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1. Introduction

Scientific research fundamentally begins with the
literature. Human and AI scientists alike read prior
work, synthesize ideas across studies, identify gaps
and contradictions, and build new hypotheses on ac-
cumulated knowledge. Despite rapid advances in ar-
tificial intelligence (AI) for scientific prediction and
automation—including in self-driving laboratories
(SDLs)—this foundational step of discovery, reason-
ing over the scientific literature at scale, remains largely
inaccessible to current Al systems. Most existing liter-
ature search approaches, such as PaperQA [1], rely on
localized retrieval of a small number of documents,
limiting their ability to aggregate evidence, identify
global trends, or reconcile conflicting experimental
outcomes distributed across thousands of studies.

In this work, we present a literature-informed, au-
tonomous framework for scientific discovery that
treats the research literature as a first-class data
modality and integrates it with machine learning
and experimentation in an iterative, closed-loop sys-
tem. Rather than focusing on isolated predictions,
the framework is designed to support global reason-
ing across prior studies, causal hypothesis genera-
tion, and continuous refinement based on new evi-
dence. The framework consists of two tightly coupled
components.

The first component is a global literature reason-
ing system that moves beyond standard retrieval-
augmented generation (RAG). Conventional RAG
methods retrieve a small number of text passages,
constraining reasoning to local context. In contrast,
our approach aggregates and hierarchically synthe-
sizes evidence across thousands of studies, enabling
large language models (LLMs) to identify distributed
patterns, reconcile conflicting experimental reports,
and extract emergent design principles that only ap-
pear at corpus scale [2]. This capability is enabled by
MOF-ChemUnity [3], a literature-integrated database
that unifies structured materials data with experimen-
tally grounded insights extracted from the scientific
literature.

The second component is an iterative, multi-tool
autonomous discovery agent that utilizes this global
reasoning capability within a scientific workflow.
Given a high-level research question, the agent de-
composes it into sub-questions, explores them using
literature reasoning, and autonomously constructs
task-specific machine-learning models to test emerg-
ing hypotheses. Each discovery cycle updates the
agent’s internal state, allowing conclusions to evolve
as new computational or experimental evidence be-
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comes available [4]. By combining explainable ma-
chine learning with explicit literature-based justifica-
tion, the agent supports causal reasoning rather than
purely correlative inference.

We demonstrate this paradigm in the context
of materials discovery, with a particular focus on
metal-organic frameworks (MOFs) for carbon cap-
ture, utilization, and storage (CCUS), while emphasiz-
ing that the approach is broadly applicable to other
data-rich scientific domains. The framework is ap-
plied to the identification and experimental valida-
tion of candidate MOFs for CCUS. Candidate materi-
als proposed by the agent are computationally tested,
and the resulting outcomes are fed back as direct
design feedback, enabling the system to prioritize
real-world performance over abstract metrics. We
further outline the extension of this approach toward
a fully integrated SDL, in which hypothesis genera-
tion, experiment execution, and learning are tightly
coupled.

Overall, this work advances a step toward truly au-
tonomous scientific discovery through SDLs—scaling
reasoning across the scientific record, closing the
loop between literature, computation, and experi-
ment, and enabling both human and AI scientists to
navigate bodies of knowledge that far exceed the ca-
pacity of any individual researcher or conventional
Al system.
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