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e Full model is intractable

e Forces researchers to use submodel
with key model components

e Conventional methods (VFI & PFI)
work well for simplified submodels

e Question: Can many simplified

models approximate the full model?

=> Generative Economic Modeling:

Conventional Methods + Deep Learning
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Generative Al produces new content it was never explicitly shown, e.g. LLMs, which
at their core are GPTs (Generative Pre-trained Transformers)
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Question: Can we put the same generative capacity to work on economic models?



GEM Is Trained on Submodels like GPT Is Pre

Leave out parts of Train network on combined Generate the full-model solution
the full model data simulated from submodels never solved in training

GEM B

Full-model
solution

An learns from text with words left out — and creates text it never saw.
GEM learns from models with parts left out — and solves a model it never solved.



Results and Roadmap for the Talk

e Proof of concept on a ladder of increasingly complex models

e Asset pricing, analytical and nonlinear RBC, Krusell-Smith, and OLG economy
e Prediction and Euler equation errors on par with a network trained on the full model

e Application to a Heterogeneous Agent New Keynesian (HANK) model

e Nonlinear financial shocks with heterogeneous agents, 125 million state combinations
e Interaction of multiple aggregate shocks with precautionary behavior

e Why and when the method works

e Completeness and overlap of submodels, with a Taylor-expansion intuition
e A built-in Euler equation error check, available even when no true solution exists



Location in the Literature

Deep learning to solve dynamic economic models
e Azinovic, Gaegauf, and Scheidegger (2022), Chen, Didisheim, and Scheidegger
(2023), Fernandez-Villaverde, Nufio, and Perla (2024), Han, Yang, and E (2021),
Kase, Melosi, and Rottner (2022), Maliar, Maliar, and Winant (2021), Payne, Rebei,
and Yang (2024), and Yang et al. (2025) = Generative approach

Broader literature on conventional solution methods
e Judd (1998), Miranda and Fackler (2004), Fehr and Kindermann (2017), Heer and
Maussner (2024) = Conventional solution methods & deep learning

Generative Al for economic research
e Korinek (2023), Curti and Kazinnik (2023), Athey et al. (2024), Fish, Gonczarowski,
and Shorrer (2024), Dell (2025) = Focus on economic modeling



How does GEM work?



Flow Chart
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Solving a generic model
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2. Simulating data and
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simulations in one dataset
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lllustrating Generative Economic Modeling Flow Chart

Solving a generic model

Xi = f(Xo—1,v | ©) f() = fonn = argmﬁi/nL(W | D)

—— Training loss —— Validation loss
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Proof of Concept




Proof of Concept Across Models and an Application

Proof of concept, a ladder of models of increasing complexity:

e Asset pricing model: analytically tractable with a closed-form solution
e Analytical RBC: representative agent with closed-form policy functions
e Nonlinear RBC model: state-dependent capital adjustment costs, solved globally

e Heterogeneous-agent RBC model: with the wealth distribution as a state

Application:

e HANK model with financial frictions:

125 million state combinations with nonlinearity through financial frictions



Accuracy Across All Models: Euler Equation Errors Analytical  Nonlinear

Model logo(MSE) log;,(MAE) log;,(EEE)
Asset Price —4.85 —3.22 —-3.15
Analytical RBC —6.08 —3.47 —3.96
Nonlinear RBC —3.30 —2.05 —2.46
Krusell-Smith —7.10 —4.00 —2.11
Global HANK — — —1.55

Mean Squared Error (MSE), Mean Absolute Error (MAE), Euler Equation Error (EEE)

e GEM remains reasonably accurate across the models we consider

e The Euler equation error is available even if no true solution exists



Is it generative?
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An OLG Growth Model with Multiple Steady States

A two-generation OLG economy:

—— Law of motion K: ;1 = ®(K)
e with log utility, the young save a o A
<> Unstable steady state

constant fraction of output

Kt+1 = i(1 - Oé) Zt Ktu Q(Zth)

143
savings share externality

Capital tomorrow K;+1 (log scale)

e three sectors draw binary shocks =
composite TFP Z;, = (HJ zfj))l/n

e productivity externality

03 04 15

Capital today K, (log scale)
.. . Complete three-sector economy: five stochastic
Q(Z,K,): efficiency jumps

) ) steady states (3 stable, 2 unstable)
Aj, — Ap once effective capital

Zy Ky crosses a threshold =

S-shaped phase diagram



Submodels Never See All the Steady States

Capital tomorrow K; 41 (log scale)

