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Abstract

InvestESG is a novel multi-agent reinforcement learning (MARL) benchmark
designed to study the impact of Environmental, Social, and Governance (ESG)
disclosure mandates on corporate climate investments. Supported by both Py-
Torch and JAX implementation, the benchmark models an intertemporal social
dilemma where companies balance short-term profit losses from climate mitigation
efforts and long-term benefits from reducing climate risk, while ESG-conscious
investors attempt to influence corporate behavior through their investment deci-
sions, in a scalable and hardware-accelerated manner. Companies allocate capital
across mitigation, greenwashing, and resilience, with varying strategies influencing
climate outcomes and investor preferences. Our experiments show that without
ESG-conscious investors with sufficient capital, corporate mitigation efforts remain
limited under the disclosure mandate. However, when a critical mass of investors
prioritizes ESG, corporate cooperation increases, which in turn reduces climate
risks and enhances long-term financial stability. Additionally, providing more
information about global climate risks encourages companies to invest more in
mitigation, even without investor involvement. Our findings align with empirical
research using real-world data, highlighting MARL’s potential to inform policy
by providing insights into large-scale socio-economic challenges through efficient
testing of alternative policy and market designs.

1 Introduction

Climate change poses a persistent threat to the natural ecosystem and the global economy. Addressing
climate change requires coordinated efforts, particularly from large corporations, which are reportedly
responsible for over 70% of global industrial greenhouse gas emissions [32]. However, emissions
mitigation presents a social dilemma [40], where the benefits of reduced emissions are shared
globally, but the cost of reducing emissions reduces profits for individual companies [48, 15, 8]. As
corporations are inherently self-interested, they are unlikely to reduce emissions voluntarily without
external incentives or regulations.

Numerous policies have been proposed to address this challenge, among which mandatory Envi-
ronmental, Social, and Governance (ESG) disclosure has recently ignited a vigorous global debate.
The Securities and Exchange Commission’s (SEC) proposal, which would require publicly traded
companies to disclose climate-related risks and greenhouse gas emissions, attracted over 15,000
comments, making it one of the most contentious proposals in the SEC’s history [56, 13]. This
intense debate has led to an indefinite delay in the proposal’s implementation [55]. Similar delays
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Figure 1: The InvestESG Environment. Corporations choose how much to invest in mitigating emissions,
which affects their ESG Score. Climate-conscious investors can see ESG Scores when deciding how much
to invest in each company. However, companies can engage in greenwashing to inexpensively and falsely
improve ESG scores without actually mitigating climate change. InvestESG is a social dilemma, where selfish,
profit-motivated corporations will not invest in mitigation without further incentives, leading to increased climate
risks and decreased global wealth.

are also unfolding in the European Union and Korea [6, 38]. This highlights the need for thorough
research to effectively inform the design and implementation of these policies.

Traditional economics and policy research relies on either empirical analysis—which does not enable
testing possible new policies [21, 42, 39]—or theoretical economics models, which are often limited
to scenarios with only two agents (e.g., Friedman et al. 29), or single-period games (e.g., Pástor
et al. 50). In contrast, Multi-Agent Reinforcement Learning (MARL) enables simulating complex
interactions between multiple agents over extended time periods, under diverse hypothesized policy
settings. Leveraging MARL to address large-scale socio-economic questions is a growing field [33].
Prior work has demonstrated the potential of MARL to design effective taxation schemes that enhance
both equality and productivity [66], highlighting its relevance for tackling social challenges.

We propose using multi-agent reinforcement learning (MARL) to explore the impact of the ESG
disclosure policy. We introduce InvestESG, an open-source MARL benchmark, to examine how
profit-driven corporations balance short-term profits with long-term climate investments and whether
ESG-informed investor choices influence corporate behavior. The simulation involves two agent types:
companies and investors. Companies allocate funds to mitigation, greenwashing, and resilience,
while investors choose investment portfolios based on their preferences for financial returns and ESG
benefits. Our experiments with a state-of-the-art MARL implementation yield findings that align
with real-world empirical evidence and provide novel insights.

