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INTRODUCTION

The past decade and a half has featured immense progress
in the field of Machine Learning, especially with regards to
the power of neural networks. Much of the community’s
effort over this time has been devoted to understanding
how to enable neural networks to learn as effectively as
possible, and how they manage to generalize as well as they
do.!

Roughly speaking, many of the research papers that
have appeared can be categorized into four classes.

Neural network algorithms

Some of the most influential and impactful work has
been around neural network algorithms and architectures,
both for supervised learning (for example, transformers
(Vaswani et al., 2017), state-space models (Gu & Dao, 2024),

There remains much more to Artificial Intelligence than understanding how
to learn with neural networks. Inspired in part by how babies, and humans in
general, tend to choose for themselves what (and when) to learn in addition to
how to learn, this article discusses similar opportunities, in the areas of multia-
gent systems and robotics. Grounded in past research on the topic, it categorizes
opportunities for choosing what to learn as coming from task decomposition or
simplification for difficult problems and/or large environments; unsupervised
pre-training of representations and priors; multiagent learning; and learning
from human interaction. The article is based closely on a keynote talk with the
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and diffusion (Ho et al., 2020)) and for deep reinforcement
learning (RL) (for example, PPO (Schulman et al., 2017),
SAC (Haarnoja et al., 2018), and GRPO (Shao et al., 2024)).

Neural network “psychology”

This class of research has focused on identifying under
what conditions these neural network algorithms succeed
or fail. For example, can they plan (Kambhampati, 2024)?
Can they solve math problems? What can they do and
what can’t they do? This research studies the macro-level
behavioral properties of trained neural networks.

Neural network “neuroscience”

This class of research studies the conditions under which
various neurons in a neural network fire, and seeks con-
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trol and/or understanding of their operation by examining
them at the micro-level.

Neural network applications

Finally, there is a lot of important work on how to put
these new technological advances to good use in targeted
applications.

While this work is all very exciting and important, con-
trary to popular belief, there is much more to Al than
how to learn with neural networks. Especially when speak-
ing to students and young researchers looking to carve
out a niche for themselves in the field, I tend to advise
strongly as follows: Be different! I advise exploring differ-
ent Al paradigms other than neural networks, including
by leveraging and combining past paradigms such as sym-
bolic reasoning and probabilistic models, and by exploring
completely new paradigms, for example to address current
shortcomings in causal reasoning. I also advise being dif-
ferent by shifting one’s focus from how to learn to what and
when to learn, which is the main focus of this article.

LESSONS FROM HUMAN BABIES

Babies are sometimes described as scientists in the crib
(Gopnik et al., 1999). In contrast to when they will later be
in grade school and teachers assign them curricula so that
they can focus on how to learn, in their capacity as baby
scientists they need to actively decide what to learn. This
contrast has been emphasized prominently by the work of
Adolph et al. on toddlers’ acquisition of walking skills (for
example, Adolph & Hoch, 2019). Traditionally, psycholo-
gists have enticed babies to walk straight on treadmills or
instrumented mats as a way of focusing on how they learn
to walk. On the other hand, Adolph and colleagues have
eschewed such an approach in favor of studying babies in
natural settings, where the babies choose for themselves
when and where to walk, often moving along curved or
erratic paths, and often stopping, sitting, falling, and so
forth. Their premise is that the choice of what and when
to learn is at least as important as how to learn.

This insight has also had direct relevance to robot learn-
ing, via a comparison between how babies learn to walk
with how robots learn to walk. Specifically, in our efforts to
train world champion robot soccer agents for the RoboCup
3D simulation league (MacAlpine et al., 2022), we also
observed that it is important for robots to train on varied
paths beyond just straight forward trajectories. In Ossmy
et al. (2023), we trained simulated humanoid robots on
paths that babies were observed to follow naturally, leading

to much greater robustness than hand-coded, regimented
trajectories.