—— Law of motion K:+1=®(K:)
--- 45°line

@ Stable steady state

<> Unstable steady state

e Submodel exposes network to only
three steady states

e Two extra interior steady states
are never in the training data

03 0.4 05 0.7
Capital today K: (log scale)

Two-sector submodel: only three steady states
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Submodels Never See All the Steady States

T L o moton i = 306) o= e Submodel exposes network to only

=== 45°line
@ stable steady state

O Unstable steady state ’/,/'/ three Steady states

e Two extra interior steady states
are never in the training data

Capital tomorrow K; 41 (log scale)

= As generative Al produces

03 0.4

outputs it never saw, GEM must

05 0.7
Capital today K: (log scale)

Two-sector submodel: only three steady states recover steady states it never saw

10



The Surrogate Recovers the Full Law of Motion

11



The Surrogate Recovers the Full Law of Motion

=== Complete model (truth)
—— Generative surrogate
=== 45°line

@® Stable steady state
<> Unstable steady state

0.7

0.5

0.4

Capital tomorrow K; +1 (log scale)

0.3 0.4 0.5 0.7 1 15
Capital today K; (log scale)

e Train surrogate on the two-sector submodels, each with just three steady states
e The approximated law of motion (generative) matches the true one
( ), including the two extra steady states it never saw in training 11



Why & When It Works




Why Does It Work?

Taylor expansion: Stack states X;_1 and shocks v; into features s;;, and expand:

(X1, | ©) = f(X) + Z fisit +3 Z fik Sjt Skt

I recovered (4,k) co-occur

recovered via overlap

1
+§ Z fijj7t8k7t+...
(4,k) split

missed: residual

with coefficients f; = 0f/0s; and interaction coefficients f;r, = 9%f/0s;0sy, at X.

e Submodels f* pin down f; and interaction f;; among features it contains
e Overlap lets most pairs (j, k) co-occur in some submodel, so their fj; is recovered
e Only cross-interactions are missed, and in most economic models these are small

e The residual error shrinks as the number of features per submodel grows
12



When Does the Methodology Apply? Overlap

Two requirements on the set of submodels:

e Submodels are general-equilibrium models, solvable with conventional methods
e Completeness: every feature appears in at least one submodel

e Overlap: features in at least two submodels, so network can stitch them together

13



When DOES the Methodology Apply? Overlap

Two requirements on the set of submodels:

e Submodels are general-equilibrium models, solvable with conventional methods
e Completeness: every feature appears in at least one submodel

e Overlap: features in at least two submodels, so network can stitch them together

Built-in validation, even when the true model is unsolvable:

e The Euler equation error gives a direct, ex-post accuracy check

e Also guides design and weighting of submodels and choice of architecture

13



Generative Economic Modeling: Classical Methods Meet Deep Learning

Core Steps of GEM:

1. Solve a collection of simplified models
2. Simulate synthetic data from each specification

3. Train a neural network on the aggregated dataset

Takeaways for applied use:

e Extends existing solution methods, so no new toolkit is required
e Builds directly on established conventional methods
e Neural networks used only for training on simulated data

e Can pretrain networks, providing a general starting point for solving other models

14



Thank you!

github.com/Fabio-Stohler/Generative-Economic-Modeling


https://github.com/Fabio-Stohler/Generative-Economic-Modeling
https://github.com/Fabio-Stohler/Generative-Economic-Modeling
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Appendix



Asset Pricing: Full Analytical Solution

Analytical solution as an expression of conditional mean and variance:

qr = Bexp ( — (a1 +ya21) ™ — (a2 + vag) A

+ 2[ (m1 +ym21)* + (m2 4+ ym22)? + (ms + 77723)2]>

a
€ ¢
t €;




All Submodel Solutions Back

Each submodel drops exactly one shock:

0" = Bexp (*(an +yas)m — (a2 +7va2) Ay + 3 [(ma + ym2)* + (3 + 77]23)2])
g,° = Bexp (—(011 +yag)m — (a2 +van) Ac + 5 [(m1 + ym21)* + (ms + ’77]23)2]>
g = Bexp (*(Cm +yaz)m — (a1 + ya2) Acy + 3 [(m1 +vm21)% + (ma + 77722)2])

e coefficients on m; and Ac; learned from each partial dataset

o coefficients from shocks learned as a shift from partial datasets with that shock



Overlap of Simplified Models

A B C Full

Graphical illustration for n, =3 and n; =2

e Model with shocks v of length n,, simplified models with shocks 7 of length n;

