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1. Overview

Recent, rapid progress has evolved Artificial Intelligence (Al) into a form that has begun
to approach the lofty visions that the earliest Al proponents imagined more than half a
century ago. After decades of development operating largely out of the public eye, there
has been a sea change in both the capability and accessibility of Al that has thrust its
capabilities (and its limitations) into the spotlight. There is now a public perception,
correct or not, that all-purpose, autonomous systems might be just around the corner,
ready to assist us in all aspects of our lives. A National Artificial Intelligence (Al)
Research and Development (R&D) Strategic Plan must direct the current momentum
and excitement surrounding Al and channel it along directions that maximize its potential
benefits.

The demand for Al comes from many directions, as we all explore ways in which Al
can improve our lives. Not surprisingly, we see a wide range of stakeholders rushing to
fill the increased demand and promises for Al. Although the resulting large-scale,
industry-wide investment has led to the most visible Al successes, notable gaps remain
in the progress made so far. Filling those gaps requires a coordinated national
investment that specifically prioritizes areas where progress is both impactful and
feasible. We put forward the following topic areas as deserving of the highest priority in
the Al R&D Strategic Plan being developed:

Energy Efficiency: Much of the excitement about Al has come from the success of
large-scale Al models, but at the price of enormous increases in energy
consumption needed to train and operate those models. Research in resource
efficiency (both in software and hardware) is needed to keep pace with the
ever-increasing scale and breadth of future Al applications (Section 2).

Assurance of Al Outputs: Excitement about Al is tempered by the mistakes that we
see current systems make, which naturally introduce reluctance to deploy such
systems in more critical applications. Providing systematic methods to measure
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and ensure the correctness and usefulness of Al models, while minimizing large
and even existential risks, is needed to give us confidence in expanding the scope
of what tasks we delegate to them (Section 3).

Human-Al Teaming: Another way to mitigate the risk of errors by Al systems is to team
them with people whose expertise can cover for potential knowledge gaps in those
systems. In such teams, Al systems can be a force multiplier for human skills,
whether in the form of software systems for decision making or embodied systems
for performing physical tasks (Section 4).

Al for Education, Science & Engineering, and Health: Research that improves core
Al capabilities can theoretically benefit all aspects of our lives. However, research
in Al for education, science & engineering, and health should be special priorities,
because improvements in these sectors will maximize the impact of that research
by benefiting our entire population (Section 5).

Although each of these areas are all important individually, we also prioritize them
together as an interrelated system. For example, using Al to improve our education
system will prepare our future workforce to understand and use Al systems better,
making people more productive partners in human-Al teams. Having a human in the
loop when training an Al system provides a mechanism for enforcing appropriate norms
and preferences within the resulting model, leading to tighter assurances on its output.
Such an assurance mechanism gives a more accurate picture of the cost-benefit
tradeoff in energy consumption, allowing us to focus cost-reducing efforts where they
have minimal impact on model accuracy. Improvements in energy efficiency can lead to
smaller models that are both more efficient and more understandable, allowing Al
systems to serve as more responsive, transparent teammates to people. This virtuous
cycle illustrates the synergies among these areas that can amplify the investments that
we make in each of them.

We prioritize these areas not just because of their importance, but also because
making rapid progress in all of them is quite achievable. The following sections illustrate
some of the progress we ourselves have made in each of these areas. At the same time,
we are not the only ones pursuing these directions, as vividly demonstrated by the
emergence of DeepSeek and the surprised reactions from the wider public that greeted
it. We can expect similar surprises if we do not take leadership in the areas listed above.
Fortunately, there is a golden opportunity to take leadership through an Al R&D Strategic
Plan that prioritizes the funding and the talent pipeline needed for fundamental research
in these four areas.

2. Energy Efficiency

The increasing energy consumption requirements of the latest generation of Al models
are well publicized, as they have become a critical bottleneck in development and
deployment. Recent estimates indicate that training a large language model (LLM) can
consume energy equivalent to the lifetime emissions of five cars. While industry
continues investing in data centers with enhanced power and cooling capabilities,
physical and environmental constraints inevitably cap computational scalability.
Therefore, reducing the computational cost of Al models is paramount for expanding
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their training and operational scale.

Furthermore, increasing the energy efficiency of Al algorithms brings additional
benefits that could be even more impactful in the long run. While having large-scale Al
models available through the cloud makes those models widely accessible, that same
cloud-based access limits their usefulness for domains that require local computation.
For example, when we deploy systems that must sense, learn, and act in remote or
hazardous environments, high-throughput wireless communication and computation are
luxuries we cannot always afford. Furthermore, even in domains with no resource barrier
to communicating with the cloud, there can still be a desire to keep the computation and
(especially) data local. For example, in medical domains, privacy safeguards will limit
what data (if any) can be transmitted. Smaller and more efficient algorithms can operate
in these currently underexplored domains, without the data ever leaving the room.