OPPORTUNITIES TO IDENTIFY WHAT TO
LEARN

Within Artificial Intelligence (AI), there are several oppor-
tunities for focusing on what to learn. While it has not
been an explicit focus of my lab’s research, over the years
we have contributed to this endeavor along four separate
dimensions, each of which provides many more opportu-
nities for follow-up research. Specifically, it is useful for an
agent to focus on what to learn under at least the following
four conditions:

1. When the task is too difficult or the world is too big
2. When the agent’s future tasks are unknown

3. When there are other agents in the environment

4. When humans react to the agent’s actions

In the remainder of this section, I touch on each of these
conditions in turn. While there has been relevant work
in these areas from many research labs, I focus mainly
on illustrative work from the Learning Agents Research
Group (LARG) at the University of Texas at Austin.

Difficult tasks or big worlds

Many tasks are too difficult to learn in one shot, end to end.
For example, when teaching a child to play chess, one often
starts with simpler games, such as tic-tac-toe and checkers.
‘When doing so, the assumption is that the child will be able
to transfer knowledge from the simpler domain to the more
complex setting. Transfer learning is the area of Machine
Learning that focuses on imbuing autonomous agents with
the similar ability to learn from simpler tasks en route to
learning more difficult tasks (Taylor & Stone, 2009).

While transfer learning relies on task simplification,
another approach to dealing with difficult problems is via
task decomposition. For example, layered learning has been
used to decompose complex robot soccer behaviors into
more easily learnable skills (MacAlpine & Stone, 2018;
Stone 2000). However both transfer learning and layered
learning have typically relied on manual task simplifica-
tion or decomposition, based on human intuition. That is,
a person has generally identified what to learn, leaving the
autonomous agent to focus on how to learn.

In contrast, the burgeoning area of automated curricu-
lum learning (ACL) brings the decision of what to learn
within the purview of the learning agent (Narvekar et al.,
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2020). Specifically, Narvekar and Stone (2019) identify the
three main components of ACL as follows:

» Task creation: Identifying which simpler tasks might
be helpful for eventually learning the target task.
Returning to the example of teaching a child to play
chess, the game QuickChess? provides simplified games
with only pawns, then adding one new piece at a time.
Task creation automates the process of creating such
simplified games (or more generally, tasks).

* Task sequencing: Identifying a useful sequence for
learning the simplified tasks. This step automates the
process of deciding the order in which the simplified
tasks should be learned. For example, should the child
learn tic-tac-toe before checkers? Or vice versa?

 Transfer learning: Finally, transfer learning provides
the ability to leverage learning in the sequence of simpli-
fied tasks toward more efficient learning of the eventual
target task.

ACL can be seen as a sort of meta-learning problem,
where the goal is to create a teacher agent that can create
and sequence tasks for a student agent based on its current
capabilities. This problem can be formalized as requiring a
meta-teacher to generate the curriculum which will assist
the student to train toward any given target task from
a task distribution based on the similarity of these tasks
to one another. To this end, Xu et al. (2023) introduced
a model-based meta automatic curriculum learning algo-
rithm (MM-ACL) that learns to predict the performance
improvement on one task when the student is trained on
another, given the current internal learning state of the
student. This predictor can then be used to generate curric-
ula for different target tasks. Empirical results demonstrate
that MM-ACL outperforms the state-of-the-art curriculum
learning algorithms in a grid-world domain and a more
complex visual-based navigation domain in terms of sam-
ple efficiency. The key novelty of this approach lies in its
ability to select a dynamic sequence of tasks depending on
what concepts or skills the learning agent has mastered
and which ones it is still struggling with. Thus different
curricula may emerge for different students.

Another opportunity for identifying what to learn relates
to the concept of Event Tables in RL (Kompella et al., 2023).
Experience replay (ER) is a crucial component of many
deep RL systems. However, uniform sampling from an ER
buffer can lead to slow convergence and unstable asymp-
totic behaviors. Motivated by the challenge of creating
superhuman car racing agents for the high-fidelity simu-
lator/game Gran Turismo (Wurman et al., 2022), Stratified
Sampling from Event Tables (SSET) partitions an ER buffer
into Event Tables, each capturing important subsequences
of optimal behavior. Empirical results in challenging Min-

iGrid domains, benchmark RL environments, and Gran
Turismo demonstrate the advantages and versatility of
SSET over existing ER buffer sampling approaches (Kom-
pella et al., 2023). Automating the selection of which
behavior subsequences qualify as important enough for
capturing in their own Event Table is a ripe opportunity
for identifying what to learn.