AN n,!
ng _ng!(nl,—n,;)!



lllustration of Our Approach Back

1. Solve 2a. Simulate 2b. Prepare Dataset 3. Train Neural Network

o Dataset D = {D'};cq4 5.y
constructed by stacking
{Siv Vf}fio

e Sample k from D is a
pair zj; and y:
inputs x3, = [ X}, v}]
targets yj, = [Si,]

. M i _ 1 B ~ 2
Loss: L(yk, yr) = B Zk:l 15 — il

Flow chart of the generative economic modeling method



Training Setup and Evaluation Criteria Back

Train one NN on the full model and another on the combined simulated data.

e Training Setup:
e Network architecture: 5 hidden layers, each with 128 neurons
e Activation function: CELU
e Optimizer: AdamW, minimizing mean squared error (MSE)
e Learning rate: cosine annealing schedule, decaying from 1072 to 10~7

e Evaluation Metric: Euler Equation Error (EEE)

EEE =/ (fpnn(Xt, v4|0))=BE; | Fhinn (Xer1, vi4110) v/ (Fhnn (Xeg1,1441(0))
—_

Ct Rt+1 Ct+1




Generative Economic Modeling with Analytical Solution

Proposition
If all households are ex-ante and ex-post identical, depreciation is deterministic and full, §(u:) = 1,

capacity utilization is fixed at u; = 1, there are no capital adjustment costs ¢ = 0, the discount factor
shock is inactive of = 0, and per period felicity is of King, Plosser, and Rebelo (1988) (KPR)-form

1+
given by u(Cy, Ny) =InCy — w Aﬁj . Then the policy functions of the representative household are
1
pl=ri-a) |7
N, = , 1
o) [wl 7O — (L= F)aB) M
Co(K, Avy Za ue) = (1 - Z—ﬂ) Vi (Ko, Av, Zo, Niin)) (2)
t
and Kt+1(Kt,At,Zt,Mt) = ijt (KuAtaZtth(/Jt))v (3)
t

where Yi(Ky, A¢, Zt, N¢(11t)) denotes the Cobb-Douglas production function. Given the policy
functions of the household, the prices in the economy can be determined by the first-order conditions
of the firm.



Generative Economic Modeling with Analytical Solution: Errors

Histogram of the Approximation Error of K

B Generative
B Complete
40% B Incomplete
)
8 20
= 30% A
]
b
& 20% |
10% A
0% f ; ; :
-10.0% -5.0% 0.0% 5.0% 10.0%

Relative error

Error distribution of surrogate model for analytical model



Generative Economic Modeling with Analytical Solution: Loss

Mean Squared Error

1075 4

10784

—— Training loss

Mean Squared Error

10724

—— Validation loss

200 400 600 800 1000
Epoch

200 400 600 800 1000
Epoch

Loss in training and validation data over iterations



Generative Economic Modeling with Nonlinear Rep. Agent Model: IRFs @

Output

Consumption

10 15
Labour

5 10
Asset price

15

Z ~

5 10

15

20

0

5

10 15

Positive TFP — — Negative TFP (mirrored) |

IRFs and nonlinear

propagation of the TFP shock

20

e Nonlinear medium-sized RBC with
state-dependent capital
adjustment costs

e Model is solved with global
solution method (time iteration)

e Generalized IRFs illustrate
nonlinear effect of capital

adjustment costs



Generative Economic Modeling with Nonlinear Rep. Agent Model: Errors

8% Histogramm of the Approximation Error of K;

Bl Generative
Bl Complete
B Incomplete

N
*
1

Percentage
s
X
1

2% -

0% -

-1.5% 0.0% 1.5%
Relative error

Error distribution of surrogate model for nonlinear Rep. Agent



Analytical Asset Pricing Model as a Benchmark

Analytically tractable asset pricing model of Canzoneri, Cumby, and Diba (2007):

a = PE [exp (=741 — 'YACt-&-l)}

Intuition: today's bond price = expected discounted payoff
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Analytical Asset Pricing Model as a Benchmark

Analytically tractable asset pricing model of Canzoneri, Cumby, and Diba (2007):

a = PE [exp (=741 — 'YACt-&-l)}

Intuition: today's bond price = expected discounted payoff

VAR(1) for variables y, = [, Ac,]’ with shocks € = [¢7, ¢}, €]
Yt = Ayr—1 + ne
= the model has a closed-form solution, our laboratory benchmark