More broadly, we demonstrate the potential of using a MARL framework to inform policy debates
in the field of climate change. Our aim is not to claim that our model fully represents real-world
complexity. It remains a "first-principles" model; however, it captures aspects that are challenging to
integrate into a single framework using traditional economic approaches. To further improvement our
environment setup to accommodate different use cases, we plan to seek advice from climate change
research experts within the CCAI community. We present InvestESG as a challenging benchmark for
the machine learning community; for researchers that are interested in developing MARL algorithms
that can solve social dilemmas, InvestESG represents a social dilemma environment that could inform
policymaking. We will provide the code for the benchmark and agent baselines in open-source.

2 The InvestESG Environment and Experiments

In this study, we introduce InvestESG, a MARL benchmark environment to analyze the impact of
ESG disclosure mandates on corporate investment in climate efforts. The simulation involves two
types of agents: companies and investors. At each time step, companies decide how much investment
to allocate toward mitigation, which incurs higher short-term costs, thus reducing profits, and affects
their attractiveness to investors. However, these investments reduce emissions and lower the overall
climate risk for society, leading to improved long-term financial performance for all entities. Investors
derive utility from two main metrics: (1) the profits generated by the companies they invest in, and
(2) the increased utility from investing in ESG-friendly firms depending on their preference for ESG
investments. Investors allocate their capital based on their knowledge of each company’s total capital,
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Figure 2: Schelling diagrams demonstrating that the environment constitutes a social dilemma. The graphs
compare payoffs between cooperation (mitigation, blue lines) and defection (no mitigation, red lines) for a focal
company, given varying number of other cooperating companies. Yellow lines represent the average payoff
across all companies when the focal company defects. Subfigure (a) illustrates the selfish scenario, where all
three investors consistently prioritize financial returns (αIj = 0, for j = 1, 2, 3). Here, defection always yields
higher payoffs for the focal company than cooperation, leading all companies to defect. However, widespread
defection results in lower overall profits, as the average payoff (yellow) increases with greater cooperation.
Subfigure (b) and (c) correspond to two and three infinitely ESG-conscious investors (αIj ≈ ∞), respectively.
In (b), cooperation yields higher payoffs than defection for the focal company when few others cooperate. In
(c), cooperation outperforms defection in all cases. Therefore, (b-c) demonstrate how investor behavior can
transform the environment, eliminating the social dilemma by aligning corporate incentives with mitigation.
Subfigures (d) and (e) build on (c) with three ESG-conscious investors. Subfigure (d) introduces resilience
spending, while (e) adds greenwashing. The latter reintroduces a social dilemma, where corporations again
avoid mitigation.

past returns, climate risk exposure, and ESG score 1 from the previous step. The environment is
implemented in both PyTorch and JAX.

Climate change as a social dilemma. Companies’ trade-off between short-term private costs and
long-term collective benefits create a social dilemma within the environment. To illustrate this,
we use empirical Schelling diagrams [34], which plot the focal-company payoffs from following
either a cooperative or defecting policy, depending on the number of other cooperating company
agents in a 5-company, 3-investor environment. In our case, cooperation represents a policy which
consistently invests 0.5% of capital in mitigation and 0 in greenwashing or resilience building, while
a defector policy takes zero action in all of mitigation, greenwashing, and resilience. Figure 2a to 2c
reveal that the environment constitutes a social dilemma when investors are profit-motivated, which
can be mitigated as more investors become ESG-conscious. However, if companies can defect by
greenwashing, where companies can portray themselves as climate friendly at a low cost without
genuine mitigation, the environment reverts back to a social dilemma.

Experiments with state-of-the-art MARL baselines suggest highly ESG-conscious investors
are required to effectively incentivize mitigation efforts. We train the state-of-the-art MARL
algorithm, IPPO [19], to learn to optimize the company and investor behavior. By default, 5 companies
are modeled alongside 3 investors, with a total beginning market wealth of $98 trillion, which is
comparable to the global stock market cap [61]. All the results are averaged result based on 3 runs of
different random seeds, with the standard error plotted in the shaded region. Our results are consistent
when scaled up to 25 companies and 25 investors as shown in the Appendix.

