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Knowledge-Centric AI  
for Scientific Discovery

Carla P. Gomes

Recent breakthroughs in artificial intelligence have been driven primarily by data- 
centric approaches, including deep learning and large language models. However, 
despite their remarkable success, relying solely on purely data-driven methods has 
intrinsic limitations for scientific discovery. In this essay, I argue for knowledge-centric 
AI, reasoning grounded in scientific principles, domain structure, and constraints 
while learning from data. In our research at Cornell University and through inter-
disciplinary collaborations with researchers across institutions, this agenda has been 
shaped by data-limited scientific challenges, which has led us to develop knowledge- 
centric approaches, such as deep reasoning networks, which build interpretable, 
domain-aligned latent spaces and enforce differentiable constraints end-to-end. 
Knowledge-centric AI has enabled scientific advances, from automated crystal-
structure phase mapping that uncovered high-performing alloyed mixtures to joint 
species–distribution models that inform conservation, while also delivering general 
AI methodologies. By aligning with the scientific method and integrating reasoning, 
learning, and principled experimentation, knowledge-centric AI can catalyze scientific 
innovation. In our work, this perspective is grounded in computational challenges 
central to a sustainable future.

Through breakthroughs such as AlphaGo, AlphaFold, and ChatGPT, artifi-
cial intelligence is at the cusp of transforming our lives.1 These are exciting 
times, as the field moves closer to artificial general intelligence, replicating 

general purpose human cognition.2 At the same time, humanity faces significant 
global challenges, including climate change and biodiversity loss, which threaten 
ecosystems and human well-being worldwide. Recognizing these issues, the United 
Nations’ 2030 Agenda for Sustainable Development formulated seventeen Sustain-
able Development Goals to end poverty, protect the planet, and ensure prosperity 
for all.3 Artificial intelligence holds great promise for advancing such goals, but 
realizing its positive impact requires deliberate effort and careful stewardship. 
Since the late 2000s, we have helped establish and nurture the field of computa-
tional sustainability with the belief that computational scientists can and should 
tackle societal and environmental problems while simultaneously driving founda-
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tional advances in computer science.4 Our focus is on developing and advancing 
AI methodologies to accelerate scientific discovery to help address sustainability  
challenges.

Recent AI breakthroughs have been driven by data-centric approaches, notably 
deep learning and large language models, but relying on these alone has intrinsic 
limitations for scientific discovery.5 Here, I argue that knowledge-centric AI is key 
to advancing scientific discovery, as it addresses two unique challenges for scien-
tific discovery and exploration.

First, high-quality experimental data are often time-consuming to obtain and 
interpret, leading to relatively data-limited settings. Second, one needs to leverage 
existing scientific laws and principles, which allow reaching far beyond any specific 
training distribution. For example, Newton’s laws of motion and gravity were based 
on experiments and observations conducted on Earth. The leap to apply the same 
laws and principles to celestial objects is a beautiful example of the ability of sci-
entific laws to generalize across vastly different contexts. Scientists are constantly 
pursuing such general principles and insights. They use existing scientific theories 
to guide their exploration–looking for small inconsistencies with experimental data 
to suggest modifications and refinements–to enable broader applicability of the 
theories. For instance, Einstein’s work on relativity adapts Newton’s laws to set-
tings in which speeds approach the speed of light and extreme gravitational forces 
affect Euclidean notions of time and space. Similarly, AI-driven scientific discovery 
needs to leverage existing scientific laws and theories to uncover new phenomena 
and develop new theories. This essay emphasizes the power of knowledge-centric 
and first-principles reasoning: by integrating reasoning, learning, and experimen-
tation, artificial intelligence can become a catalyst for discovery.

