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Plan

Introduction to Heterogeneous Agent Macroeconomics

• some typical models (HANK, ...)

• some central findings

• a key difficulty

New Frontiers

1. Why not just much simpler two-type models (TANK)?

2. Reinforcement learning for HA macro... as an equilibrium computation device

3. Reinforcement learning for HA macro... as a model of human learning
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Long-run goal: HA models with proper aggregate risk, non-linearities

... as in macro-finance but with heterogeneity, ABM but with forward-looking agents
2



Talk is based on four papers of mine
Structural Reinforcement Learning for Heterogeneous Agent Macroeconomics
with Yucheng Yang, Chiyuan Wang & Andreas Schaab, Working Paper (2025)
https://arxiv.org/abs/2512.18892

Recurrent Structural Policy Gradient for Partially Observable Mean Field Games
with Clarisse Wibault, Johannes Forkel, Sebastian Towers, Tiphaine Wibault, Juan Duque, George
Whittle, Andreas Schaab, Yucheng Yang, Chiyuan Wang, Maike Osborne & Jakob Foerster
Proceedings of the 43rd International Conference on Machine Learning (ICML 2026 spotlight paper)
https://arxiv.org/abs/2602.20141

The Trouble with Rational Expectations in Heterogeneous Agent Models:
A Challenge for Macroeconomics
The Economic Journal (2026)
https://benjaminmoll.com/challenge/

Mean Field Games without Rational Expectations
with Lenya Ryzhik, Communications in Contemporary Mathematics (2026)
https://benjaminmoll.com/MFGRatx/ 3
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Other References
• Auclert, Rognlie and Straub (2025) “Fiscal and Monetary Policy with
Heterogeneous Agents”
• Kaplan, Moll and Violante (2018) “Monetary Policy According to HANK”
• Kaplan, Moll and Violante (2023) “The Very Model of Modern Monetary Policy”
• New York Times (2023) “The ‘Representative Agent’ Is Always Rational. The
Rest of Us Are Not.”

• Financial Times (2024) “Macroeconomists, meet HANK: how new models are
changing the discipline”

• Bianchi and Kaplan (2026) “How Small is Small? Non-linearities in
Heterogeneous Agent Models”

• Angeletos, Lian and Wolf (2024) “Can Deficits Finance Themselves?”
• Auclert, Rognlie and Straub (2024) “The Intertemporal Keynesian Cross”
• Rognlie (2025) “Comment on Debortoli-Galí”
• Bardoczy, Sim & Tischbirek (2025) “Macroeconomic Effects of Excess Savings” 4
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Introduction to HA macroeconomics



Heterogeneous agent macroeconomics

• Approach: study macro questions in terms of distributions of micro variables
rather than just aggregates

• typical example: distributions of income and wealth

• Attractive for two reasons

• conceptually: integrated approach to macro and distribution

• empirically: integrated approach to micro and macro dataReal Household Income at Selected Percentiles:   
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Figure 6: Marginal Propensity to Consume by Asset Buffer

Note: This figure compares the estimates of heterogeneity by assets in the passthrough of income shocks to
consumption. Parker et al. (2013), Fagereng, Holm and Natvik (2018) and Kueng (2018) use terciles, quar-
tiles, and quintiles respectively. To enable comparability with these prior papers, we calculate the marginal
propensity to consume (instead of the elasticity of consumption to income) using their respective bin cutoffs.
Our paper, Parker et al. (2013), and Kueng (2018) measure the MPC on nondurables. Fagereng, Holm and
Natvik (2018) measures the MPC on total consumption. See Section 3.5 for details.
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Today: HA models for business-cycle macro

• Monetary and fiscal policy

• Booms and busts

• ⇒ HA models with aggregate risk

• Three example economies

1. Huggett (1993) model with aggregate risk

2. Krusell and Smith (1998) = Real Business Cycle model with heterogeneity

3. HANK = Heterogeneous Agent New Keynesian model

6



Simplest textbook model: Huggett (1993) with agg. risk

• Continuum of agents i , heterog. in (bi ,t , yi ,t), yi ,t = idios. risk, agg. shock zt