Finally, as an alternative to focusing on what to learn,
the TEXPLORE algorithm (Hester & Stone, 2013) instead
identifies what not to learn. TEXPLORE is designed for big
worlds, defined as environments that have too many states
for an agent to explore exhaustively. As a result, the agent
must actively decide where never to explore. For exam-
ple, as people, the world we live in is too large to explore
fully. We cannot visit every city before deciding where to
live. And many of us cannot even try every restaurant in
our home city when choosing a favorite. Instead, we must
actively choose where never to go. TEXPLORE is a model-
based RL method that learns a random forest model of the
domain which generalizes dynamics to unseen states. The
agent explores states that are promising for the final policy,
while ignoring states that do not appear promising.

In summary, ACL, Event Tables, and TEXPLORE exem-
plify opportunities to identify what to learn in difficult
tasks and/or big worlds.

Unknown future tasks

Toward the ambition for robust, general-purpose service
robots in the home, a perspective that often inspires me
is that they will generally have two learning phases. The
first phase can be seen as what happens in the factory,
prior to deployment. The second phase can be seen as what
happens in the home, after deployment.

The second phase is more or less the realm of standard
RL and/or imitation learning. The robot will need to learn
from interaction in the physical world and/or via observa-
tion. Algorithmic innovations tend to focus on how to learn
efficiently in such a setting.

In contrast, during the first phase, there is a great oppor-
tunity for the robot to identify for itself what to learn.
‘Without as much of a limit on data and computation, but
also without full knowledge of the tasks it will be asked to
perform once it is deployed, the robot ought to focus on
learning priors and representations.

One promising area of enquiry toward this end is on
causal representations for RL, such as Causal Bisimula-
tion Modeling (CBM) (Wang et al., 2024b). Two desiderata
of RL algorithms are the ability to learn from relatively
little experience and the ability to learn policies that gen-
eralize to a range of problem specifications. In factored
state spaces, one approach toward achieving both goals
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is to learn state abstractions, which only keep the neces-
sary variables for learning the tasks at hand. CBM is a
method that does so by learning the causal relationships in
the dynamics and reward functions for each task to derive
a minimal, task-specific abstraction. CBM leverages and
improves implicit modeling to train a high-fidelity causal
dynamics model that can be reused for all tasks in the same
environment. Empirical validation on manipulation envi-
ronments and DeepMind Control Suite reveals that CBM’s
learned implicit dynamics models identify the underlying
causal relationships and state abstractions more accurately
than explicit world models.

ELDEN, Exploration via Local Dependencies, is another
approach that leverages discovery of causal dependencies
among actions and effects for efficient RL (Wang et al.,
2023). Tasks with large state spaces and sparse reward
functions present a longstanding challenge to RL. In these
tasks, an agent needs to explore the state space efficiently
until it finds a reward. To deal with this problem, the com-
munity has proposed to augment the reward function with
intrinsic reward, a bonus signal that encourages the agent
to visit interesting states. ELDEN introduces a new way of
defining interesting states for environments with factored
state spaces and complex chained dependencies, where an
agent’s actions may change the value of one entity that,
subsequently, may affect the value of another entity. Our
insight is that, in these environments, interesting states for
exploration are states where the agent is uncertain whether
(as opposed to how) entities such as the agent or objects
have some influence on each other. ELDEN introduces
a novel intrinsic reward that encourages the discovery of
new interactions between entities. ELDEN utilizes the par-
tial derivative of the learned dynamics function to model
the local dependencies between entities accurately and
computationally efficiently. The uncertainty of the pre-
dicted dependencies is then used as an intrinsic reward to
encourage exploration toward new interactions. We evalu-
ated the performance of ELDEN on four different domains
with complex dependencies, ranging from 2D grid worlds
to 3D robotic tasks. In all domains, ELDEN correctly
identifies local dependencies and learns successful poli-
cies, significantly outperforming previous state-of-the-art
exploration methods.