To evaluate the effectiveness of ESG disclosure mandates in incentivizing emissions mitigation by
companies, we conduct three experiments: (1) Status Quo: All agents are profit-motivated, and no
ESG scores are released; (2) Status Quo with Mandate: ESG scores are disclosed, but investors remain
profit-driven (α = 0); (3) Mandate with ESG-Conscious Investors: ESG scores are disclosed, and
investors are ESG-conscious (α > 0). In all scenarios, companies only choose mitigation effort levels,
with greenwashing and resilience spending disabled. Figure 3 tracks evaluation metrics over training.
The final system climate risks for the Status Quo with Mandate and low-ESG-conscious scenarios
(α = 0.5 and 1) are similar to those in the Status Quo, indicating that mandatory ESG disclosure
alone does not significantly incentivize mitigation when investors prioritize profits. However, when
investors have a high level of ESG-consciousness (α = 10), companies invest significantly in
mitigation, reducing climate risk and increasing market wealth. In this setting, a few leading
companies attract the majority of ESG-conscious investments, forming a positive feedback loop

1The ESG score represents the fraction of capital that companies appear to allocate toward mitigation
efforts, including both genuine mitigation and greenwashing investments. The concept of greenwashing will be
introduced later in the discussion.
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Figure 3: Climate risk, total market wealth, total mitigation amount and climate event occurrence over the course
of training for the 5-company-3-investor case. We compare the status quo scenario with solely profit-driven
investors (investors with ESG consciousness level of 0), both with and without the ESG disclosure mandate,
to scenarios involving three ESG-conscious investors with ESG consciousness level of α = 0.5, α = 1, and
α = 10. These results indicate that merely disclosing ESG scores is insufficient to resolve the social dilemma if
investors are not interested in investing in climate-friendly companies. Only when investors have a high level of
ESG consciousness—α = 10, in this case—does the ESG mandate make a difference in increasing the level of
mitigation.

where better market performance draws further investments. These findings align with research
showing that ESG disclosure mandates encourage climate-friendly efforts driven by societal and
stakeholder pressures [14, 30, 25, 28, 11, 35], and that fund managers are willing to sacrifice financial
returns for ESG benefits [39].

In addition to the main results presented above, our results further show that (1) heterogeneous
investor preferences lead to divergence in agent strategies for both company and investor agents; (2)
the possibility of greenwashing does not significantly undermine mitigation efforts; and (3) providing
additional information about climate risk increases mitigation efforts. We present these results in
more details in the Appendix. Beyond the findings under these default model settings, we also explore
settings where (1) company agents are allowed to spend on building their own resilience, (2) company
agents are initialized with real-world company actions, (3) agents’ decisions are locked in for five
years to simulate capital flexibility challenges, (4) companies’ climate resilience parameter LCi

t are
random and vary across events and companies, and (5) a stricter bankruptcy mechanism. These
experiments yield directional conclusions consistent with those presented in the main text. Detailed
results can be found in the Appendix.

3 Impact and Relevance

We demonstrate the potential of using a MARL framework to inform policy debates in the field of
climate change. Importantly, our results are compatible broadly with the existing theoretical and
empirical literature that examines this question, which shows its validity in predicting directional
behaviors of rational decision makers. Assessing the effectiveness of a policy is inherently challenging,
due to the fact that policy experiments are often prohibitively expensive and impractical to conduct,
and even when they are feasible, it can be extremely time-consuming. Given the urgency of addressing
climate change, our work provides a new vector for studying this problem, creating a simulated
environment where a broad range of regulations can be explored and tested efficiently to provide
novel insights into the problem. For policymakers, InvestESG shows various policy insights,
e.g., mandatory ESG disclosure, paired with highly ESG-conscious investors, can drive corporate
mitigation efforts. For economics and policy researchers, InvestESG introduces MARL as a
promising tool to complement traditional empirical and theoretical methods, allowing scalable policy
testing in a simulated environment. Our model predicts agent behaviors consistent with empirical
evidence and uncovers novel insights. For the machine learning community, InvestESG presents a
novel multi-agent benchmark, fostering the development of RL algorithms that tackle complex social
dilemmas, competition, and long-term strategy—pushing forward AI applications in real-world, high-
impact domains. We encourage the machine learning community to develop algorithmic innovations
for InvestESG that can inspire practical actions to address climate change.