• State of the economy: distribution Gt(b, y) and agg. shock zt

• Households choose consumption ci ,t to maximize

vi ,0 = max
{ci ,t}

E0
∞∑
t=0

βtu(ci ,t) subject to

bi ,t+1 = (1 + rt)(bi ,t + yi ,tzt − ci ,t), yi ,t+1 ∼ Ty (·|yi ,t), bi ,t+1 ≥ b

• Save (bi ,t > 0) or borrow (bi ,t < 0) at interest rate rt

• Market clearing: interest rate rt such that∫
b′t(b, y , zt) dGt(b, y) = 0, all t

Note: agent problem depends on Gt only through low-dimensional price rt

7
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• Market clearing: interest rate rt such that∫
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Note: agent problem depends on Gt only through low-dimensional price rt
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More compact notation: individual states s, prices p

• Continuum of agents i , heterogeneous in s = (b, y)

• State of the economy: distribution Gt(s) and agg. shock zt

• Price vector pt , here only one price pt = rt

• Households choose consumption ci ,t to maximize

vi ,0 = max
{ci ,t}

E0
∞∑
t=0

βtu(ci ,t) subject to

si ,t+1 ∼ Ts(·|si ,t , ci ,t , zt , pt) = budget constraint + income process

• Market clearing: price pt (interest rate) such that∫
b′t(s, zt) dGt(s) = 0, all t

Note: agent problem depends on Gt only through low-dimensional price pt
8



Even more compact notation: equilibrium price functional

• Continuum of agents i , heterogeneous in s = (b, y)

• State of the economy: distribution Gt(s) and agg. shock zt

• Households choose consumption ci ,t to maximize

vi ,0 = max
{ci ,t}

E0
∞∑
t=0

βtu(ci ,t) subject to

si ,t+1 ∼ Ts(·|si ,t , ci ,t , zt , pt)

• Low-dimensional equilibrium price functional

pt = P
∗(Gt , zt), zt+1 ∼ Tz(·|zt)

Note: agent problem depends on Gt only through low-dim. price functionals
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Even more compact notation: equilibrium price functional

• Continuum of agents i , heterogeneous in s = (b, y)

• State of the economy: distribution Gt(s) and agg. shock zt

• Households choose consumption ci ,t to maximize

vi ,0 = max
{ci ,t}

E0
∞∑
t=0

βtu(ci ,t) subject to

si ,t+1 ∼ Ts(·|si ,t , ci ,t , zt , pt)

• Low-dimensional equilibrium price functional

pt = P
∗(Gt , zt), zt+1 ∼ Tz(·|zt)

Generalizes to s ∈ Rns , z ∈ Rnz , p ∈ Rnp , reward function R(s, a, z, p), a = actions
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Adding production: Krusell and Smith (1998)

Heterogeneous
Households

continuum of agents
states: income, wealth

consume goods
supply labor & capital

Firms

representative firm
produce goods

demand labor & capital

Goods Market

Capital Market

Labor Market

consumption goods

goods price = 1

capital

interest rate = p1

labor

wage = p2

10



HANK model with sticky wages & prices, portfolio choice

Heterogeneous

Households

continuum of agents

states: (income,

stocks, deposits)

consume goods

supply labor

hold stocks & bonds

Firms

continuum of firms

market power

produce goods

demand labor

issue stocks & bonds

Unions

intermediate

labor market

set wages (sticky)

price setter

wage setter

Goods Market

Stock Market

Bond/Deposit Market

Labor Market with Search Unemployment

firms post vacancies, households search for jobs

consumption goods

goods price = p2

stocks

stock price = p3

bonds/deposits

interest rate = p4

labor

wage = p1
labor

wage = p1

Central Bank

sets interest rates

Government

transfers to households

tax policy to firms

transfers tax policysets interest rates

11



Central findings



Can’t do justice here but see these review articles
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Abstract