Science represents one of the purest expressions of human intellect. Psychol-
ogist Daniel Kahneman characterizes human thinking as comprising two 
systems.6 System 1 is fast, automatic, and pattern driven, excelling at per-

ception and intuitive recognition. In contrast, System 2 is slow, deliberate, and 
responsible for logical reasoning and complex decision-making. Over the past 
decade, AI has made spectacular progress on System 1–like capabilities through 
data-driven approaches. However, scientific discovery leans heavily on System 2, 
knowledge-driven reasoning, wherein limited data are enriched with first-principles  
reasoning about prior scientific knowledge.7

Scientific AI agents (SciAIs)–artificial systems that can devise, conduct, and ana-
lyze scientific research with some degree of autonomy–should therefore combine 
data-driven learning with explicit knowledge-driven reasoning. The line between 
data and knowledge can be subtle, but it has critical consequences. Crucially, the 
belief that “enough data” can fully replace knowledge is misguided. The conceptual 
world is combinatorial and complex, and many scientific regimes are data limited 
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but knowledge rich. To produce reliable, novel insights, SciAIs need representa-
tions that enable explanation, verification, and generalization.
SciAIs should emulate the scientific process, blending multimodal learning 

with principled reasoning, choosing representations that scale, and manipulating 
knowledge effectively. They must predict and discover well beyond their training 
distribution, interpret results, and identify causal relationships. Achieving true gen-
eralization and creativity in science requires scientific common sense and deductive, 
counterfactual, and abductive reasoning, supported by domain-specific inductive 
biases and hybrid data-knowledge methods that adapt to scarce or atypical data.

Reasoning is the process of deriving new conclusions from existing knowl-
edge. It makes implicit knowledge explicit and operates on representations 
of knowledge, such as symbols, graphs, equations, or rules, following prin-

cipled steps that preserve truth and quantify uncertainty. Reasoning techniques are 
central to System 2–style cognition, grounded in first principles, rigorous inference, 
knowledge synthesis, and hypothesis generation.

While data-driven approaches map inputs to outputs through statistical regular-
ities, reasoning manipulates knowledge to derive new facts or hypotheses. Together, 
they form a continuum: from correlational mapping to explicit knowledge manip-
ulation (Figure 1). At the data-driven end, models uncover statistical regularities 
and largely interpolate within the training distribution. Moving toward reasoning, 
outputs gain structure, domain rules are enforced, and causal dependencies become 
explicit and testable. Scientific and sustainability problems usually sit toward the 
reasoning side, where scarce data and rich prior knowledge call for hybrids that 
learn from data while reasoning about prior knowledge.

From early symbolic systems–such as the Logic Theorist for theorem proving; 
the General Problem Solver I (GPS-I) for understanding the processes required for 
human problem solving; and DENDRAL, which applied rule-based reasoning to 
analyze chemical data and infer molecular structures (one of the first AI systems for 
a scientific domain)–to modern neurosymbolic and probabilistic methods, AI has 
relied on reasoning and search to solve complex problems and guide discovery.8 By 
integrating data-centric learning with logic, constraints, optimization, and sym-
bolic representations, artificial intelligence can move toward genuine scientific 
insight. This shift to reasoning requires more explicit representations, greater use 
of prior knowledge and causal models, deeper planning, and the ability to verify 
rather than merely score solutions. In practice, one moves along this continuum 
by making (latent) states interpretable, encoding domain constraints and rules, 
adding search or external tools, training for consistency, and checking results with 
separate methods for validation. 

In recent years, an emergent line of work has sought to explicitly integrate sci-
entific knowledge, such as physics-based models and governing equations, into 
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machine-learning frameworks, moving beyond purely data-driven approaches. 
These efforts encode prior knowledge through modified objectives, architectural 
constraints, or hybrid combinations of neural and process-based models, reflecting 
an important shift toward incorporating domain structure into learning systems. 
At the same time, this integration remains challenging: such models can be diffi-
cult to train, do not always fully satisfy underlying scientific laws, and often remain 
opaque. As a result, their ability to support interpretation and to yield new scientific 
insight remains, for now, an open challenge, one that may require tighter integra-
tion with symbolic and reasoning-based approaches.9

Large language models (LLMs), embodied by ChatGPT, Claude, Gemini, and 
DeepSeek, increasingly pair learning with reasoning and search techniques.10 Exam-
ples include reinforcement learning to incorporate human feedback, as well as 
chain-of-thought (CoT), tree-of-thoughts (ToT), and graph-of-thoughts (GoT) 
frameworks for multiple step-by-step inference (a form of “what-if” exploration), 
to cover large search spaces of possible responses.11 These developments suggest 
that advanced generative AI and LLMs are moving beyond responses purely based 
on the learned language modeling toward more deliberate, controlled reasoning 
and search. A complementary line uses LLMs to evolve algorithms under con-
straints. The models generate candidate code or proof steps. Verifiers and guardrails 