Causal modeling can also help with skill discovery, dur-
ing the pre-deployment learning phase. Unsupervised skill
discovery carries the promise that an intelligent agent
can learn reusable skills through autonomous, reward-
free environment interaction. Existing unsupervised skill
discovery methods learn skills by encouraging distin-
guishable behaviors that cover diverse states. However,
in complex environments with many state factors (for
example, household environments with many objects),
learning skills that cover all possible states is impossible,

and naively encouraging state diversity often leads to sim-
ple skills that are not ideal for solving downstream tasks.
Skill Discovery from Local Dependencies (SkiLD) lever-
ages state factorization as a natural inductive bias to guide
the skill learning process (Wang et al., 2024a). The key
intuition guiding SkiLD is that skills that induce diverse
interactions between state factors are often valuable for
solving downstream tasks. To this end, SkiLD develops
a novel skill learning objective that explicitly encourages
the mastering of skills that effectively induce different
interactions within an environment. We evaluated SkiLD
in several domains with challenging, long-horizon sparse
reward tasks including a realistic simulated household
robot domain, where SkiLD successfully learned skills
with clear semantic meaning and showed superior per-
formance compared to existing unsupervised RL methods
that only maximize state coverage.

Another thing that can be learned during the pre-
deployment phase is an efficient abstract action space
for enabling RL on a real robot in the real world. Direct
RL in the real world demands both safe exploration and
high sample efficiency, which are difficult to achieve
in practice. Sim-to-real RL, on the other hand, is often
brittle due to the reality gap. SLAC is a recent method
that renders real-world RL feasible for complex embodi-
ments by leveraging a low-fidelity simulator to pretrain a
task-agnostic latent action space (Hu et al., 2025). SLAC
trains this latent action space via a customized unsuper-
vised skill discovery method designed to promote temporal
abstraction, disentanglement, and safety, thereby facilitat-
ing efficient downstream learning. Once a latent action
space is learned, SLAC uses it as the action interface
for a novel off-policy RL algorithm to autonomously
learn downstream tasks through real-world interactions.
Notably, SLAC learns contact-rich whole-body tasks in
under an hour of real-world interactions, without relying
on any demonstrations or hand-crafted behavior priors.

This notion of learning priors and representations dur-
ing a pre-deployment phase has come to be known in
the RL community as “Unsupervised RL” (Agarwal et al.,
2025) to indicate that learning happens prior to having
any supervisory reward function. In the extreme, after
exploring an environment, an intelligent agent ought to be
able to transfer its knowledge to most downstream tasks
within that environment without additional interactions.
Referred to as “zero-shot learning”, this ability remains
elusive for general-purpose RL algorithms. While recent
work has attempted to produce zero-shot RL agents, it
tends to make assumptions about the nature of the tasks
or the structure of the Markov Decision Process (MDP).
To mitigate this requirement, we introduced Proto Succes-
sor Measure (PSM): the basis set for all possible behaviors
of an RL agent in a dynamical system (Agarwal et al.,
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2025). We prove that any possible behavior (represented
using visitation distributions) can be represented using
an affine combination of these policy-independent basis
functions. Given a reward function at test time, we sim-
ply need to find the right set of linear weights to combine
these bases corresponding to the optimal policy. We derive
a practical algorithm to learn these basis functions using
reward-free interaction data from the environment and
show that PSM can produce the near-optimal policy at
deployment time for any given reward function without
additional environmental interactions.