To further improvement our environment setup to accommodate different use cases, we plan to seek
advice from climate change research experts within the CCAI community. Additionally, we plan to
organize a competition where participants can submit solutions for designing regulations or incentives
aimed at achieving an overall reduction in global emissions. For the competition, we will involve
climate experts to evaluate the solutions for their real-world feasibility.
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4 Appendix

4.1 Related Work

Creating a benchmark environment that analyzes the interplay between corporations and investors
and their impacts on climate change mitigation requires various domain knowledge and connects
multiple streams of studies. We closely examined three streams of literature.

Conventional economic methods are limited by either generalizability or tractability. Existing
ESG disclosure related research in economics, business, and public policy rely on either empirical data
[21, 42, 39] or simplified theoretical models [51, 37, 12, 50, 29]. Empirical analyses, while grounded
in real-world data, struggle with generalizability and testing counterfactual policies. Theoretical
models provide formalized equilibria and explore counterfactuals but are limited by tractability,
modeling either multiple agents in single-period games (e.g., Pástor et al. 50) or only two agents
over limited time periods (e.g., Friedman et al. 29). By proposing a MARL framework, our method
overcomes these limitations by enabling the simulation of complex, multi-agent systems over extended
time horizons under diverse policy settings, which allows for emergent behaviors and better captures
complex socio-economic dynamics among diverse agents [33].

Current MARL benchmarks and social dilemma environments were not designed to model
specific policy problems. Various MARL benchmarks have been created to study multi-agent
coordination and cooperation; however, they are often limited to simplistic particle simulations [43]
or videogames [1, 10, 54, 4, 3], which have little direct real-world implication. Sequential social
dilemmas (SSD) [40] are spatially and temporally extended multi-agent environments in which the
payoff to an individual agent for defecting is higher, but if all agents defect the payoff is lower. SSDs
go beyond traditional game-theoretic environments like Prisoner’s Dilemma because the complexity
of the solving the SSD depends on not only addressing the misalignment between individual and
collective rationality, but doing so when the negative consequences of short-sighted actions may take
a long time to manifest. Prior research has examined methods to promote cooperation in SSDs by
incorporating inequity aversion in agents [34], rewarding agents for influencing others’ actions [36],
enabling agents to provide incentives to others [63], and controlling for behavioral diversity [3]. Many
of these studies are inspired by factors that drive human cooperation in social dilemmas. However,
much of this research has been conducted in environments with no direct real-world implications
(e.g. Leibo et al. 40, 41). In contrast, our environment directly addresses the problem of climate
change, and is designed with critical trade-offs around a certain policy-making question. We hope
to encourage researchers interested in addressing social dilemmas to focus on an environment with
potential impact on the problem of climate change [5].

RL benchmarks can be effective in focusing AI research on climate change issues. Learning
to Run a Power Network (L2RPN) is a single-agent RL benchmark focused on improving power
grid efficiency [44]. This work has spawned multiple competitions, and it is currently hosted by
the Electric Power Research Institute (EPRI) in conjunction with several other energy companies,
government agencies, and universities2. L2RPN continues to foster innovative and meaningful
collaboration across institutions, showing the potential impact of this type of simplified, simulated
RL benchmark. However, L2RPN is focused on single-agent RL, whereas we explore a multi-
agent, multi-party social dilemma. The only other MARL climate benchmark we are aware of was
proposed by [65], and is focused on studying the dynamics of international climate negotiations, by
incorporating an integrated assessment model simulating global climate and economic systems. In
contrast, our environment, InvestESG, was designed with a focus on a more targeted policy question

2https://www.epri.com/l2rpn
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(a) Investment matrix for investors with dif-
ferent level of ESG consciousness: 0, 10, 10

(b) Investors with different level of ESG consciousness
make different investment decisions.

Figure 4: Investigating the effects of the level of ESG consciousnessness in the case of 5 companies and 3
investors. ESG consciouness levels are αI0 = 0, αI1 = αI2 = 10. In (a) and (b), Company 0 is the leading
mitigator out of all the 5 companies. The figure plots the investment distribution for each investor, showing that
more climate-conscious investors focus on investing in the more climate-conscious companies, mirroring the
market bifurcation results of the Schelling diagrams.

