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Introduction
In many AI+human applications for behavior change, AI
agents assist the human in performing frictionful tasks,
where making progress toward the human’s goal requires
sustained effort over time with little immediate gratification.
Examples include physical therapy (PT) programs or pass-
ing an online course. Here, an AI agent plans when and how
best to provide behavioral support in the form of a digital
intervention (e.g. a suggested PT routine for the day).

Current reinforcement learning (RL) approaches have two
major drawbacks when used to solve for the AI agent’s inter-
vention policy. First, default methods are too data-intensive
for our online setting. For example, online algorithms in
robotics require thousands of interactions to learn reason-
able policies (e.g. in Yang et al. (2020)), but in frictionful
tasks, we are limited to tens to hundreds of interactions per
person (Trella et al. 2022). Second, existing planning meth-
ods solve for the AI agent’s optimal policy by modeling the
human as a black-box transition or value function. Unfortu-
nately, in learning black-box representations of the human,
we lose the ability to interpretably attribute human behav-
ior to the model learned by the AI. I target interpretable and
effective planning by the AI agent through the use of care-
fully crafted human models. To create and work with these
human models, my work bridges across machine learning,
behavioral science, and human-computer interaction (HCI).

Behavioral science provides us with formal theories and
models of human decision-making in frictionful tasks. How-
ever, there is a gap in how to instantiate high-level con-
structs from behavioral science (such as temporal discount-
ing in humans) into computational models (which describe
the scale and functional forms of how temporal discount-
ing changes over time). Machine learning offers paradigms
that can elegantly encode the behavioral assumptions needed
to form computational models. For example, temporal dis-
counting from behavior science can be connected to the dis-
count factor, γ, which is part of a Markov Decision Pro-
cess (MDP). Such explicit computational models are pow-
erful because they (1) provide the link between behavioral
assumptions and the observed data; and (2) can be incorpo-
rated into the AI agent’s planning. But, models that show
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promise in theory and simulation must be tested with real
end-users, and user studies guided by HCI design principles
can evaluate effectiveness. To fill these gaps, I aim to address
the following questions:

Q1. What is the model? Reducing complex behavioral models
to simpler ones that can be used for AI planning.

Q2. How to learn the human model? Updating the human
model to individual-level data observed online.

Q3. How to use the human model for intervention? Learning
and testing intervention policies that work with real users.

Q1: What Is the Model?
In Nofshin et al. (2024b), I define Behavior Model RL
(BMRL), a framework in which an AI agent intervenes on a
human modeled as a Markov Decision Process (MDP) with
“maladapted” parameters. In maladapted human MDPs, hu-
mans act according to optimal policies that do not reach their
stated goal (for example, the goal of rehabilitating an injury
but taking actions such as skipping PT). One example of a
maladapted MDP is having an extremely low discount rate,
γ. This represents myopic decision-making, wherein an in-
dividual forgoes the long-term goal (being active) to avoid
experiencing friction in the short-term (unpleasantness of
exercising). In BMRL, the AI interventions improve γ. This
model is inherently more interpretable because its parame-
ters correspond to constructs from behavioral science (e.g.
the human’s level of discounting); when we infer these pa-
rameters from data, we learn something about the construct
and how it relates to interventions.

The choice of human MDP is key to BMRL. My work
considers how different assumptions about the human MDP
impact the quality of the AI policy. In Nofshin et al. (2024b),
I introduce the “chainworld”, a simple human MDP that cap-
tures people’s motivation as an increasing function of their
proximity to the goal, also known as the goal-gradient hy-
pothesis (Mutter and Kundisch 2014). Figure 1 visualizes
the chainworld. Chainworld is an example of how modeling
the human MDP allows the AI to achieve rapid personaliza-
tion (see fig. 2).

BMRL can also uncover cross-disciplinary discrepancies
in how we model humans. In psychology, humans are known
as hyperbolic discounters; that is, they discount rewards that
are t timesteps away using the function 1/1+kt. However,
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(a) When the human abstains from the behavior, they lose progress
with probability pℓ or slip into the disengagement state sd with
probability pd.
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(b) When the human performs the behavior, they make progress
toward the goal state sg with probability pg .

Figure 1: Graphical representation of the chainworld. Each
state on the chain represents the progress toward the goal
state, sg .

in RL, we assume agents (including human ones) are ex-
ponential discounters– their discount functions are γt– be-
cause hyperbolic discounting is computationally intractable
and must be approximated1. In Moore et al. (2025), we con-
sider how the AI’s assumptions about the human’s discount-
ing function affect the quality of its intervention policy. De-
spite the fact that humans are hyperbolic discounters, our
simulations demonstrate that modeling people as exponen-
tial discounters lets us learn better AI policies online than if
we were to use a hyperbolic approximation.

Q2: How Do We Learn the Human Model?
Once we define the human’s MDP (or, for that matter, any
model of the human’s decision-making), we must infer the
parameters of the model from behavioral data that is ob-
served online. When the data is human demonstration data
in a single environment, there is inherent non-identifiability
in the human MDP parameters, as we show in (Ankile et al.
2023). For example, a human with myopic discounting vs. a
human that perceives low rewards on the goal state will both
behave according to goal-avoidant policies. When there is
demonstration data from multiple environments, it is possi-
ble to combat non-identifiability by aggregating information
from demonstrations across environments, but this becomes
a difficult search problem over which environment to show
the user, which we address in Nitschke et al. (2024). Finally,
across all data sources, our inference over the human model
parameters must consider the noisiness and scale of data that
is available, which I have explored in Shin et al. (2023).

Q3: How To Use Human Models To Intervene?
Beyond algorithmic contributions, I have conducted user
studies to test two components of my human models re-

1Both γ and k are hyperparameters that control the severity of
discounting
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Figure 2: Using our chainworld model (orange), the AI
reaches oracle-level performance (blue) quickest. Plot is AI
rewards (y-axis) over multiple episodes (x-axis). Lines in
upper-left corner mean the AI personalizes more quickly.

search. The first component is ongoing and tests whether
the BMRL framework leads to measurably better behav-
ioral outcomes. We are conducting this study in the lan-
guage learning domain, which has the elements of a diffi-
cult behavior change task (long-term reward, difficult in the
short-term), but is easy to recruit for and test. The second
component is in explainable AI (XAI); not only should AI
systems provide quality decisions, but they should also pro-
vide the explanations behind them. My XAI project asserts
that different kinds of explanations are needed for different
tasks. For example, when suggesting an exercise, the user
might benefit from a concise explanation so that they can
quickly check whether it aligns with their goals. On the other
hand, when recommendations are being examined for sub-
group bias, the developer might benefit from detailed expla-
nations that reveal every part of the AI’s decision. In Nofshin
et al. (2024a) we consider whether human models can be
used to simulate– and therefore anticipate– which properties
are most appropriate for each task.
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