Even in those domains where the end users are willing and able to make use of
cloud services, the computational cost of model training discourages them from
specializing those models for their particular domain, not to mention updating those
models over time. When using off-the-shelf Al models is not an option, resource
efficiency is critical to put model training (and re-training) directly within the grasp of
specialists with knowledge of the domain. We identify four distinct approaches to energy
efficiency in Al systems, each operating at different levels of the Al development stack
and offering unique trade-offs between implementation complexity and potential energy
savings.

One approach is to use hardware-aware algorithmic adaptations that work within
existing training protocols while leveraging hardware-specific optimizations [Liu et al.,
2023]. For example, workload-aware power management adjusts hardware power states
based on the computational needs of different model components. These types of
methods are particularly valuable as they can be applied post-hoc to existing models
with minimal retraining. Standardization of such hardware-aware optimization techniques
can ensure widespread adoption across different platforms and architectures.

Parameter-efficient methods minimize the number of distinct parameters to be
learned, reducing both the amount of training needed and the size of the learned
models. For example, parameter reduction carefully chooses lower-dimensional
approximations of parts of an Al model to produce smaller, faster models while still
achieving comparable performance [Celaya et al., 2022]. Parameter sharing, in contrast,
does not prune parameters away through approximation, but instead reuses the same
parameters in multiple places across the Al model and has outperformed parameter
reduction in certain cases [Desai and Shrivastava, 2024].

Decentralized training protocols fundamentally alter how models are trained. For
example, federated learning approaches naturally support distributed training across
resource-constrained devices, as each node needs to handle only a fraction of the full
model capacity [Kim et al., 2023, Hu et al., 2023]. In addition to the greater efficiency,
secure protocols for decentralized machine learning have the additional advantages of
being able to operate across heterogeneous devices while also preserving privacy.

Compositional approaches challenge the monolithic model paradigm by combining
specialized models through mixture-of-experts or agent-based architectures [Dun et al.,
2023]. Rather than training a single large model, this approach routes inputs to
appropriate expert models, allowing for efficient resource utilization as only relevant
experts are activated for each input. For example, a document analysis system might
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use different Al experts for layout analysis, text recognition, and semantic
understanding. The Al R&D StrategicPlan can encourage modular development and
reuse of specialized models by establishing benchmarks and interfaces for
compositional Al systems.

These priorities should be supported by investment in both basic research to develop
novel efficiency techniques and applied research to translate theoretical advances into
practical implementations. Success in these areas will not only reduce the energy costs
of Al systems but also enable their deployment in resource-constrained environments
where cloud computing is not feasible or desirable.

3. Assurance of Al Outputs

Regardless of how efficient an algorithm may be, it will not be useful if it does not lead to
accurate Al models. Unfortunately, predicting the accuracy of an Al model must account
for the complexity of modern machine-learning algorithms, the vast amounts of data fed
into them to train Al models, and the breadth of contexts to which the resulting models
will be applied. Current Al pipelines are very good at providing output that seems
plausible, but whose flaws are easily visible to domain experts. While such “good
enough” output may be sufficient in non-critical applications, we need stronger
assurances before deploying Al models to assist in decision-making scenarios with
weightier consequences. Fortunately, there are many alternative paths to such
assurances that model builders can choose from, allowing them to instill confidence in
their end users without being overly restrictive during model development.

One such path is the use of multimodal data, where datasets of different forms (e.g.,
language and images) are used simultaneously for training and execution of Al models.
While the amount of data being ingested and the size of the resulting model grow with
each additional modality, the interdependencies between the modalities induce
constraints on what the model can learn and infer. For example, when using Al to
generate a text description of a visual data stream, we can use the image content to
ground the language generation in a way that reduces hallucinations [Xiao et al., 2024].
This synergy also works in the opposite direction, as generating images from text can
similarly improve by leveraging other input streams (e.g., additional text, edge maps) [He
et al., 2024].

Providing assurance on the performance of an Al model usually relies on some
assumption that future conditions will resemble the past data used to train that model.
That assumption breaks down in highly dynamic environments. In such environments,
we instead want our Al models to be able to assimilate new data, thus being able to
continually learn as conditions change, rather than being stuck with out-of-date
reasoning [Wolfe and Kyrillidis, 2022].

It is not just the combination of data with more data that leads to more robust Al
models: combining data with scientific models can provide similar benefits. The natural
sciences have distilled centuries' worth of data into mathematical models, and Al models
should exploit that knowledge whenever possible. For example, we can use validated
mathematical models of physical systems to generate “data” for training Al models and
to infuse physical laws into loss functions [Celaya et al., 2024].