(a) ESG-conscious investors can be dis-
tracted by greenwashing.

(b) Mitigation, greenwashing, and climate risk for green-
washing coefficient = 2, 10, 20.

Figure 5: (a) shows ESG-conscious investors can be distracted by greenwashing, and heavily invest in a
company that greenwashes. Here we examine a scenario where Company 0 is hard-coded to invest in real
mitigation while Company 1 only invests in greenwashing. Investors have ESG consciousness level of 0, 1,
10. Part (b) shows that when both companies and investors are IPPO agents, regardless of greenwashing cost,
companies initially explore greenwashing and mitigation equally but quickly abandon greenwashing and invest
in mitigation to attract ESG-conscious investors. In these experiments, the final climate risk is similar to the
value when greenwashing is not enabled, suggesting greenwashing does not hinder mitigation investment.

regarding ESG disclosure mandates, making our approach more directly applicable to an ongoing
and highly debated policy issue.

4.2 Additional Results

Heterogeneous investor preference. Research shows that investors have varying preferences for ESG
efforts and respond in different ways [2]. In this scenario, we initialized three investors with different
levels of ESG-consciousness, with Investor 0 representing the solely profit-seeking investor with
ESG-preference set to αI0 = 0, and Investor 1 and 2 representing highly ESG-conscious investors
with αI1 = αI2 = 10, which matches the scenario presented in the Schelling diagram in Figure
2b. Figure 4a and 4b highlight a divergence in both investor and company behavior. Profit-driven
investor 0 distributes investments evenly across companies, while ESG-focused investors (1 and 2)
favor climate-conscious firms, such as Company 0, which prioritizes mitigation. Such divergence
extends to company strategies: Company 0 learns to attract more ESG investment by focusing on
mitigation, while others prioritize financial returns at the expense of some investor interest.

Option to greenwash. Building on research that examines the existence and extent of greenwashing
[62, 45, 59], and the concern that the ESG disclosure policy can backfire with greenwashing [23],
we explore whether companies adjust their strategies when greenwashing is permitted. Based on
the Schelling diagram in Figure 2d and Figure 4b, we predict that investors would be misled by
greenwashing, prompting companies to prioritize greenwashing over mitigation due to its lower cost,
leading to waste of resources. However, this prediction is not observed when simulating agents
with IPPO. Figure 5b plots results under varying greenwashing costs, represented by coefficient
β in Equation 3, where a larger β indicates cheaper greenwashing. All investors have an ESG-
consciousness level of α = 1. The results show that regardless of greenwashing cost, companies
initially explore greenwashing and mitigation equally but quickly drop greenwashing as the main
strategy.
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(a) More information for investors and companies (b) More information for companies (no investors)

Figure 6: Effect of providing more information about climate risk to both investors and companies in the
default 5-company-3-investor case (a), or companies only in a 5-company-0-investor case (b). These results
show that simply providing more information about climate risk to companies can help them coordinate to
increase mitigation efforts.

This likely occurs because, in the early episodes, investors have not yet linked ESG scores to their
investment strategies, so do not respond to greenwashing efforts with increased investment. Instead,
greenwashing presents an immediate cost for companies, which does not pay off with reduced climate
risk, so they quickly learn to avoid it. In contrast, even without immediate investor rewards, companies
may recognize the long-term benefits of mitigation (which leads to higher collective returns), and
be incentivized to continue those efforts at first, even if they later learn to defect. This mirrors
reality, where if investors are slow to adjust their strategies, companies may abandon greenwashing
early but persist in low levels of mitigation for either its long-term climate benefits or the foresight
of regulations and societal pressure that will eventually nudge them towards sustainable operation
anyway. This is consistent with some empirical literature stating that despite the emergence of some
greenwashing, ESG disclosure mandates overall encourage mitigation [27].

