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Motivation

My research goal is to steer artificial intelligence towards human flourishing. This requires studying
both the computations that drive intelligent behavior and the alignment protocols that ensure Al
systems do what we want. In both areas, my work addresses a fundamental challenge that has
existed since the earliest days of Al: identifying an appropriate conceptual frame. A frame is
what enables decision making; it is a mental model, a representation, that defines the problem to be
solved. Almost all AT algorithms and alignment techniques implicitly assume a fixed conceptual frame
as a starting point. I argue that Al systems need to construct their own frames, and modify
them as necessary, to ensure that their behavior remains aligned with human preferences.

Problem framing comes so naturally to humans that we typically do not realize we are doing it at all.
We automatically convert our long-term preferences about possible futures (e.g. a career as a professor)
into concrete, actionable goals (publish papers, mentor students, apply to faculty jobs). We identify
high-level actions that seem appropriate for achieving those goals (write research statement, recruit
letter writers). We transform our rich perceptual observations (raw sensory data) into mental state
representations that summarize the most important information for selecting actions (current status of
application materials). We map all of this (goals, actions, and states) onto previously learned behaviors
and/or reasoning strategies (technical communication, planning, prioritization of subtasks). And then
we move on to another preference (being fluent in French) and repeat with a different frame.

Finding an appropriate frame is essential for long-term human flourishing and is also most
of what makes AI problem solving difficult. The traditional strategy of specifying a fixed frame
by hand will only get us so far, because, as humans, we often don’t know what to specify. While some
of our preferences are easy to articulate, other preferences (e.g. ideal 2035 global Al policy) are nearly
impossible to assess from our present context and will likely change over time. As Al systems rapidly
become more capable, they are increasingly accomplishing our mis-specified objectives faster than we
have time to correct them [1], [2]. We are already seeing that any fixed frame we specify may eventually
be wrong, and a perfect specification of human flourishing remains quite far off. To safely support us in
our efforts, Al systems must learn how to adapt. This calls for a research program in frame-aware
Al to develop techniques for Al systems to inspect, modify, and select between conceptual frames,
while interactively learning (and helping us discover) our uncertain, changing human preferences.

Overview

My research program studies conceptual frames in Al systems to develop techniques that improve
both AI and human decision making. One of my recent papers made the first substantial progress
in decades at determining when an Al system needs memory—i.e. automatically detecting
when a conceptual frame is missing information [3]. Another 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 [4]. A third line of work
introduced methods for learning human-interpretable state representations [5] and human-like high-
level actions that precisely manipulate them [6]. The latter directly led to an explainable tutoring
system for teaching Rubik’s cube to high school students [7]. 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 Al-driven web browsing in Firefox; and collaborations with social
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and cognitive scientists at Berkeley and NYU adapting frame-aware Al methods to better understand
creativity and memory in humans.

My work has resulted in: 9 conference papers (plus 4 more under review) and 12 workshop papers
—at venues like NeurIPS, ICML, AAAL IJCAI, AISTATS, ICAPS, and RLC; 2 oral/spotlight talks;
and 14 invited talks. These qualifications demonstrate my ability to lead a strong research program
focusing on Al frame inspection, modification, selection, and alignment.

Frame Inspection

Neural networks already construct internal conceptual frames—often discovering representations
researchers did not explicitly program. In NeurIPS 2024 work [4], 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 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. Our work demonstrates that when the
internal frame is allowed to drift, free from human feedback, the AI may develop complex algo-
rithmic behaviors we didn’t account for—a capability that could one day pose dangerous risks to
humans [8].

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 [9] 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 [10] 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 Modification

Observation Abstraction

Al agents operating in complex environments need compressed, interpretable representations. My
dissertation work [11] developed methods that automatically convert the agent’s rich sensory obser-
vations to concise, abstract state representations that provably preserve problem-solving ability.
Rather than allowing full freedom for the agent’s representation to drift, I identified a set of sufficient
theoretical conditions and encoded them into the neural network objective function so it would
learn representations compatible with the agent’s learning algorithm. This demonstrates a method
for enabling Al-driven frame modification while ensuring the resulting representation retains the
properties that human designers want.

Subsequently, I supervised two extensions. The first uses the Al agent’s actions to separate its
representations into distinct, human-interpretable state variables [12]. 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 [13]. These projects demonstrate how Al systems can
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progressively construct new, abstract conceptual frames, entirely on their own, while constraining
them to be increasingly human-interpretable.

