone, contemporary compute primitives (e.g.,
quantum subroutines) can improve what is possible under limited
evaluation budgets. This raises a fundamental question: how can we
design algorithms for autonomous agents that enable accelerated
adaptive decision making for scientific discoveries?

2 DISSERTATION VISION AND RESEARCH
QUESTIONS

The long-term goal of my dissertation is to develop a principled
framework for accelerated adaptive decision making under uncer-
tainty for autonomous agents. Concretely, we study (1) accelerated
black-box optimization, where the agent seeks to maximize an un-
known expensive black-box function under bandit feedback and
(2) objective-space coverage, where the agent seeks to efficiently
characterize the feasible multi-objective outcome space by selecting
a small representative and safe set of candidates. This dissertation
revolves around three major research questions:
(i) For expensive non-linear bandit problems in high dimensions,
how can an agent optimize without suffering from the curse of
dimensionality?
(ii) How can an agent efficiently cover the feasible multi-objective
outcome space under constraints?
(iii) How do acceleration mechanisms with the aid of quantum com-
puting change achievable sample efficiency, and how can agents
exploit them in a unified way across different decision objectives?

3 PROGRESS TO DATE
3.1 Quantum Computing-Accelerated Bandit

Optimization
First, we studied non-linear bandit optimization where the learner
maximizes a black-box function with zeroth order function ora-
cle. Unfortunately, an Ω(

√
𝑇 ) cumulative regret lower bound [14]
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cannot be further improved in classical (non-quantum) setting. It
implies that given total 𝑇 rounds, no classical algorithm can incur
cumulative regret less than Ω(

√
𝑇 ) asymptotically. Existing works

have showed that with the aid of quantum computing [13], it is pos-
sible to break the classical Ω(

√
𝑇 ) regret lower bound and achieve

the new 𝑂 (poly log𝑇 ) upper bound [1, 5, 17], where 𝑇 denotes the
number of function evaluations. However, they usually assume that
the objective function sits within the reproducing kernel Hilbert
space and their algorithms suffer from the curse of dimensional-
ity. To address these limitations, we developed the new Quantum
Non-Linear Bandit with Upper Confidence Bound (Q-NLB-UCB) algo-
rithm [15] which enjoys an input dimension-free 𝑂 (poly log𝑇 ) up-
per bound, making it applicable for high-dimensional tasks. At the
heart of our algorithm design are quantum Monte Carlo mean esti-
mator [12], parametric function approximation technique [9], and a
new quantum non-linear regression oracle, which can be of indepen-
dent interests in more quantum machine learning problems. Differ-
ent from existing works, Q-NLB-UCB does not suffer from the curse
of dimensionality. We prove the first 𝑂 (𝑑2𝑤 log

3
2 (𝑇 ) log(𝑑𝑤 log𝑇 ))

regret bound with 𝑑𝑤 being parameter complexity, which is also
faster than the classical lower bound Ω(

√
𝑇 ) but independent to

input dimension 𝑑𝑥 [15].

Figure 1: An example of theMOCproblemwhere 𝑓1, 𝑓2 are two
objective functions and 𝜏1, 𝜏2 are two thresholds defining the
feasible region shown in light green. 15 samples are selected
as representative feasible samples, each with a coverage ball
whose radius is 𝑟 .

3.2 Constrained Multi-Objective Outcome-Space
Coverage

In parallel, we investigated settings where the agent’s goal is not to
optimize a single objective, but to identify a small set of candidates
whose outcomes broadly cover the feasible multi-objective space
under constraints. This representative set can be evaluated much
faster than the whole feasible set, thus significantly accelerating the
scientific discovery process. This is a new problem formulation that
we introduce, along with a principled algorithm to solve it. Existing
works cannot be directly applied as they either focus on sample
space coverage or multi-objective optimization that targets the

Pareto front. However, chemically diverse samples often yield iden-
tical objective profiles, and safety constraints are usually defined
on the objectives. We therefore formulated the new multi-objective
coverage (MOC) problem [16], explicitly targeting fast coverage and
diversity of the feasible output region under per-objective thresh-
olds. See Figure 1 for an example with two objective functions. This
is distinct from the constraint active search (CAS) framed in the
sample space [11] and also different from other frontier-centric
objectives [2, 7, 19]. To solve the problem, we propose the multi-
objective coverage via constraint active search (MOC-CAS) algorithm
[16], which is a novel constraint active search algorithm that eval-
uates each candidate based on the optimistic estimate of the new
feasible volume it is expected to cover within the feasible region.
It further employs a tie-breaking mechanism that promotes diver-
sity by encouraging dispersion in the predicted objective values.
Compared to the competitive baselines, our MOC-CAS empirically
achieves superior performances across large-scale protein-target
datasets for SARS-CoV-2 and cancer [10], each assessed on five
objectives derived from SMILES-based features [16].

4 RESEARCH PLAN AND FUTURE
DIRECTIONS

My dissertation pursues acceleration-aware adaptive decision mak-
ing under uncertainty for autonomous agents interacting with ex-
pensive oracles. My personal view is that progress depends on
explicitly separating and optimizing the costs of real evaluations
versus estimation or inference, since end-to-end runtime, not only
sample efficiency, is the dominant bottleneck in discovery pipelines.
We organize our future work around the following research ques-
tions (RQs):
RQ 1:When and how does acceleration change what an agent
can learn or decide under a fixed evaluation budget? We will
develop theory and algorithms that model the cost structure of
decision making (expensive evaluations + potentially accelerated
estimation or inference) and derive principled conditions under
which acceleration provably improves achievable regret or sample
complexity.
RQ2:Howcanmultiple agents coordinate to achieve constraint-
aware objective-space exploration efficiently? We will extend
our constraint-aware objective-space exploration to batch andmulti-
agent settings that reflect parallel experimentation, designing cen-
tralized or distributed coordination rules that balance optimism,
feasibility, and diversity under shared budgets and limited commu-
nication.
RQ3:Howcan optimistic exploration scale to graph-structured
decision spaces? We will study graph-structured bandit problems
(e.g., molecule/protein graphs) by integrating uncertainty-aware
learned representations (e.g., graph neural network-based models)
with optimism-based decision rules and efficient search over large
discrete, graph-structured candidate spaces.

Ultimately, these advances aim to make closed-loop discovery
agents more practical by reducing redundant evaluations and in-
creasing the number of safe, diverse high-quality candidates identi-
fied per unit time and budget, thus supporting self-driving labora-
tory workflows in drug and materials discovery.
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