PSM can then be leveraged to define post-deployment
tasks entirely via natural language. The reward hypothe-
sis (Silver et al., 2021) states that all goals and purposes
can be understood as the maximization of a received
scalar reward signal. However, in practice, defining such
a reward signal is notoriously difficult, as humans are
often unable to predict the optimal behavior correspond-
ing to a reward function. Natural language offers an
intuitive alternative for instructing RL agents, yet previ-
ous language-conditioned approaches either require costly
supervision or test-time training given a language instruc-
tion. Leveraging PSM, we introduce a new approach that
uses a pretrained RL agent trained using only unlabeled,
offline interactions without task-specific supervision or
labeled trajectories to get zero-shot test-time policy infer-
ence from arbitrary natural language instructions. We
introduce a framework comprising three steps: imagine,
project, and imitate (Sikchi et al., 2025). First, the agent
imagines a sequence of observations corresponding to
the provided language description using video generative
models. Next, these imagined observations are projected
into the target environment domain. Finally, an agent
pretrained in the target environment with unsupervised
RL (PSM) instantly imitates the projected observation
sequence through a closed-form solution. To the best of our
knowledge, our method, RLZero, is the first approach to
show direct language-to-behavior generation abilities on a
variety of tasks and environments without any in-domain
supervision. We further show that components of RLZero
can be used to generate policies zero-shot from cross-
embodied videos, such as those available on YouTube, even
for complex embodiments such as humanoids.

Up to this point in this section, I have considered
the situation in which there is a clear division between
the pre-deployment and post-deployment learning phase.
But that division is not always so clear. In the related
paradigm of Lifelong Learning, or Continual Learning,
an agent keeps learning from a never-ending stream of
experiences (Ring, 1994). Unlike traditional lifelong learn-
ing problems in image and text domains, which primarily
involve the transfer of declarative knowledge of enti-
ties and concepts, lifelong learning in decision-making

(LLDM) also necessitates the transfer of procedural knowl-
edge, such as actions and behaviors. To advance research
in LLDM, we introduced LIBERO, a novel benchmark
of lifelong learning for robot manipulation (Liu et al.,
2023). Specifically, LIBERO highlights five key research
topics in LLDM: (1) how to efficiently transfer declar-
ative knowledge, procedural knowledge, or the mixture
of both; (2) how to design effective policy architectures
and (3) effective algorithms for LLDM; (4) the robustness
of a lifelong learner with respect to task ordering; and
(5) the effect of model pretraining for LLDM. We devel-
oped an extensible procedural generation pipeline that can
in principle generate infinitely many tasks. For bench-
marking purposes, we created four task suites (130 tasks
in total) that we use to investigate the above-mentioned
research topics. To support sample-efficient learning, we
provide high-quality human-teleoperated demonstration
data for all tasks. Our extensive experiments uncovered
several unexpected discoveries: sequential fine-tuning out-
performs existing lifelong learning methods in forward
transfer, no single visual encoder architecture excels at
all types of knowledge transfer, and naive supervised pre-
training can hinder agents’ performance in the subsequent
LLDM. LIBERO has since become a standard, widely used
benchmark for LLDM.

Multiple (unknown) agents

As autonomous agents proliferate in the real world, both in
software and robotic settings, they will increasingly need
to band together for cooperative activities with previously
unfamiliar teammates. In such ad hoc team settings, team
strategies cannot be developed a priori. Rather, an agent
must be prepared to cooperate with many types of team-
mates: it must collaborate without pre-coordination. An
AAAT2010 paper challenged the AI community to develop
theory and to implement prototypes of ad hoc team agents
(Stone et al., 2010). It defines the concept of ad hoc team
agents, specifies an evaluation paradigm, and provides
examples of possible theoretical and empirical approaches
to the challenge.

Ad hoc teamwork (AHT) can be seen as a specialization
of the Unsupervised RL problem to a multiagent setting.
In the pre-deployment phase, an agent has the opportunity
to learn from lots of different possible teammates in lots of
possible environments, with the goal of building represen-
tations and priors pertaining to likely types of teammates
it may encounter once deployed. Then, during the deploy-
ment phase, it must adapt to its current teammates with
very little additional training.