Now



Solving Submodels Instead of the Full Model All Submodels

Each submodel switches one shock off, e.g. dropping shock a:
qt\a = Bexp (—((1:1 1+ ya21) T — (a2 + vase) Ac

+ 5[ (1 + Vio1)? +(ma + vm22)* + (i3 + 77}23)2])
—_————

shock a off =0



Solving Submodels Instead of the Full Model All Submodels

Each submodel switches one shock off, e.g. dropping shock a:
qt\a = Bexp (—((1:1 1+ ya21) T — (a2 + vase) Ac
17/, 2 2 2
+ 5[ (1 4 vm21)” +(ma + ym22)” + (M3 + vm23) ])
————

shock a off =0

e coefficients on m; and Ac; are learned from every submodel
e shock terms are learned wherever that shock is switched on

e the network combines them to recover the full model it never saw



lllustrating GEM: Asset Pricing Example Step-by-Step

Solving Asset Pricing model: \
a —

\C = cee

o

1. Solving (sub)models



lllustrating GEM: Asset Pricing Example

Step-by-Step

Solving Asset Pricing model:
1. Solving (sub)models
2. Simulating data

Bond Prices
14
12 2
10 , ’\ A \ / /\/ X
MRS AA TR AV NV WA
W A A
Vv
b B3 % = 100 s o s 20
Log Inflation
02 "‘\ . i A \\l v‘
MOAL N A A M |~
VWA M A AN WA VAR A
| PV o A o
-0.2 ¥t
b % Yy = 100 s 20 s 20
Log C Growth
010
| A \
005 . y | A
\Vh/ S b STV | A M
000 \\ M A W/ / 4 / N
A y A \\
oo f W \f [ W \) V
\/
010
o o 25 50 75 100 125 150 175 200
Al hocks NoTFP Shocks No Zeta shocks N shocks

Simulation of economies with different combinations of

aggregate shocks



lllustrating GEM: Asset Pricing Example Step-by-Step

a ¢ H
Gt T Acy € €; €

0.99 -0.02 -0.01 -0.12 1.04

Solving Asset Pricing model: 106 -0.04 002 163 185

1. Solving (sub)models : : :
1.01 -0.08 0.02 -0.12 -1.73

2. Simulating data and
S 0.99 -0.03 -0.01 1.63 0.45
combining into one dataset _ _
1.06 -0.11 0.01 -1.0 -1.72
0.94 -0.01 -0.07 -0.39 -0.86

Simulation snapshots from

combined dataset for q;, m, Acy, € ef, and ef



lllustrating GEM: Asset Pricing Example Step-by-Step

1072 — Trainingloss || 102 — Validation loss
Solving Asset Pricing model:
1. Solving (sub)models ul vl
2. Simulating data and w ,
combining into one dataset

3. Training the neural network Bl e T 5w v 0 s wrr 0 e o

Loss function from training the NN



lllustrating GEM: Asset Pricing Example Step-by-Step

Solving Asset Pricing model:

1072 —— Training loss 1072 —— Validation loss
1. Solving (sub)models

1073 1072
2. Simulating data and £ £ o
combining into one dataset LR LR
3. Training the neural network
Evaluate against NNs trained on

0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000

Epoch Epoch

data generated by true model

NN Specification Loss function from training the NN



Evaluating Generative Economic Modeling: Predicted Values vs. Actual Values

Histogram of the Approximation error of g; Histogram of the Euler Equation Error

62%

N Generative I Generative
80% 4 [ Complete B Complete
B Incomplete
47% A
60% -
g >
£ e
< 2 31%
E 40% o
16% -
20% 4
0% - 0% 4
-1.6% -0.8% 0.0% 0.8% 16% -6 -4 3 -2

Relative error Logarithm of Euler Equation Error

Prediction error distribution and Euler Equation Errors

e Generative: extrapolates with a NN trained on simulated data from submodels

e Complete: Train a NN on simulated data from true model



Proof of Concept Using an Extended Stochastic RBC Model

RBC Model variants with increasing complexity

1. Baseline: tractable, analytically solvable RBC variant
2. Medium-scale: includes nonlinearities in capital adjustment cost friction

3. Heterogeneous agents: partial insurance against income risk



Evaluating Generative Economic Modeling: Heterogeneous Agent Model

Histogram of the Euler Equation Error

Histogram of the Approximation Error of K;
60% 9,
I Generative 16% I Generative
509% [ Complete B Complete
B Incomplete
12%
40% -
@
) z
g 0% 2 8%
o a
&
20%
4%
10%
0% - 0% T T
-1.6% -0.8% 0.0% 0.8% 1.6% -6 -4 -3
Logarithm of Euler Equation Error

Relative error

Graphical evaluation of model fit:

Prediction error distribution and Euler Equation Errors



Errors for Individual

Percentage
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The Full OLG Model: From Primitives to the Law of Motion

Primitives.