Progress in these directions would significantly advance our ability to deploy reliable
Al systems in practice. The Al R&D Strategic Plan should prioritize research that
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addresses these critical challenges in scaling Al capabilities while maintaining reliability.
This research should emphasize both theoretical foundations for understanding
modeling errors and practical techniques for building robust systems. This combination
of theory and systems would enable new applications of Al in domains where reliability
is paramount, such as healthcare, financial systems, and critical infrastructure
management.

4. Human-Al Teaming

One way to mitigate the risk of deploying an Al model that we know will make mistakes
is to also give it a human teammate. By having people and Al systems working together
on a task, we can exploit both human expertise and Al’s algorithmic (and, in the case of
embodied systems, physical) strengths, with each hopefully covering for the
weaknesses of the other. Just like a good team of people, a good team of Als and
people can perform tasks faster, more reliably, and at greater scale than any individual
team member could on their own.

For any team, it is not enough for individual team members to be good at their tasks;
they must also be good at working together. In a human-Al team, working well together
requires that the human members understand enough of their Al teammates’ operation
to make good decisions themselves. As a result, transparency of Al models is a priority.
Progress has been made on making Al models explainable by automatically generating
descriptions of their content and operation in terms that are more understandable by a
human teammate [Linder et al., 2021, Yang et al., 2021]. Furthermore, more recent work
has begun to account for the individual differences and dynamic states of human users
to deliver explanations of an Al model’s behavior based on their expertise [Rong et al.,
2024] or their current understanding of the model [Qian et al., 2024]. The Al R&D
Strategic Plan should prioritize explainability that is similarly personalized and dynamic,
as these methods greatly enhance the transparency of Al models, which in turn will
improve the decisions made by the humans working with those models.

Today there is also great excitement for embodied Al systems (robots) that can carry
out tasks specified by humans, collaborate with humans, and physically assist in
manufacturing, fulfillment, transportation, and, in the long run, everyday tasks. Robotics
provides a tangible platform where abstract algorithms and data-driven insights are
tested in real-world scenarios. Through the direct interaction of Al with physical objects
and complex environments, Al models will be refined to handle unpredictability, adapt to
changing conditions, and reason about complex real-world tasks. Advances in Al allow
the use of natural language to instruct and collaborate with such systems, overcoming
one of the current barriers in task specification [Guo et al., 2025]. Work in this area
combines perception [Bhowmick et al., 2020] with advanced motion planning and
reasoning capabilities for long-horizon missions [Pan et al., 2024]. By pushing the limits
of what intelligent machines can sense and do, robotics not only strengthens existing Al
methods but also inspires new approaches to adaptive collaborative systems, driving us
toward a future where humans and machines work together to achieve unprecedented
breakthroughs.



5. Al for Education, Science & Engineering, and Health

Al has already made substantive contributions to education, science and engineering,
and health, and our entire population has benefited from those contributions. Continuing
to direct Al research toward these sectors will maximize the downstream positive impact
of progress made at the algorithmic foundations of Al, in addition to fueling progress in
the respective sectors.

5.1 Al for Education

Education is a key vehicle for improving human flourishing (i.e., enhancing individuals’
potential and well-being) in a supportive environment that enables students to cultivate
and maintain meaningful relationships and activities [Singh et al., 2025]. The use of Al in
education has been prevalent for over two decades for use cases such as automated
writing evaluations [Shermis & Burstein, 2013]. Presently, with the mainstream
availability of Generative Al (GenAl), with its improved capabilities for personalized and
dynamic interactions, these technologies stand to have a transformative impact on
education when used responsibly.

The rapid pace at which Al is evolving is a stark contrast from the pace at which
changes typically affect educational systems [Basu Mallick et al., 2025]. Yet, Al more
broadly, and GenAl specifically, have the potential to support educators in identifying
and providing individual and timely attention to students who need help. There is rich
literature in the field of Al for education, including the impact of intelligent tutoring
systems [Aleven et al., 2023] that combine models from learning sciences, cognitive
sciences, and education research to make personalized, on-demand tutoring available
to students while using a variety of active learning and assessment strategies. GenAl is
particularly useful for generating instructional content, including assessments [Wang et
al.,, 2022], as well as multimodal materials, as illustrated by Duolingo’s learning
application, Google’s Gemini, and OpenAl’'s GPT 4o.

With high-stakes applications like education, a human-centered approach and
appropriate safeguards that help mitigate some of the known limitations of GenAl
models are essential. Some of these limitations include: LLM hallucinations that produce
incorrect information [Ji et al., 2023]; privacy vulnerabilities due to adversarial attacks
that could reveal private information about learners and educators [Bender et al., 2021;
Carlini et al., 2021; Zou et al., 2023]; mathematical, logical, and reasoning errors limiting
their educational utility in certain domains [Hendrycks et al., 2021; Lu et al., 2022]; and
challenges with algorithmic fairness that affect learning experiences [Belzak et al., 2023;
Johnson & Brun, 2022].