A recent paper frames this challenge directly in terms of
deciding what to learn, by actively choosing training part-
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ners who are likely to teach the agent new coordination
skills. Most existing AHT approaches adopt a two-stage
pipeline, where first, a fixed population of teammates is
generated with the idea that they should be representa-
tive of the teammates that will be seen at deployment
time, and second, an AHT agent is trained to collab-
orate well with agents in the population. To date, the
research community has focused on designing separate
algorithms for each stage. This separation has led to algo-
rithms that generate teammates with limited coverage of
possible behaviors, and that ignore whether the generated
teammates are easy to learn from for the AHT agent. Fur-
thermore, algorithms for training AHT agents typically
treat the set of training teammates as static, thus attempt-
ing to generalize to previously unseen partner agents
without assuming any control over the set of training team-
mates. In contrast, in order to bring what to learn within
the purview of the learning agent, we introduced a uni-
fied framework for AHT by reformulating the problem as
an open-ended learning process between an AHT agent
and an adversarial teammate generator. Specifically, we
introduced ROTATE, a regret-driven, open-ended train-
ing algorithm that alternates between improving the AHT
agent and generating teammates that probe its deficiencies
(Wang et al., 2025). Experiments across diverse two-player
environments demonstrate that ROTATE significantly out-
performs baselines at generalizing to an unseen set of
evaluation teammates, thus establishing a new standard
for robust and generalizable teamwork.

I hope and expect to see much more future research that
combines the challenge of identifying what to learn with
multiagent systems.

Human input

Finally, there are opportunities for identifying what to
learn when a learning agent has the opportunity to inter-
act with people in its environment. Should it copy their
demonstrations? Provide opportunities to intervene with
targeted corrections? Pay attention to explicit or implicit
feedback regarding its actions? We have considered all of
those modalities in our work.

Reinforcement Learning from Human Feedback
(RLHF) has recently played an important role in the
development of large language models, specifically pro-
viding the crucial post-training that turned GPT-3 into
GPT-3.5, also known as ChatGPT. But the first example of
RLHF was introduced more than a decade earlier in the
guise of the TAMER framework (Knox & Stone, 2009),
motivated by the ambition to reduce sample complexity
of learning a task via knowledge transfer from humans to
agents. Ideally, methods of transfer should be accessible

to anyone with task knowledge, regardless of that person’s
expertise in programming and Al The “Training an Agent
Manually via Evaluative Reinforcement,” or TAMER,
framework allows a human trainer to interactively shape
an agent’s policy via reinforcement signals. Differing from
previous approaches to interactive shaping, a TAMER
agent models the human’s reinforcement and exploits its
model by choosing actions expected to be most highly
reinforced.

Since empirical results showed that TAMER allows for
much faster learning than traditional RL, but ultimately
converges to worse final behavior, TAMER was later
extended to be able to learn from both manual and envi-
ronmental feedback (Knox & Stone, 2012). Several years
later, it was extended to take visual input as DeepTAMER
(Warnell et al., 2018).

While TAMER focuses only on learning from explicit
human positive and negative feedback, Adaptive Plan-
ner Parameter Learning (APPL) (Xiao et al., 2022) also
incorporates learning from demonstrations and interven-
tions, specifically for autonomous robot navigation in
constrained spaces. While current autonomous naviga-
tion systems allow robots to successfully drive themselves
from one point to another in specific environments, they
typically require extensive manual parameter re-tuning
by human robotics experts in order to function in new
environments. Furthermore, even for just one complex
environment, a single set of fine-tuned parameters may not
work well in different regions of that environment. These
problems prohibit reliable mobile robot deployment by
non-expert users. APPL leverages non-expert human inter-
action via several modalities — including teleoperated
demonstrations, corrective interventions, and evaluative
feedback — and also unsupervised RL to learn a param-
eter policy that can dynamically adjust the parameters of
classical navigation systems in response to changes in the
environment. APPL inherits safety and explainability from
classical navigation systems while also enjoying the bene-
fits of machine learning, that is, the ability to adapt and
improve from experience.

