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Motivation
We are in the midst of a global artificial intelligence revolution that most people did not ask for and 

will not benefit from. Modern AI promises to speed us up, automate our drudgery, and make us more 

productive. Not only does it do the opposite [1], but it even cheers us on [2] as we steadily outsource 

more and more of our critical thinking. AI is supposed to make us more creative, but instead we are 

drowning in slop [3]. We face catastrophic risks on multiple fronts [4]: mass unemployment; extreme 

power concentration; out-of-control hyper-capitalism; erosion of trust; automated warfare; long-

term personal and societal disempowerment. In short, our society is hurtling towards systemic 

collapse.

The problem with AI is tunnel-vision at every level. Our AI systems cannot see outside the fixed 

optimization-based problem frames that researchers define for them. Researchers cannot envision an 

AI paradigm other than optimizing a fixed objective. The objectives we specify rely on contextual 

assumptions that we do not state explicitly (or often even realize). We test AI systems on a narrow set 

of benchmark “evals” and equate good performance with complete readiness to deploy. We deploy AI 

within a wide range of dynamic contexts that we treat as equivalent and static. We then measure only 

the first-order outcomes and ignore any second- or third-order effects due to external feedback loops.

Steering away from disaster and towards human flourishing will require humans and AI systems 

to reason meta-cognitively about our respective conceptual frames—the mental models through 

which problems are understood and solved. AI must not only operate within a given frame, but 

also recognize the frame, make it explicit, propose alternatives, navigate between frames as context 

demands, and help humans do the same. This would constitute a major departure from the contem

porary model of AI, which takes the frame for granted, and a much-needed reintegration of some of 

the earliest ideas in the field. Success has the potential to bring about unprecedented levels of self-

awareness, creativity, and problem-solving ability in both humans and AI.

Overview
My research program studies conceptual frames in AI systems to develop techniques that improve both 

AI and human decision making. One line of work made the first substantial progress in decades at 

determining when an AI system needs memory—i.e. automatically detecting when a conceptual 

frame is missing information [5]. I am now collaborating with cognitive scientists at NYU to look for 

similar memory formation mechanisms in humans. Another project showed the first evidence that a 

chess-playing neural network had learned to simulate future moves before acting—effectively 

discovering a new conceptual frame for itself that enhanced its capabilities [6]. Another line of work 

introduced methods for learning human-interpretable state representations [7] and human-like skills 

that precisely manipulate them [8]. The latter directly led to an explainable tutoring system for 

teaching Rubik’s cube to high school students [9].

My work has resulted in: 9 conference papers (plus 4 more under review) and 12 workshop papers

—at venues like NeurIPS, ICML, AAAI, IJCAI, AISTATS, ICAPS, and RLC; 2 oral/spotlight talks; and 

14 invited talks. I am also building systems that interact with real people, including: a code 

generation assistant that maintains uncertainty about user goals rather than assuming it knows them 

exactly; a project with Mozilla and Northeastern to mitigate security risks from AI-driven web 

browsing in Firefox; and working with Hortus AI to develop tools that reveal implicit assumptions 

embedded in municipal AI systems prior to deployment in communities.
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Prior and current work

Frame inspection
Neural networks already construct internal conceptual frames—often discovering representations 

researchers did not explicitly program. In NeurIPS 2024 work [6], my colleagues and I showed that 

chess-playing networks internally simulate board states 3+ moves into the future before selecting 

moves, revealing that planning representations emerge automatically from pattern-matching 

training. This matters because models that learn to optimize without our knowledge could pose novel 

risks [10], and there has been significant debate about the degree to which frontier language models 

(which use the same neural architecture as the chess network we studied) internally implement 

principled optimization algorithms like planning.

Beyond studying neural representations “in the wild”, I also train simplified models under carefully 

controlled experimental conditions and study the representations that implicitly emerge. I recently 

co-authored a workshop paper [11] that showed neural networks encode relational data as geometric 

structure. This work enables an entirely new class of interpretability tools for inspecting 

how neural networks represent functions, as opposed to just scalars, while also providing a strong 

theoretical explanation of how these representations are encoded in the neural network. I also 

supervised a workshop paper [12] looking at the extent to which recurrent neural networks trained 

via reinforcement learning internally represent their state uncertainty and perform Bayesian belief 

updates based on their observations. This is a useful tool, both for validating algorithms that learn what 

to remember, and for revealing model uncertainty or overconfidence and taking appropriate 

safety precautions.

Frame shifting

Observation abstraction

AI agents operating in complex environments need compressed, interpretable representations. My 

dissertation work [13] developed methods that automatically construct abstract state representations 

while provably preserving problem-solving ability. Subsequently, I supervised two extensions. 

The first uses the AI agent’s actions to separate its representations into distinct, human-

interpretable state variables [14]. The second leverages pre-defined state variables (and skills for 

manipulating them) to automatically build discrete, symbolic representations, enabling the use of 

highly efficient classical planners that would otherwise be incompatible with low-level continuous 

control [15]. Together, these projects show how an AI system can progressively construct new, abstract 

reference frames, entirely on its own, by imposing increasing amounts of structure on its internal 

representations.

Action abstraction

Alongside observation abstraction, which shifts the AI agent’s frame on the input side, I also study 

action abstraction, which alters the agent’s outputs. In an IJCAI 2021 paper, I developed a method [8] 

that constructs a library of skills whose effects are intentionally focused on a small subset of state 

variables. Limiting side-effects in this way makes the skills highly interpretable, and it also leads to 

orders of magnitude faster planning, since focused skills better align with the assumptions of the 

available search heuristics. More recently, I advised two interns on a follow-up project [16] that gener

alizes these ideas from deterministic planning to stochastic reinforcement learning, thereby providing a 

method to learn exactly the kinds of abstract actions required in the preceding section for constructing 

factored and symbolic representations. This suggests that action and observation abstraction could be 

interleaved or combined to construct increasingly abstract reference frame hierarchies.
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World models

When world models make incorrect or inconsistent predictions, agents must quickly revise them. 