In the past decade, a new paradigm for fiscal and monetary policy analysis
has emerged, combining the canonical macro model of income and wealth
inequality with theNewKeynesianmodel.These heterogeneous-agentNew
Keynesian (HANK)models feature new transmission channels and allow for
the joint study of aggregate and distributional effects. We review key devel-
opments in this literature through the lens of a canonical HANK model.
Monetary and balanced-budget fiscal policy have similar aggregate effects
as in the standard New Keynesian model, while deficit-financed fiscal policy
is much more expansionary.We discuss the split between direct and indirect
effects of policy as well as the implications of cyclical income risk, maturity
structure, nominal assets, behavioral frictions, and many other extensions to
the model. Throughout, we highlight the benefits of using sequence-space
methods to solve and analyze this class of models.
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One central finding: fiscal stimulus is partly self-financing

Angeletos, Lian, and Wolf (2024) “Can Deficits Finance Themselves?”
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One central finding: fiscal stimulus is partly self-financing

Angeletos, Lian, and Wolf (2024) “Can Deficits Finance Themselves?”

Paper’s quantitative exercise: in practice, stimulus is 40-95% self-financing
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HA models with aggregate risk



A key difficulty in HA models with aggregate risk

• Key problem: rational expectations + general equilibrium
⇒ distribution = state variable in Bellman equation (“Master equation”)

• true even though households/firms only care about prices

• intuition: equilibrium prices are not Markov, only the distribution is
⇒ forecast prices by forecasting distributions

• Despite recent impressive advances, still no general, efficient global solution
method for HA models with aggregate risk

• This still really holds back HA literature, e.g. non-linearities, crises

• Bianchi and Kaplan (2026): substantial non-linearities even for small shocks

14
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Key difficulty: equilibrium prices are not Markov

• Discretize individual state s ∈ {s1, ..., sJ} with J = J1 × ...× Jn

• Value function, distribution, etc are J-dimensional vectors

vt =

vt(s1)...
vt(sJ)

 , gt =

gt(s1)...
gt(sJ)


• Consumption policy c = π(s, ·)⇒ J × J transition matrix for s

Aπ,zt with entries Pr(si ,t+1 = sj ′ |si ,t = sj) = Ts(sj ′ |sj , π(sj , ·), zt , pt)

• Law of motion for distribution gt (Chapman-Kolmogorov equation)

gt+1 = A
T
π,ztgt , zt+1 ∼ Tz(·|zt)

• Note: high-dimensional state (gt , zt) is Markov
15



Tracking the distribution

16



Key difficulty: equilibrium prices are not Markov

• Equilibrium prices satisfy

pt = P
∗(gt , zt)

gt+1 = A
T
π,ztgt

zt+1 ∼ Tz(·|zt)

• Difficulty: while (gt , zt) is Markov, low-dimensional pt is not Markov!

• Dynamic programming can only handle Markov states⇒ Master equation

V (s,g, z) = max
c
u(c) + βE [V (s ′,g′, z ′)|s,g, z ] s.t. s ′ ∼ Ts(·|s, c, z, P ∗(g, z))

• Without Markov transition prob’s: cannot even write Bellman equation!

• But what if there was a way to approximate value and policy functions with pt
process for which there are no Markov transition probabilities?

17
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New Frontiers in HA macroeconomics

1. Why not just much simpler two-type models (TANK)?

2. Reinforcement Learning for HA macro... as an equilibrium computation device

3. Reinforcement Learning for HA macro... as a model of human learning

18



Why not just much simpler two-type models (TANK)?

TANK = Two-Agent New Keynesian model à la Campbell-Mankiw
• fraction λ are myopic “spenders” with MPC = 1
• fraction 1− λ are permanent-income “savers” with MPC ≈ 0
• calibrate λ to match average MPCs, say λ = 30%

⇒ Ricardian equivalence, just like HANK

... and these TANK models are, of course, much more tractable and transparent

Debortoli-Galí critique: TANK ≈ HANK for aggregate outcomes
• “A suitably specified and calibrated TANK model captures reasonably well
[HANK’s] implications for aggregate output and the main channels through
which aggregate shocks are transmitted.”
https://www.journals.uchicago.edu/doi/full/10.1086/735272

Until recently: HANK literature did not have a very good reply to this critique
19
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Why the Debortoli-Galí critique overreaches

Not my own arguments but those of:

• Angeletos, Lian and Wolf (2024) “Can Deficits Finance Themselves?”