Action Abstraction

Alongside observation abstraction, which shifts the Al agent’s frame on the input side, I also study
action abstraction, which alters the agent’s outputs. In an [JCAI 2021 paper, I developed a method [6]
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. My work directly enabled an explainable tutoring system led by
researchers at USC and Cisco for teaching Rubik’s cube to high school students [7]. More recently,
I advised two interns on a follow-up project [14] that generalized 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 representa-
tions. These projects suggest that action and observation abstraction naturally complement each other,
and that human-interpretable abstractions are beneficial for human and Al learning alike.

World Models

Establishing a suitable frame defines an interface through which the agent can observe and model
the world. The latter introduces a modeling problem, requiring a new choice of frame: the class of
world model to consider. Whatever the agent chooses, for a complex enough world, the model will
eventually need to change. One of my current projects [15] is on simplifying complex world models
while provably preserving plan validity and optimality with respect to a particular planning
goal. Another [16], applies discrete diffusion over programmatic world models to efficiently propose
edits when models make incorrect predictions. 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 NeurlIPS 2024 paper [3] made the most tangible progress in nearly 30 years at automatically
detecting when Al agents need memory. In our approach, an agent maintains two different value
function models, with differing assumptions about the (in)completeness of its sensor observations, and
checks whether the models agree to provably detect missing information. 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. This project demonstrates how an Al system can
make meta-cognitive decisions about which frame is most appropriate for decision making, and how
to automatically adjust its frame to match the learning algorithm.

This approach is quite general, and the same method could be used ensure human decision-makers
have sufficient historical information to make accurate predictions (e.g. forecasting medical outcomes
from patient history). I subsequently supervised two follow-up projects: one formalizing this notion of
viewing memory as history abstraction [17]; and another [18] generalizing the notion of value discrep-
ancies to arbitrary functions of observations besides just rewards, thereby decoupling the problem of
frame selection from that of value optimization. I recently began collaborating with cognitive scientists
at NYU to investigate whether similar value function discrepancies play a role in human behavior.
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Frame Alignment

I am now supervising several projects on integrating frame-aware Al into systems that interact with
real people. One project [19] 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 [20]
is a collaboration with Mozilla and Northeastern to bring Al-driven web browsing to Firefox
while monitoring agent actions for privacy-violating behaviors and intervening before sensitive data
is transmitted. A third [21] is a collaboration with the Berkeley Institute of Personality and Social
Research to understand human creativity through the lens of conceptual frames. We argue that
“creative” actions are those that lead to more accurate frames, and the value of such actions cannot be
predicted in advance within the old frame.

Future Directions

The traditional Al paradigm optimizes for a fixed set of known human preferences and is already
showing signs of strain. Even recent work in large language models, which aims to learn the human
preferences from feedback during pretraining, still deploys a model with a fixed objective that is
known to be wrong. My work in assistance games builds on earlier research to define a better frame,
one in which AI agents optimize for unknown human preferences. Assistance games constitute a
substantial improvement over fixed-preference approaches in that the deployed Al system maintains
uncertainty about what the human wants, and learns how to act over time. I intend for frame-
aware Al to go beyond either of these approaches, by allowing the frame itself to be learned over time.

The first step in my proposed plan would be to investigate more general-purpose methods for
detecting when a conceptual frame is misaligned. I am already advising on a project [22] that uses
probabilistic dependency graphs to explicitly model inconsistent beliefs about the world, extending
Bayes Networks, which constrain beliefs to be consistent by assumption. This flexibility allows an
Al 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.

The next step is to connect frame modification directly to human preferences. This is
challenging for several reasons. First, as humans, we do not know our “true” preferences over all
possible futures, because we have not lived through them and do not have sufficient information for
comparison. Second, the preferences we think we have are an approximation to our true preferences,
and they change over time as we update them to account for new information. Third, we struggle to
even articulate our preferences accurately, despite massive collective effort (such as in language model
pretraining). However, my research portfolio offers plenty of reason for hope.

My plan is to explicitly represent the human’s “true” preferences using a sufficiently rich set of
preference factors (similar to the ones from my work learning factored representations). These “true”
preferences would depend on an unknown subset of these features, and the human would try to
estimate which features are important over time through interactions with the world. Meanwhile, the
Al system would have its own estimate about both the preference features and the human’s preference
model, in essence solving a double assistance problem. On the preference level, it would solve an
assistance game, and on the feature level, it would be solving a frame consistency problem (similar to
my value discrepancy work, or my current project in probabilistic dependency graphs).

I have already shown how Al systems can learn to construct their own frames, as well as how to
ensure those frames remain human-interpretable and aligned with downstream learning algorithms.
This research program would combine these ideas together, to build frame-aware systems that
interact with real people and improve collaborative human-AI decision making at scale.
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