Figure 1
Data Versus Knowledge: Continuums from Correlational Mapping  
to Explicit Knowledge Manipulation

Source: Illustration provided by the author.
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such as tests, invariants, proof checkers, and resource budgets eliminate invalid 
options. An evaluation loop measures solution rate, runtime, and memory use to 
identify improvements. Search layers include population-based evolution, best-
first or beam search over edits, Monte Carlo tree search or reinforcement learning 
for sequential choices, and bandit or Bayesian tuning, accepting only population 
variants that remain correct and faster. This template spans systems for algorithm 
discovery (AlphaEvolve), formal reasoning (AlphaProof ), and the design of logical 
reasoning engines (SAT solvers).12 

Artificial intelligence for science is a two-way street. This metaphor stems 
from the core computer science notion of problem reduction, which ampli-
fies the effectiveness of computational methods: Problems that may appear 

unrelated can often be solved using the same underlying computational approach.13 
The generality of computational models thus enables the transference of method-
ologies across domains, underpinning the two-way street shown in Figure 2. By 
developing general approaches to tackle scientific challenges in sustainability, we 
not only solve domain-specific problems, but we can also advance artificial intelli-
gence through the creation of general, broadly applicable methodologies. I illustrate 
the two-way street metaphor with several examples from my lab’s work at Cornell 
involving crystal-structure phase mapping and Deep Reasoning Networks.

AI → Science: Crystal-structure phase mapping is a central challenge in materials 
science, requiring inference of complex crystal structures from X-ray diffraction 
(XRD) patterns. A rich body of prior knowledge exists about chemical systems 
and X-ray diffraction, including thermodynamic principles and Bragg’s law, which 
describes how X-rays are diffracted by atomic planes in a crystal. We developed an 
approach to automate crystal-structure phase mapping that seamlessly combines 
learning from diffraction data with knowledge-centric reasoning about known 
crystal phases and the diffraction process, resulting in a significant improvement 
in the state-of-the-art of crystalline phase mapping.14 This work exemplifies how 
AI techniques can be used to accelerate the scientific discovery process.

Science → AI: Solving crystal-structure phase mapping from X-ray diffraction 
required embedding scientific laws and constraints within a deep learning frame-
work. This led to our development of the Deep Reasoning Networks (DRNets) 
framework: an interpretable deep architecture that integrates domain knowledge 
and enables differentiable reasoning.15 DRNets combine an encoder that constructs 
a structured latent space, a reasoning module that enforces domain rules, and a 
decoder that injects background knowledge. During training, the desired inter-
pretation emerges in the latent space, guided by a combination of unlabeled data 
with scientific domain knowledge and constraints. The modular design enables the 
integration of knowledge-centric reasoning with data-centric learning, adaptable 
to a wide range of scientific and engineering tasks.
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AI → Science (again): The generality of DRNets enables a range of other applications. 
For instance, the DMVP-DRNets variant (short for Deep Multivariate Probit Deep 
Reasoning Networks) predicts joint-species distributions, where it is crucial to cap-
ture the species’ environmental preferences and interactions among and/or between 
species. The same framework has also been used for mapping the Amazon land cover, 
multi-object detection, and soil-organic-carbon modeling.16 Overall, the two-way 
street metaphor underscores a fundamental aspect of work on AI for scientific dis-
covery, resulting in both novel AI formalisms and accelerated scientific exploration.

Deep Reasoning Networks embed reasoning about prior knowledge directly 
within deep neural architectures.17 They seamlessly incorporate knowledge-
centric reasoning with data-centric learning through a structured, 

interpretable latent space that captures domain semantics–enabling more accurate, 
physics-informed, end-to-end solutions. Originally developed for crystal-structure 
phase mapping, a core challenge in materials discovery, DRNets extend naturally 
to other domains. To build intuition about the framework, we begin with a game 
example (Figure 3) before turning to scientific applications.