• Auclert, Rognlie and Straub (2024) “The Intertemporal Keynesian Cross”

• Rognlie (2025) “Comment on Debortoli-Galí”

• Bardoczy, Sim and Tischbirek (2025) “The Macroeconomic Effects of Excess
Savings”

In a nutshell: TANK = bad way of breaking Ricardian equivalence that imports
many RANK pathologies via permanent-income savers

20
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Recall HANK finding: fiscal stimulus is partly self-financing

Angeletos, Lian, and Wolf (2024) “Can Deficits Finance Themselves?”

Paper’s quantitative exercise: in practice, stimulus is 40-95% self-financing
21
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Angeletos et al: TANK looks completely different, self-financing = 0

Rognlie’s discussion of Debortoli-Galí: “I think [DG] overreaches – and that, indeed,
TANK is a far weaker substitute for HANK than this paper indicates. [...]
As I will show, reasonable alternative shocks – such as government spending
shocks, financed by debt that is not paid off too quickly – open up a large gap
between TANK and HANK.” 22



What's going on?   Intertemporal MPCs
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Response to income increase at s = 0

Intertemporal MPCs
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Response to income increase at s = 1

Intertemporal MPCs
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Response to income increase at s = 2

Intertemporal MPCs
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iMPCs for RANK and TANK with spender share λ

MRA =


(1− β) (1− β)β (1− β)β2 · · ·
(1− β) (1− β)β (1− β)β2

(1− β) (1− β)β (1− β)β2

...
. . .

 , MTA = (1− λ)MRA + λI

• Note: MRA has two weird properties:
1. columns don’t converge to zero as t →∞: spend income very slowly
2. rows converge to zero very slowly (βs ): responsive to infinite future

• MTA inherits these properties⇒ reason for zero self-financing!
• ⇒ TANK = bad way of breaking Ricardian equivalence that imports many
RANK pathologies via permanent-income savers

• Auclert, Rognlie and Straub (2024), Bardoczy, Sim and Tischbirek (2025):
similar findings for cumulative multipliers and depletion of excess savings 23
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Reinforcement learning for HA macro

1. RL as an equilibrium computation device

2. RL as a model of human learning

24



RL: learning value & policy functions in incompletely-known Markov decision

processes from Monte Carlo simulation (a.k.a. “approximate DP”)Reinforcement Learning – see Sutton-Barto for great intro
• Another stochastic approximation method: reinforcement learning

Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou

Daan Wierstra Martin Riedmiller

DeepMind Technologies

{vlad,koray,david,alex.graves,ioannis,daan,martin.riedmiller} @ deepmind.com

Abstract

We present the first deep learning model to successfully learn control policies di-
rectly from high-dimensional sensory input using reinforcement learning. The
model is a convolutional neural network, trained with a variant of Q-learning,
whose input is raw pixels and whose output is a value function estimating future
rewards. We apply our method to seven Atari 2600 games from the Arcade Learn-
ing Environment, with no adjustment of the architecture or learning algorithm. We
find that it outperforms all previous approaches on six of the games and surpasses
a human expert on three of them.

1 Introduction

Learning to control agents directly from high-dimensional sensory inputs like vision and speech is
one of the long-standing challenges of reinforcement learning (RL). Most successful RL applica-
tions that operate on these domains have relied on hand-crafted features combined with linear value
functions or policy representations. Clearly, the performance of such systems heavily relies on the
quality of the feature representation.