Perhaps the most challenging opportunity for identify-
ing what to learn from people comes from their implicit
reactions, such as gestures, facial expressions, and vocal-
izations. These signals comprise an abundant, naturally
occurring channel of information that humans provide
during interactions. A robot or other agent could lever-
age an understanding of such implicit human feedback to
improve its task performance at no cost to the human. This
approach contrasts with common agent teaching meth-
ods based on demonstrations, critiques, or other guidance
that need to be attentively and intentionally provided. In a
2020 paper, we first defined the general problem of learn-
ing from implicit human feedback and then addressed
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this problem through a novel data-driven framework,
EMPATHIC (Cui et al., 2020). This two-stage method con-
sists of (1) mapping implicit human feedback to relevant
task statistics such as reward, optimality, and advantage;
and (2) using such a mapping to learn a task. We instan-
tiated the first stage and three second-stage evaluations
of the learned mapping. To do so, we collected a dataset
of human facial reactions while participants observed an
agent executing a sub-optimal policy for a prescribed train-
ing task. We trained a deep neural network on this data
and demonstrated its ability to (1) infer relative reward
ranking of events in the training task from prerecorded
human facial reactions; (2) improve the policy of an agent
in the training task using live human facial reactions; and
(3) transfer to a novel domain in which it evaluates robot
manipulation trajectories. In the long term, we envision
personalized learning agents that can attend to all differ-
ent manners of a person’s implicit feedback and identify
for itself what to learn from them.

SOCIETAL IMPLICATIONS

As mentioned in the Introduction, I tend to advise current
students to “Be Different!” which I used as a jumping off
point to motivate moving beyond focusing on how neu-
ral networks learn to also innovate with regards to what
to learn across the full range of AI paradigms. As Al sys-
tems become more generally capable, including choosing
for themselves what to learn, I find it also increasingly
important to encourage students to pay attention to the
societal implications of their research. Of course I am not
at all the first to say it, but now that Al-based technologies
are permeating society, it is essential that all Al researchers
become well-versed in the potential cost-benefit tradeoffs
of these powerful systems.

With regards to the theme of this article, considerations
of AT’s societal implications are often framed as shifting
the focus from what AI technologies can do to what they
should do. Eventually, this consideration may also become
a part of the calculus when Al systems decide for them-
selves what to learn. It is not too difficult to imagine
situations in which an AI system could identify a useful
step in an automated curriculum (as described above) that
would be widely considered by people to be unwise or
unethical to actually execute. I include this section both
because incorporating societal implications into the cal-
culus of what to learn is an important open challenge
for autonomous Al systems, and because it is becoming
increasingly difficult to separate one’s technical work in Al
from societal implications in general.

By way of example, in the talk associated with this paper,
I pointed the audience to cross-disciplinary efforts I have

helped lead, including the One Hundred Year Study on
Al (AI100) (Stone et al., 2022), as well as courses I have
developed on Ethical AI and Robotics® for graduate stu-
dents from multiple disciplines, and on Al literacy, aimed
at the entire undergraduate population, and accessible to
all (Xu et al., 2026). We have made these materials broadly
available based on our belief that every college student, and
indeed all adult members of society, no matter what their
field of study or occupation, ought to take one course on
the basic history of, and the current state of the art of, AL
Both the AI100 Study and these courses make a point of
explicitly relating AI capabilities and opportunities (what
one can do with AI) to Al responsibilities and governance
(what one should do with AI).