Can you make sense of the symbols in Figure 3 (a)? This figure presents a puz-
zle mixing digits and letters from two overlapping Sudoku games: nine-by-nine 
grids where each cell must contain a symbol from a given set with no repeats in any 
row, column, or three-by-three block. Even knowing that the figure represents two 

Figure 2
The Two-Way Street Between AI and Scientific Discovery

AI enables new approaches for scientific discovery to address challenges in sustainability, and 
scientific sustainability challenges drive AI advancements. Source: Illustration provided by 
the author.
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overlapping Sudokus, one using digits (1–9) and the other using letters (A–I), dis-
entangling them is nontrivial. This task, called Multi-MNIST-Sudoku, formalizes 
demixing overlapping handwritten puzzles.18 Traditional combinatorial solvers, 
such as SAT solvers that aim to resolve the Boolean satisfiability problem, excel at 
pure symbolic tasks but cannot process noisy image data, motivating the develop-
ment of hybrids that integrate perception and reasoning.19

DRNets emulate human problem-solving by combining visual evidence with 
symbolic rules in an end-to-end deep learning framework. An encoder maps each 
Sudoku cell image to an interpretable latent representation of symbol probabilities 
and shape features. A conditional generative adversarial network (GAN), informed 
by single-symbol prototypes, reconstructs digits and letters, while a reasoning mod-
ule (an LSTM, or long short-term memory network, over the Sudoku constraint 
graph), coupled with differentiable reasoning constraints, enforces row, column, 
and block consistency.20 Because Sudoku rules are discrete, DRNets use differen-
tiable, entropy-based continuous relaxations to encode the Sudoku constraints, 
which are optimized jointly with image reconstruction losses via constraint-aware 
stochastic gradient descent.

Trained only through self-supervision from relaxed Sudoku rules, without 
mixed-symbol labels, DRNets outperform supervised baselines, improving both 
symbol recognition and puzzle completion. Figure 4 (a) shows the demixed pair of 
Sudokus; Figure 4 (b) gives the DRNets architecture for this task. The knowledge 
constraints as listed in Figure 3 (b) are enforced through the interpretable latent 

Figure 3
Example of a Demixing Task Based on the Game of Sudoku

(a) shows the mystery pattern of overlapping symbols and (b) is the background knowledge. 
Source: Illustration provided by the author.
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space. Interestingly, the correct semantics of the embedded space emerges through 
self-supervised training. Moreover, the information derived from the image data and 
from the constraints complement and amplify each other in our integrated framework.

We now turn to scientific applications of the DRNets framework in mate-
rials science and sustainability settings. Sustainable materials and 
processes are crucial to meeting some of the most pressing challenges 

in energy generation, transportation, and consumption, as well as broader sus-
tainability issues. Long-term progress will rely on breakthrough innovations in 
materials science, including the development of new materials and processes for 
more efficient renewable energy systems and for the reduction of carbon dioxide 
emissions. Here, I highlight our lab’s work in collaboration with materials scientists 
at Cornell University and at the California Institute of Technology on advancing 
AI to accelerate materials discovery for renewable energy. Our knowledge-centric 
AI reasoning approaches are grounded in self-supervision, leveraging the rich sci-
entific knowledge in materials science.

Figure 4
Demixed Sudoku Puzzle and the DRNets Framework for the  
Demixing Task

(a) shows the process of demixing Sudokus and (b) is the DRNets framework and the semantics 
of the latent space. Source: (a) Illustration provided by the author; and (b) illustration pro-
vided by the author using a modified version of Figure 2 (a) in Di Chen, Yiwei Bai, Sebastian 
Ament, et al., “Automating Crystal-Structure Phase Mapping by Combining Deep Learning  
with Constraint Reasoning,” Nature Machine Intelligence 3 (9) (2021): 812–822, https://doi.org 
/10.1038/s42256-021-00384-1.

https://doi.org/10.1038/s42256-021-00384-1
https://doi.org/10.1038/s42256-021-00384-1
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In search of renewable materials for solar fuels, high-throughput experimental 
settings enable the generation of thousands of materials samples and the analysis 
of their properties. A major bottleneck in this process, however, is inferring the 
crystal structure of the samples from high-intensity X-ray diffraction data. Auto-
mating crystal-structure phase mapping is therefore essential to speeding up the 
discovery cycle. 