Recent advances in deep learning have made it possible to extract high-level features from raw sen-
sory data, leading to breakthroughs in computer vision [11, 22, 16] and speech recognition [6, 7].
These methods utilise a range of neural network architectures, including convolutional networks,
multilayer perceptrons, restricted Boltzmann machines and recurrent neural networks, and have ex-
ploited both supervised and unsupervised learning. It seems natural to ask whether similar tech-
niques could also be beneficial for RL with sensory data.

However reinforcement learning presents several challenges from a deep learning perspective.
Firstly, most successful deep learning applications to date have required large amounts of hand-
labelled training data. RL algorithms, on the other hand, must be able to learn from a scalar reward
signal that is frequently sparse, noisy and delayed. The delay between actions and resulting rewards,
which can be thousands of timesteps long, seems particularly daunting when compared to the direct
association between inputs and targets found in supervised learning. Another issue is that most deep
learning algorithms assume the data samples to be independent, while in reinforcement learning one
typically encounters sequences of highly correlated states. Furthermore, in RL the data distribu-
tion changes as the algorithm learns new behaviours, which can be problematic for deep learning
methods that assume a fixed underlying distribution.

This paper demonstrates that a convolutional neural network can overcome these challenges to learn
successful control policies from raw video data in complex RL environments. The network is
trained with a variant of the Q-learning [26] algorithm, with stochastic gradient descent to update
the weights. To alleviate the problems of correlated data and non-stationary distributions, we use
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Figure 1: Screen shots from five Atari 2600 Games: (Left-to-right) Pong, Breakout, Space Invaders,
Seaquest, Beam Rider

an experience replay mechanism [13] which randomly samples previous transitions, and thereby
smooths the training distribution over many past behaviors.

We apply our approach to a range of Atari 2600 games implemented in The Arcade Learning Envi-
ronment (ALE) [3]. Atari 2600 is a challenging RL testbed that presents agents with a high dimen-
sional visual input (210 × 160 RGB video at 60Hz) and a diverse and interesting set of tasks that
were designed to be difficult for humans players. Our goal is to create a single neural network agent
that is able to successfully learn to play as many of the games as possible. The network was not pro-
vided with any game-specific information or hand-designed visual features, and was not privy to the
internal state of the emulator; it learned from nothing but the video input, the reward and terminal
signals, and the set of possible actions—just as a human player would. Furthermore the network ar-
chitecture and all hyperparameters used for training were kept constant across the games. So far the
network has outperformed all previous RL algorithms on six of the seven games we have attempted
and surpassed an expert human player on three of them. Figure 1 provides sample screenshots from
five of the games used for training.

2 Background

We consider tasks in which an agent interacts with an environment E , in this case the Atari emulator,
in a sequence of actions, observations and rewards. At each time-step the agent selects an action
at from the set of legal game actions, A = {1, . . . ,K}. The action is passed to the emulator and
modifies its internal state and the game score. In general E may be stochastic. The emulator’s
internal state is not observed by the agent; instead it observes an image xt ∈ Rd from the emulator,
which is a vector of raw pixel values representing the current screen. In addition it receives a reward
rt representing the change in game score. Note that in general the game score may depend on the
whole prior sequence of actions and observations; feedback about an action may only be received
after many thousands of time-steps have elapsed.

Since the agent only observes images of the current screen, the task is partially observed and many
emulator states are perceptually aliased, i.e. it is impossible to fully understand the current situation
from only the current screen xt. We therefore consider sequences of actions and observations, st =
x1, a1, x2, ..., at−1, xt, and learn game strategies that depend upon these sequences. All sequences
in the emulator are assumed to terminate in a finite number of time-steps. This formalism gives
rise to a large but finite Markov decision process (MDP) in which each sequence is a distinct state.
As a result, we can apply standard reinforcement learning methods for MDPs, simply by using the
complete sequence st as the state representation at time t.

