FROM SPARSE TO
REPRESENTATIVE:
MACHINE LEARNING
TO DENSIFY IAM
SCENARIO
ENSEMBLES FOR
POLICY INSIGHT

A proposal




A BRIEF
INTRODUCTION




Climate-Economy Models

Designed to help the world understand the impact of socioeconomic policies

on the global climate. Often used to help understand potential alignment with the
Paris agreement target of limiting warming to no higher than 1.5C above pre-
industrial levels by mid-century.



How do Integrated Assessment Models work?
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THE CHALLENGE
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1.5C scenario CO2 emissions 1.5C scenario global temperature change

— AIM 2.2

— GLAM
IMAGE

— MES5AGE
REMIND
WITCH

IT'J
—
u
=
L=
T
il
i
i
i
"W
]
E
m
=
L
T
o
Ll
(i b
i1
=

I
2075 2100 2100




- e o = .~
- - - - -

1esnpul-aid 20u)s Bujwiem 1y saal

— MESSAGE













PROPOSED SOLUTION: Machine
Learning for Interpolation
within Existing Scenario Output
Space



Intended outcomes

A LEARNED REPRESENTATION OF THE
CONSTRAINED, MULTI-VARIABLES RESPONSE
STRUCTURE OF THE SCENARIO SPACE, SUCH THAT A
USER CAN INTERPOLATE WITHIN A FEASIBLE
DOMAIN (RESPECTING JOINT DEPENDENCIES AND
PLAUSIBLE OUTCOMES)

THE ABILITY TO ANSWER QUESTIONS LIKE WHAT
HAPPENS IF X INDUSTRY DOES Y

AFIRST STEP TOWARDS ‘FILLING IN THE GAPS’ SO
THAT WE CAN UPSCALE/DOWNSCALE FROM THE
EXISTING IAM SPACE



Methods

Comparison between:

More advanced
machine learning
techniques
(Transformer,
Conditional VAE)

Traditional statistical
method (Copula)




A) Real Data: Actual Distribution B) Marginals: Non-Gaussian Structure C) Dependency Strength
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D) Copula Space: Uniform Marginals E) Copula Samples: Preserves Dependencies F) Dependency Preservation
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G) Gaussian Assumption: Misspecified Marginals H) Marginal Fit Comparison
= Copula Advantages

= Copula Non-Gaussian marginals
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Input
Scenarios
(16 variables)

Transformer Model Architecture

Transformer
4 heads
2 layers

[all variables)

Predictions

y i

Reconstruction Loss
(Tail-weighted MAE)

608 training samples
153 test samples
16 climate variables

Physics Constraint
(Energy Conservation)




Tolerance:
“ Sum of Primary Energy

Components Total

Renewables

A NOte on Internal Easy to generate scenarios; difficult to generate

scenarios that align with implicit relationships

C()nSiStency between variables (Li et al. 2025)



INITIAL RESULTS



Energy Source Substitution Patterns (How other sources respond when oil varies)
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Figure 2. The changes in other variables based on constraints to oil; represented via
percentile designations of low, medium, and high (25, 50, 75)




Physics Constraint Validation: Primary Energy Sum Check

A) Component Sum vs Total B) Constraint Error Distribution C) Constraint Satisfaction
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Figure 3. A representation of how well generated scenarios are passing a simple sum
check; poor performance is aligned with other generative attempts and a direction for
ongoing work
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POTENTIAL USE CASES






Instead of taking the
uncertain outcomes

from the IAMs, maybe
we could work from ’ |
more real-world, past §
data from industry

and align that to IAM
outputs



What would happen
if the transportation
sector invested $1
billion in EVs
worldwide by 20307
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