Another line of my research studies how to automatically shift between different conceptual models. 

One project [17] is on simplifying complex world models while provably preserving soundness and 

optimality with respect to a particular planning goal. Another [18], applies discrete diffusion over 

programmatic world models to efficiently propose edits when models make incorrect predic

tions. These projects achieve complementary objectives: constructing equivalent world models that 

are more efficient, and constructing modified world models that are more accurate. The former ensures 

that newly proposed conceptual frames are actually useful for within-frame optimization. The latter 

allows for quick recovery when models diverge from reality.

Frame selection
My NeurIPS 2024 paper [5] made the most tangible progress in nearly 30 years at automatically 

detecting when AI agents need memory. Agents maintain two different value function models, 

with differing assumptions about the (in)completeness of sensor observations, and check whether the 

models agree to provably detect missing information. The same method could also be used ensure 

human decision-makers have sufficient historical information to make accurate predictions (e.g. fore

casting medical outcomes from patient history). Moreover, we showed how to learn a memory—i.e. 

an abstraction over history—to expand the agent’s representational frame with more context until the 

two models ultimately agree. I subsequently supervised two follow-up projects: one formalizing this 

notion of viewing memory as history abstraction [19]; and another [20] generalizing the notion of 

value discrepancies to arbitrary functions of observations besides just rewards, thereby decoupling the 

problem of frame selection from that of value optimization.

I am also advising on a few other frame selection projects. One project on skill generalization [21] 

maintains multiple modeling hypotheses about how previously learned skills can be efficiently re-

used, then attempts to execute the skills in new contexts to reveal the correct model. Another project 

[22] uses probabilistic dependency graphs to provide a framework for explicitly modeling inconsistent 

beliefs about the world, rather than constraining beliefs to be consistent by assumption. This flexibility 

allows an AI system to automatically detect modeling inconsistencies and provides a richer 

language for model edits and updates to its beliefs, particularly when new evidence doesn’t fit with 

predictions.

Real-world applications
I am now integrating frame-aware AI into systems that interact with real people. One project reframes 

coding assistants as cooperative assistance games where models maintain goal uncertainty, which 

enables the assistant to ask clarifying questions rather than carelessly generating code by assuming 

sufficient knowledge of user intent. Another project is a collaboration with Mozilla and Northeastern 

to bring AI-driven web browsing to Firefox while monitoring agent actions for privacy-violating 

behaviors and intervening before sensitive data is transmitted. I am also working with cognitive 

scientists at NYU to explore similarities between human and AI representations, starting with 

looking for evidence of value function discrepancies during memory formation.

Future directions
I have been fortunate to make substantial progress on this research program already, but there are 

many interesting directions in which I hope to take it from here.

Education
AI tutoring systems currently optimize for quick answers, creating student dependency. Frame-aware 

AI can instead help to shift towards building deeper understanding over time, such that students 
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eventually come to rely less on AI. One concrete approach would be to train language models to 

predict student problem-solving behavior, then use interpretability tools to reveal misunderstandings. 

By identifying what conceptual frames emerge, we could link students’ mental models with 

pedagogical theories of misconceptions, or compare against instructors’ frames.

Such a system could be combined with an AI tutor that uses the identified reference frames to decide on 

interventions. Rather than responding with correct answers, the tutor could pose questions designed to 

help students identify and modify their frames. Initial interventions could be rule-based or trained via 

reinforcement learning, to respectively provide interpretable baselines or enable data-driven discovery 

of effective strategies. This parallels my focused macro-actions work [8], where interpretability of 

learned skills directly enabled collaborative AI tutoring systems [9] for teaching Rubik’s cube 

solving, demonstrating how clear, localized effects help students recognize patterns and understand 

subgoal structure.

Civic AI
Municipal AI systems embed unstated assumptions about community priorities and often fail to 

account for social and ecological feedback loops. Tools that extract these assumptions enable 

stakeholders to evaluate during procurement whether proposed systems align with the needs of 

the community. I am collaborating with civic AI researchers at Hortus AI to develop methods for 

improving government AI procurement using interpretability methods and other frame inspection 

techniques. I plan to develop tools that extract and surface the implicit assumptions embedded in 

municipal AI systems—revealing which community needs are prioritized or what risk factors drive 

decisions.

My work on probabilistic dependency graphs provides a formal framework for representing conflicting 

stakeholder beliefs and measuring their inconsistency. However, extending PDG methods to reconcile 

conflicting beliefs by revising the graph remains open research. One approach: PDG-based AI systems 

detect inconsistent beliefs, then work with humans to resolve them. This advances frame-aware AI by 

treating stakeholder perspectives as competing conceptual frames that systems must represent 

explicitly and navigate between, rather than collapsing into a single ‘optimal’ objective—partic

ularly important when certain groups have fewer resources to voice their perspectives. This builds on 

my Markov abstraction work [13], where comparing stakeholder-level and system-level models could 

identify when algorithmic abstractions collapse important community differences.

Conclusion
Understanding how people and AI systems can develop awareness of their own conceptual frames

—moving from being trapped in frames to recognizing, choosing, and transcending them—

has applications far beyond education and civic engagement. My long-term interest is in AI that 

supports this meta-cognitive capacity more broadly. The problem of steering towards human 

flourishing will continue to be a relevant research direction for as long as humans continue making 

decisions.
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