The goal of the agent is to interact with the emulator by selecting actions in a way that maximises
future rewards. We make the standard assumption that future rewards are discounted by a factor of
γ per time-step, and define the future discounted return at time t as Rt =

∑T
t′=t γ

t′−trt′ , where T
is the time-step at which the game terminates. We define the optimal action-value function Q∗(s, a)
as the maximum expected return achievable by following any strategy, after seeing some sequence
s and then taking some action a, Q∗(s, a) = maxπ E [Rt|st = s, at = a, π], where π is a policy
mapping sequences to actions (or distributions over actions).

The optimal action-value function obeys an important identity known as the Bellman equation. This
is based on the following intuition: if the optimal value Q∗(s′, a′) of the sequence s′ at the next
time-step was known for all possible actions a′, then the optimal strategy is to select the action a′

2
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Sutton and Barto (2018) “Reinforcement Learning: An Introduction”
Zhao (2025) “Mathematical Foundations of Reinforcement Learning” 25

http://incompleteideas.net/book/the-book-2nd.html
https://github.com/MathFoundationRL/Book-Mathematical-Foundation-of-Reinforcement-Learning


Computing an expected value

Random variable x

How compute expected value E[x ]? Two approaches:

1. Exact: know probability distribution f (x)⇒ calculate

E[x ] =
∫
xf (x)dx

2. Monte Carlo: don’t know f but can sample {x1, x2, . . . , xN}

E[x ] ≈ x̄ =
1

N

N∑
n=1

xn

Or update incrementally (stochastic approximation method):

x̄k =
1

k

k∑
n=1

xn satisfies x̄k = x̄k−1 +
1

k
(xk − x̄k−1) ,

1

k
= “learning rate”
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Computing a value function

For now: eliminate actions and individual states

v(p0) = E

[ ∞∑
t=0

βtu(pt)

]
, pt = exogenous stochastic process

Two approaches:

1. Dynamic programming: pt Markov and know f (p′|p)

v(p) = u(p) + β

∫
v(p′)f (p′|p)dp′

2. Can also extend to compute optimal policy (Howard): policy gradient method

27
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Computing a value function

For now: eliminate actions and individual states

v(p0) = E

[ ∞∑
t=0

βtu(pt)

]
, pt = exogenous stochastic process

Two approaches:

1. Dynamic programming: pt Markov and know f (p′|p)

v(p) = u(p) + β

∫
v(p′)f (p′|p)dp′

2. Temporal difference learning: update v incrementally at each t

v̂ kt+1(p
k
t ) = v̂

k
t (p

k
t ) + α

[(
r(pkt ) + βv̂

k
t (p

k
t+1)

)
− v̂ kt (pkt )

]
Can also extend to compute optimal policy (Howard): policy gradient method

27



RL as an equilibrium computation device



Two papers and an open-source library

https://arxiv.org/abs/2512.18892

https://arxiv.org/abs/2602.20141

https://clarisse-wibault.github.io/rspg/
Google Colab notebook for macroeconomics environment 28

https://arxiv.org/abs/2512.18892
https://arxiv.org/abs/2602.20141
https://clarisse-wibault.github.io/rspg/
https://colab.research.google.com/drive/1KiOu8Tr6WFP0jn3jZ9yl3wAPHwCePzsb?usp=sharing


Sidestepping the Master Equation via RL

“Structural RL”: hybrid w RL about equilibrium prices but DP for individual states

Outcome: efficient & flexible global solution method for HA models with agg risk
• solves problems traditional methods struggle with:

1. non-trivial market clearing (Huggett with agg. risk) ≈ 1 min on Google Colab

2. portfolio choice ≈ 1 min

3. HANK with forward-looking price/wage Phillips curve ≈ 4 min

4. ...