Crystal-structure phase mapping is a demixing task, analogous to Sudoku demix-
ing: Each XRD pattern combines unknown proportions of “pure” phase signals, 
constrained by the chemistry of the full system. Phase prototypes appear as stick 
patterns specifying Bragg-peak locations (the positions of strongest X-ray diffrac-
tion peaks), analogous to prototypical digits or letters. While simple datasets may be 
solved by supervised or unsupervised methods, phase mapping is NP-hard, among 
the most difficult problems to solve computationally, and especially difficult in ter-
nary or higher composition spaces, where alloying causes peak locations to shift 
and overlap. Addressing this challenge requires reasoning about crystal structures, 
thermodynamics, and the diffraction process.

Physically and Symmetry Informed DRNets (PSI-DRNets) for crystal-structure 
phase mapping jointly demix and reconstruct XRD patterns using a graph neural 
network encoder that produces a structured, interpretable latent space, and a gen-
erative decoder that integrates Bragg’s law–linking X-ray wavelength, diffraction 
angle, and crystal plane spacing–with a Gaussian mixture model (GMM) to rep-
resent peak shapes.21 The decoder incorporates prior knowledge from previously 
characterized XRD prototype patterns, which are ideal, noise-free profiles from 
resources such as the Inorganic Crystal Structure Database, used to guide recon-
struction.22 The interpretable latent space encodes phase probabilities and lattice 
parameters, while thermodynamic and symmetry constraints are enforced via dif-
ferentiable entropy-based functions with a batched sampling strategy to handle 
combinatorial complexity across multiple samples (see the top panel of Figure 5 
that shows a simplified version of the latent space). A hybrid loss function balances 
reconstruction fidelity and constraint satisfaction, allowing us to solve phase-
mapping instances that had resisted both traditional algorithms and expert manual  
analysis.

The DRNets framework outperforms state-of-the-art methods and, more impor
tant, succeeds where human experts could not: for example, solving the previously 
unsolved Bi–Cu–V oxide system, a breakthrough that enabled the discovery of 
solar fuels materials by revealing a three-phase mixture–alloy variants of BiVO4, 
Cu2BiVO6, and Cu3(VO4)2–that outperformed monoclinic BiVO4 in photoactivity, 
overturning the assumption that phase mixtures inherently reduce performance.23 
These results illustrate how combining deep learning with first-principles, knowledge-
centric reasoning can automate data interpretation and significantly accelerate 
scientific discovery.
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Biodiversity represents the variety of life on Earth and is essential to human 
well-being, supporting healthy environments and providing natural resources 
such as food, water, and medicine. It also offers important economic, cultural, 

and aesthetic benefits. High biodiversity strengthens ecosystem resilience, helping 
systems recover from disturbances such as climate change and other extreme events.

Understanding how species are distributed across space and time is critical 
for guiding effective conservation efforts. Inspired by joint species–distribution 
models and powered by over nine million records of eBird, an online database and 
citizen-science project for bird observations run by the Cornell Laboratory of Orni-
thology, we applied the DRNets framework to model year-round spatiotemporal 
distributions, species-environment associations, and interspecies interactions for 

Figure 5
Semantics of the Interpretable Latent Space of the DRNets Framework for  
Crystal-Structure Phase Mapping and Joint Species–Distribution Modeling 

(Top) In crystal-structure phase mapping, DRNets encode the input XRD patterns xi into Pi,1:M 
and zi,1:M, which denote the probability distribution and the variance/shifting embeddings of 
M possible phases. This is a simplified version that does not depict the crystal-structure lat-
tice parameters, also captured by the latent space. The generative decoder (GMM) uses zi,1:M 
to generate the decomposed phases and reconstruct the original XRD using the phase prob-
ability distribution Pi,1:M. (Bottom) In joint species–distribution modeling, DRNets extract 
the high-level environmental features MLP(xi) from the raw input xi and encode the species 
environmental association embeddings sj and the interactive behavior embeddings λj for each 
species j. The generative decoder (MVP) uses sj, MLP(xi), and λj to compute the corresponding 
µ(xi) and Σ for the latent multivariate Gaussian random variables ri,j and maximizes the likeli-
hood of the species observation yi given xi under the multivariate probit distribution. Source: 
Illustration provided by the author. The top panel is a modified version of Figure 2 (b) in Di 
Chen, Yiwei Bai, Sebastian Ament, et al., “Automating Crystal-Structure Phase Mapping by 
Combining Deep Learning with Constraint Reasoning,” Nature Machine Intelligence 3 (9) (2021): 
812–822, https://doi.org/10.1038/s42256-021-00384-1.