Crucial to supporting the effective use of Al systems in education is a deep
understanding of the individual needs of the students and educators, the content
students are learning, and the instructional design strategies used by educators
[McNamara et al., 2022]. Attaining this deep understanding requires significant data
about the learning process, context, trajectory, and individual differences, with strict data
protection protocols in place. R&D infrastructures like Safelnsights, with their
nontraditional privacy-first approach, create opportunities not only for evaluating which
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Al tools and models are working well for educational settings, but also for developing
models for the educational context.

Additionally, the privacy-first approach facilitates further algorithmic development
in areas such as synthetic data generation (i.e., data that are algorithmically generated
to represent the properties of the real underlying dataset). Synthetic data are of value in
education and other domains where there is an abundance of protected data (e.g.,
healthcare) [Liu et al., 2024]. Currently, synthetic data are being used for generating
synthetic student records [Khalil et al., 2025] , to improve the reproducibility of research
[Grund et al., 2022]. As data become more complex and multimodal, synthetic data have
immense value when data are limited and/or private [Qian et al., 2023]. With the growth
of multimodal systems (e.g., student-teacher dialog systems, student handwriting)
[Ochoa, 2022], there is increasing interest in developing algorithms to generate
multimodal synthetic data, which is a challenging problem given their high-dimensional
nature.

5.2 Al for Science & Engineering

Research investments into Al and ML will also trigger fundamental advances outside of
computer science. For example, research into the mathematical underpinnings of ML
must address several open mathematics problems in ML — the interpretability of neural
networks, optimization problems in parameter estimation, and the generalization ability
of learning models — and progress in solving these problems continually fuels new
mathematical theories. In the natural sciences, Al has begun showing its great potential
for generating novel hypotheses in physics and chemistry. Combining this potential with
pre-existing scientific theories and models (as described in Section 3) will lead to the
discovery and design of new materials with targeted properties for broad applications in
energy, biomedicine, construction, transportation, national security, spaceflight, and
other domains. To offer a concrete example from engineering, combining physics
knowledge and data into an Al model for flood prediction can lead to
orders-of-magnitude speedups in predictions when compared against comparable
traditional simulations [Kazadi et al., 2024b, Kazadi et al., 2024a], paving the way for not
only faster but also more accurate simulations to inform critical decisions for resilient
urban infrastructure.

5.3 Al for Health

Al has shown similar promise for generating novel analyses, discoveries, and designs
when addressing medical challenges. Al's ability to unify theoretical models with large
amounts of data makes it a powerful tool for amplifying the research and clinical
expertise that medical practitioners have. As a result, we have already begun to see
payoffs from Al applications across a wide range of healthcare challenges: omics and
big data analysis [Yao et al., 2018]; understanding the origins of disease, particularly in
mental health, autoimmune conditions, rare diseases, chronic or degenera tive disease
[Roussarie et al., 2020], and cancer [Mallory et al., 2020, Edrisi et al., 2023]; accelerated
drug discovery by analyzing molecular interactions [Fasoulis et al., 2024, Conev et al.,
2023]; early detection of pathogens [Wu et al., 2025, Balaji et al., 2022]. The Al R&D
Strategic Plan should maintain the momentum of these preliminary successes to achieve
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Al’s full potential for population-wide improvement in health outcomes.

5.4 Educating the Workforce about Al

Although it is critical to train Al systems to benefit people in domains such as
employment, education, and health,, there also needs to be improvement in the other
direction: training people on how to work effectively with Al. The benefit of human-Al
teaming hinges on the ability to find people who are knowledgeable about both the
application domain and the Al system they are working with. This Al knowledge can take
on a variety of forms, such as knowledge of algorithms and the data to which they are
applied, interpreting output from explainable Al systems, and learning interactions with
Al that are effective for meeting one’s goals (e.g., appropriate prompts provided to a
large language model interface). A priority of the Al R&D Strategic Plan should be the
education of domain experts to be able to apply their knowledge effectively when
sharing decision-making with an Al model.

The need for such education extends well beyond the subset of people who develop
or train Al models. The likely ubiquity of Al in the future means that everyone will be
interacting with Al systems at work, and the increasing degree of automation will
transform the job landscape [Hanna et al., 2024]. However, there is still much that we do
not know about what skills are required to team with Al systems in a way that boosts
productivity. We need a greater understanding of how to develop Al literacy in both
education and the workforce. To maximize the effectiveness of human-Al teams, the Al
R&D Strategic Plan should invest in attaining and leveraging that understanding to
ensure that we have a sufficiently trained workforce.
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