How does it work?
• in contrast to dynamic programming, RL can handle non-Markov states
• replace distribution with low-dim. prices in state space, grid-based not DNNs
• efficient market clearing using policy functions (= demand curves)

29



Sidestepping the Master Equation via RL

Recall: states s = (b, y), price p = r , agents choose ci ,t to maximize

vi ,0 = max
{ci ,t}
E

[ ∞∑
t=0

βtu(ci ,t)

]
s.t. si ,t+1 ∼ Ts(·|si ,t , ci ,t , zt , pt), pt = P ∗(Gt , zt)

Assumption 1: agents observe prices pt but not distribution Gt(s) Wold representation

Assumption 2: consumption policy π does not condition on price histories

ci ,t = π(si ,t , zt , pt)

Extension: keep track of price histories (h lags or RNN)⇒ similar results

Similarity to standard RL: don’t know transition probabilities of pt but can sample

Difference to standard RL: agents know individual dynamics
• know u, Ts : utility function & budget constraint, RE about income process
• want hybrid method that takes advantage of this structural knowledge

RL approach: approximate E by sampling N model-generated p trajectories 30



Computational experiments

• Efficient implementation in JAX for GPUs, run on Google Colab

• Algorithm = stochastic (Monte Carlo)⇒ present averages over multiple runs

Model Average converge epoch # Runs Average Runtime (sec)
Krusell-Smith 462.3 10 36.77
Huggett with agg. shocks 573.0 10 45.91
Portfolio choice 637.5 10 84.3
HANK with agg. shocks 707.5 10 246.49
Partial Equilibrium (Huggett) 355.8 10 24.50

Note: all experiments were implemented on the A100 GPU on Google Colab
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Some simulated trajectories under the optimal policy
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Consumption policy function: single run
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Consumption policy function: multiple runs
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Larger sample size N ⇒ more precise estimate
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Smaller sample size N ⇒ noisier estimate
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RL as a model of human learning



Interesting question: Could RL form the basis for an
empirically realistic theory of expectations formation?

SRL & RSPG papers: RL by the computational economist, not the model agents

But can these approaches perhaps be tweaked to model human learning and
expectation formation? Discuss this in conclusion of SRL paper:
• RL has attractive idea at its core: learn by sampling

• Literature: RL underpins substantial share of human and animal learning
see e.g. Niv, Glimcher, Caplin-Dean, Gershman-Daw, Baberis-Jin,...

Required tweaks would likely be substantial:

1. convert to fully online, incremental RL algorithm, with agents updating policies
and value estimates continuously while interacting with their environment

2. incorporate biased or experience-weighted sampling

3. not just model-free RL

37
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SRL & RSPG papers: RL by the computational economist, not the model agents

But can these approaches perhaps be tweaked to model human learning and
expectation formation? Discuss this in conclusion of SRL paper:
• RL has attractive idea at its core: learn by sampling

Young individuals react more strongly to an inflation surprise
than do older individuals, who already have a longer data series
accumulated in their lifetime histories. As a result, different gen-
erations disagree about the outlook for inflation. Moreover, learn-
ing dynamics are perpetual. Beliefs keep fluctuating and do not
converge in the long-run, as attention to distant historical data
diminishes when old generations disappear and new generations
emerge.

We estimate our model using 57 years of microdata on infla-
tion expectations from the Reuters/Michigan Survey of Consu-
mers (MSC). To identify the model parameters, we exploit
the fact that learning from experience generates cross-sectional
differences in expectations that vary over time depending on
the evolution of each cohort’s inflation experiences. This identi-
fication from cross-sectional variation eliminates omitted

FIGURE I

Inflation Expectations by Age Group Relative to Cross-Sectional Mean

Four-quarter moving averages of mean one-year inflation expectations of
young individuals (below 40), mid-aged individuals (between 40 and 60), and
old individuals (above 60), shown as deviations from the cross-sectional mean
expectation. Percentage forecasts are available from the survey in periods
shaded in light gray; they are imputed from categorical responses in the periods
shaded in dark gray; and they are unavailable in unshaded periods.
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and value estimates continuously while interacting with their environment

2. incorporate biased or experience-weighted sampling
3. not just model-free RL
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Summary

Introduction to Heterogeneous Agent Macroeconomics

• some typical models (HANK, ...)

• some central findings

• a key difficulty: prices aren’t Markov

New Frontiers

1. TANK ̸= HANK for some important questions

2. RL as an equilibrium computation device

3. RL as a model of human learning
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