https://doi.org/10.1038/s42256-021-00384-1
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five hundred North American bird species, at a scale surpassing prior joint species–
distribution models.24 Scientific ecological knowledge enhances interpretability 
and improves joint-species prediction by constraining models to realistic regimes 
not fully captured by labeled data.

The bottom panel of Figure 5 depicts the DMVP-DRNets architecture: an end- 
to-end model with a semantically structured latent space that imposes an ecology-
informed low-rank constraint on the shared covariance and that uses efficient 
sampling to estimate species interactions explicitly, paired with a multivariate pro-
bit (MVP) decoder based on a multivariate Gaussian model.25 Unlike many deep 
models (such as variational autoencoders, or VAEs) that assume diagonal covariance 
and thus independence, an ecologically unrealistic simplification, DMVP-DRNets 
capture cross-species dependence directly.26

The DMVP-DRNets framework reveals both bird habitat associations and spe-
cies co-occurrence patterns, producing fine-grained richness maps for around five 
hundred species, the entire North American avifauna, critical for conservation 
planning and management. By encoding prior ecological knowledge and modeling 
interactions explicitly, it improves interpretability and robustness, extending for 
the first time joint-species modeling to a continental scale.

As another example, the Scientifically-Interpretable Reasoning Network 
(ScIReN) architecture, which models the soil-organic-carbon cycle, is an end-to-end 
framework with a fully interpretable encoder mapping inputs to an interpretable 
latent space of over twenty biogeochemical parameters and driving a differentiable 
decoder based on the Community Land Model version 5 (CLM5), a process-based 
climate model.27 The framework’s predictive power matches or exceeds that of 
prior approaches and, crucially, enables interpretation of the underlying biogeo-
chemical parameters.

In summary, the DRNets framework seamlessly integrates reasoning and deep 
learning: An encoder builds an interpretable structured latent space for integrat-
ing prior knowledge, a reasoning module enforces domain rules, and a decoder 
injects background insights. This architecture (of encoder + interpretable latent 
space + reasoning module + decoder) combines knowledge-centric reasoning 
with data-centric learning: it leverages from a true integration of data-driven and 
knowledge-centric approaches, and its modular design makes it broadly applicable  
across domains. 

Multi-agent knowledge-centric frameworks will play a central role in AI for 
scientific discovery, as highly specialized, (semi-)autonomous agents 
learn, reason, and collaborate while interacting with digital and physical 

environments.28 Our work on SARA, the Scientific Autonomous Reasoning Agent, 
embodies this vision for materials discovery: a robot scientist that operational-
izes the scientific method through hypothesis formulation, experimental design, 
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planning, execution, interpretation, and knowledge generation.29 SARA already 
conducts closed-loop experiments using active learning to control laser-spike- 
annealing synthesis of metastable oxide materials, collect optical and X-ray diffrac-
tion data, and map the underlying crystal structures. In SARA’s ecosystem, different 
agents apply various elements of the scientific method and coordinate so that work 
flows seamlessly from data and knowledge to insight, from conjecture to experi-
ment. The PSI-DRNets component for crystal-structure phase mapping, described 
earlier, is one of SARA’s agents. Work with A-Lab, another autonomous agent, has 
shown that integrating literature-trained planning, active learning, robotics, and 
rapid characterization can automate key steps in inorganic materials discovery.30 
Complementing this automation, recent work on scientific reasoning for chemistry 
suggests that domain-tuned models can articulate step-by-step chemical reasoning 
and produce structured molecular representations, highlighting the role of explicit 
reasoning in autonomous discovery.31