I also pointed out two recent publications directly per-
taining to societal implications, one on the potential harms
of Al-based companions, and one on curating ethical
datasets. First, amid the growing prevalence of human-
Al interaction, large language models and other Al-based
entities increasingly provide forms of companionship to
human users. Such AI companionship—that is, bonded
relationships between humans and Al systems that resem-
ble the relationships people have with family members,
friends, and romantic partners—might substantially ben-
efit humans. Yet such relationships can also do profound
harm. Knox et al. (2025) proposed a framework for ana-
lyzing potential negative impacts of Al companionship
by identifying specific harmful traits of AI companions
and speculatively mapping causal pathways back from
these traits to possible causes and forward to potential
harmful effects. We provide detailed, structured anal-
ysis of four potentially harmful traits—the absence of
natural endpoints for relationships, vulnerability to prod-
uct sunsetting, high attachment anxiety, and propensity
to engender protectiveness—and briefly discuss fourteen
others. For each trait, we propose hypotheses connect-
ing causes—such as misaligned optimization objectives
and the digital nature of AI companions—to fundamental
harms—including reduced autonomy, diminished quality
of human relationships, and deception. Each hypothesized
causal connection identifies a target for potential empirical
evaluation. Our analysis examines harms at three levels: to
human partners directly, to their relationships with other
humans, and to society broadly. We examine how exist-
ing law struggles to address these emerging harms, discuss
potential benefits of AI companions, and conclude with
design recommendations for mitigating risks. This analy-
sis offers immediate suggestions for reducing risks while
laying a foundation for deeper investigation of this critical
but understudied topic.

Second, computer vision is central to many Al appli-
cations, from autonomous vehicles to consumer devices.
However, the data behind such technical innovations are
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often collected with insufficient consideration of ethi-
cal concerns. This oversight has led to a reliance on
datasets that lack diversity, perpetuate biases and are col-
lected without the consent of data rights holders. These
datasets compromise the fairness and accuracy of AI mod-
els and disenfranchise stakeholders. Although awareness
of the problems of bias in computer vision technologies,
particularly facial recognition, has become widespread,
the field lacks publicly available, consensually collected
datasets for evaluating bias for most tasks. In response,
we introduced the Fair Human-Centric Image Bench-
mark (FHIBE, pronounced “Feebee”), a publicly available
human image dataset implementing best practices for
consent, privacy, compensation, safety, diversity and util-
ity (Xiang et al., 2025). FHIBE can be used responsibly
as a fairness evaluation dataset for many human-centric
computer vision tasks, including pose estimation, person
segmentation, face detection and verification, and visual
question answering. By leveraging comprehensive anno-
tations capturing demographic and physical attributes,
environmental factors, and instrument and pixel-level
annotations, FHIBE can identify a wide variety of biases.
The annotations also enable nuanced and granular bias
diagnoses, enabling practitioners to understand sources
of bias and mitigate potential downstream harms. FHIBE
therefore represents an important step forward toward
trustworthy Al, raising the bar for fairness benchmarks
and providing a road map for responsible data curation in
Al

While all of the examples presented in this section
assume that humans are actively in charge of assessing
societal implications of AI technologies, it is an impor-
tant research challenge to imbue Al systems themselves
with the ability to make such judgements in a way that is
aligned with the values of human stakeholders, especially
when these systems are deciding for themselves what to
learn.

CONCLUSION

This article, based closely on an AAAI-2026 keynote talk
with the same title, focuses mainly on contributions from
the UT Austin LARG pertaining to opportunities for iden-
tifying what to learn in an autonomous learning system.
Categorizing these opportunities into four classes, it pro-
vides examples that come from task decomposition or
simplification for difficult problems and/or large environ-
ments; unsupervised pre-training of representations and
priors; multiagent learning; and learning from human
interaction.

Although the provided examples come mainly from my
own lab, many other colleagues have worked on related

problems, as fully documented in the related work sec-
tions of the cited papers. And more importantly, it is not
yet a solved problem. I hope the article (and the asso-
ciated talk) help motivate the next generation of young
researchers to look beyond the current prevalent research
questions regarding how neural networks learn, toward
the full range of past and future AI paradigms, and espe-
cially toward enabling autonomous agents to identify for
themselves what (and when) to learn.
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ENDNOTES

IThe talk is available online at https://underline.io/embed/146013-
from-how-to-learn-to-what-to-learn-in-multiagent-systems-and-
robotics

Zhttps://quickchess.info/

3https://utexas.instructure.com/courses/1339675
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