Households (two generations, log utility). The
young supply one unit of labor, earn the wage wy,
and save a constant fraction of income; the old
consume savings plus return:

_ _B
St—1+5’wt.

Production (n sectors, one composite shock). Each
sector draws an independent binary shock
zé” € {zr,zm}, combined into a composite TFP

via the geometric mean,
N\ 1/n
Zt = (HJ Zf(J)> I

Externality (S-shaped, Hill). Aggregate efficiency
depends on effective capital Z; K;:

Y = ZQZK,) K¢

Equilibrium and the law of motion.

Competitive firms pay labor its marginal product,
so the wage is the labor share of output,

wy = (1 — a) Yz. Capital-market clearing equates
the savings of the young to next-period capital,
K11 = s¢. Substituting,

Bl—a)

K1 = A2 K7 U ZeKe), A== + 5

Averaging over the shocks gives the mean
dynamics
(K)=ANKG(K), GK)=Y,7m(s)Z(s)QUZ(s)K

and stochastic steady states solve ®(K) = K.

Multiplicity scales with the number of sectors.

CartArc Ct+andyvs ctatac



OLG: Law of Motion, Full Model vs. Submodels

—— Expected savings A(K) = AG(k) (complete model) —— Expected savings A(k) = AG(k) (submodel 12)
— Capital replacement (k) = k1~ ¢ —— Capital replacement y(k) = k1 =%
—— Expected savings A(k) = AG(k) (submodel 13)
—— Expected savings A(K) = AG(K) (submodel 23)
10° 100
g g
< <
g g
ES s
6x1071 6x101
4x107! 4x107
3x101 4x101 6x10°1 100 2x10° 3x10! 4x101 6x10°1 100 2x10°
k



OLG: Mean Dynamics of the Generative Surrogate

—— Capital replacement g(k) = k*~¢
— = Expected savings - true model
159 — Expected savings - Generative, inputs [K, Z] surrogate

wlk), A(k)

0.3 0.4 0.5 0.7 1



A HANK Model with Financial Frictions

The setup, briefly:

e Firms produce with labor under monopolistic competition, subject to a
cash-in-advance constraint (TFP & financial shocks)
e Households consume, save, supply labor; face income risk (preference shocks)

e Government levies taxes, issues bonds, follows a Taylor rule (monetary shocks)



A HANK Model with Financial Frictions

The setup, briefly:

e Firms produce with labor under monopolistic competition, subject to a
cash-in-advance constraint (TFP & financial shocks)
e Households consume, save, supply labor; face income risk (preference shocks)

e Government levies taxes, issues bonds, follows a Taylor rule (monetary shocks)

Why this model, and why it is otherwise unsolvable:

e 125 million state combinations: a global solution is typically infeasible
e The two payoffs we are after:
(i) financial shocks amplify nonlinearly in their size

(i) more aggregate risk = stronger precautionary saving = dampened transmission

e Is heterogeneity relevant for optimal policy?



Accuracy of Solution of Financial HANK Model

Model log,o(MSE) log;o(MAE) log,(EEE)
Asset Price —4.85 —3.22 -3.15
Analytical RBC —6.08 —3.47 —-3.96
Nonlinear RBC -3.30 —2.05 —2.46
Krusell-Smith —7.10 —4.00 —2.09
Global HANK — — —1.55

Mean Squared Error (MSE), Mean Absolute Error (MAE),

and Euler Equation Error (EEE). —: not available, the full model cannot be solved.

e No true model to benchmark against, which is the whole point of the method

e The Euler Equation Error is the only accuracy check available



Scenario Analysis: Financial Shocks Trigger Nonlinear Recessions

Deviations in %
IS

Deviations in %

Ae Ye
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—— Shock -7.5%
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0
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Periods Periods

Generalized impulse responses to a

financial shock of varying size

Acts as a supply shock:
e Financial shock limits firms' ability
to finance inputs = output falls

e Inflation rises, pushing up nominal
and real rates = demand contracts
further

Global solution needed for the constraint:

e Economy's response is nonlinear in
the size of the financial shock
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