To make knowledge-centric SciAIs effective, they must communicate using clear 
and concise representations that both human scientists and other AI agents can 
interpret and exploit. Learning should proceed not only from data but also from 
prior scientific knowledge, including physical laws and domain constraints that act 
as training signals in data-limited regimes. Interpretable latent spaces should align 
with scientific semantics, allowing SciAIs to incorporate and effectively exploit 
prior knowledge. Reasoning can leverage problem structure. For example, agents 
can identify symmetries and invariants, surface the constraints that matter, and rec-
ognize when a task can be translated, reduced, or reformulated as one that another 
agent already knows how to solve efficiently. In this way, the art of modeling and 
problem reduction becomes a general capability shared across agents and domains.

As autonomy increases, these SciAIs must couple inference with action in 
self-driving laboratories. A self-driving lab links planning, measurement, and con-
trol so that it not only interprets results but also decides what to do next. It selects 
the next sample, tunes process parameters, schedules measurements, and updates 
hypotheses as data arrive, enabling disciplined, iterative cycles that converge on 
reliable knowledge. Decisions are guided by active learning based on the value of 
information, by safety and feasibility constraints, and by an understanding of how 
errors propagate through models.

Scientific progress is rarely defined by a single objective; SciAIs and self-driving 
labs must reason about trade-offs. In particular, AI systems should reveal the Pareto 
frontier among multiple objectives such as performance, robustness, interpretabil-
ity, cost, and sustainability criteria; help scientists understand the shape of that 
frontier; and quantify the consequences of moving along it.32 Trade-off analysis 
makes explicit the values behind each choice. For example, in a sustainability setting 
concerning strategic hydropower planning, my lab, in collaboration with a highly 
international and interdisciplinary group of scientists, demonstrated how Pareto 
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multi-objective optimization can balance energy generation with the reduction of 
adverse impacts on people and nature.33

Specialized SciAIs coordinate through shared abstractions and verified messages. 
Deeply specialized agents can be more effective since their knowledge and reasoning 
can be precisely tuned to the particular structure of a specific domain. One agent 
finds the right problem formulation, for example, a materials question, another 
finds the best suitable algorithm to solve it under constraints, and a third maps 
the solution back into physical parameters and predicted outcomes. The resulting 
chain can be checked and validated end-to-end, with provenance and assumptions 
carried forward rather than hidden–enabling transparency and reproducibility, 
preconditions for scientific autonomy.

Science advances by leveraging accumulated knowledge, as beautifully captured 
by Isaac Newton, who, in 1675, wrote in a letter to Robert Hooke, “If I have 
seen further, it is by standing on the shoulders of giants.”34 Knowledge-centric  

AI and reasoning from first principles offer significant new opportunities for acceler-
ating scientific exploration and discovery. AI for science dates to the early days of the 
1960s, with DENDRAL, one of the first expert systems, developed at Stanford Univer-
sity under the leadership of Edward Feigenbaum, with a team that included Nobel 
Prize–winning molecular biologist Joshua Lederberg and pharmaceutical chemist 
Carl Djerassi. DENDRAL used rule-based reasoning to analyze chemical data and 
infer molecular structures. Over the past decade, AI has ridden a data-centric wave 
powered by deep learning and large language models. Here, I argue for injecting 
knowledge-centric reasoning into AI systems and that genuine discovery requires 
first-principles reasoning over background and scientific knowledge, tightly inte-
grated with data-centric learning. Our work supports this thesis through a focus 
on computational sustainability: a two-way street in which AI methods address 
environmental and societal challenges, and those challenges, in turn, spur new 
methodologies that advance AI. By tackling sustainability-driven scientific tasks, 
including pattern demixing for phase mapping in materials science, bioacoustic call 
identification, joint species–distribution modeling, materials property prediction, 
land-cover mapping, object detection, and soil-organic-carbon modeling, we have 
developed general methodologies that transfer across domains.

Looking ahead, scientific progress is poised to be shaped by communities of 
knowledge-centric scientific AI agents that learn, reason, and collaborate across 
domains, close the loop between inference and action in (semi-)autonomous labo-
ratories, and navigate trade-offs transparently. In this vision, artificial intelligence 
becomes a valuable scientific collaborator.
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