Additional information. In this scenario, we want to observe the effect of having additional
climate-related information available on mitigation behavior. Therefore, we provide the climate event
probability and climate event occurrences as additional information in the observation space for both
companies and investors. In the default 5-company-3-investor scenario, having additional climate-
related information reduces the ending system climate risks, as shown in Figures 6a. Figure 6b show
similar effects of having additional climate-related information in the scenario where investors are
not present. This result suggests that climate-related information helps both companies and investors
make better environmental decisions. Even in the absence of ESG-focused investors, educating
companies about the overall system improves outcomes. This aligns with literature showing that
raising awareness encourages positive corporate responses [20, 7].

Scale up the number of agents. Figure 7a - 7b show the experiment results when the number of
company and investor agents are scaled up to 25-by-25. The increased number of agents reveal the
same directional story as the main results shown in Figure 3, where highly ESG-conscious investors
motivate mitigation efforts from companies, resulting in lower ending climate risk and higher total
market wealth. Figure 7c-7d zoom into a single episode of the 10-company, 10-investor case, with
investor ESG-consciousness set to 0 and 10, respectively. In the ideal case where all investors are
highly ESG-conscious, one leading mitigating company attracts the majority of the investment, which
is consistent with the pattern shown in Figure 4a.

Effects of resilience spending. In this case, we allow companies to invest in resilience spending to
improve their own robustness to climate events, without affecting the global climate risk. Although
investors continue to respond to companies’ ESG scores, resilience spending is excluded from the
calculation of ESG scores. As shown in Figure 8a, when resilience is allowed, companies invest
significantly more in resilience than in mitigation. By investing in resilience, companies are more
resilient to the climate event and therefore are able to maintain more capital to invest in actual
mitigation, compared to the case when resilience is not allowed, reflected in 8c. Therefore mitigation
spending when resilience is allowed is actually slightly higher compared to when it is not an option,
resulting in comparable final climate risk in Figure 8b. This suggests that companies are financially
incentivized to prioritize resilience investments, which can actually enable a greater commitment to
climate mitigation efforts.

Seeding companies with real-world data. To ground the agents in real-world data, we seeded com-
pany agents’ actions with real-world corporate behaviors. According to [31, 24, 49], approximately
50% of large companies are currently investing in climate mitigation. Globally, about 1% of GDP
is allocated to climate finance annually [9]. Since GDP can be roughly viewed as the counterpart
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(a) Ending climate risk of 25 companies and 25
investors.

(b) Ending total market wealth of 25 companies
and 25 investors.

(c) Company capital over time, company ESG score over time, and investment matrix of 10 companies
and 10 investors with ESG consciousness = 0 in one episode.

(d) Company capital over time, company ESG score over time, and investment matrix of 10 companies
and 10 investors with ESG consciousness = 10 in one episode.

Figure 7: (a)(b) shows the final climate risk and market total wealth for the case of 25 companies and 25
investors. Similar to the default 5-company-and-3-investor case, when investors are highly conscious, the
final climate risk would be decreased. (c)(d) shows the ending episode company capitals over time, company
ESG score over time, and investment matrix of environments with 10 companies. When investors are ESG
conscious, the investments are more concentrated on the mitigating company compared to the case when the
investors are not ESG conscious. Consequently, the capitals of mitigating companies are much larger compared
to non-mitigating companies in the case when the investors are ESG conscious, while the capitals of mitigating
companies are comparable to non-mitigating companies when the investors are not ESG conscious.

of a company’s sales, and based on data from an NYU database [17], which estimates the average
sales-to-capital ratio across sectors to be between 0.8 and 1.28, we approximate sales and capital to
be of similar magnitudes. Consequently, we seeded 50% of companies to invest between 0.5% and
1% of their total capital into mitigation, reflecting real-world investment levels. As shown in Figures
8d, 8e, and 8f, when seeded with real data, the total corporate mitigation efforts and resulting climate
risk levels eventually align closely with the baseline scenario.

Lock-in investments. In reality, the decision-making processes of both companies and investors
can be less flexible than modeled, where companies and investors update their strategies annually.
To reflect the capital inflexibility, we implemented a 5-year lock-in period for agent decisions. This
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(a) Mitigation and resilience spend-
ing

(b) Climate risk (c) Market total wealth

(d) Mitigation spending (e) Climate risk (f) Market total wealth

(g) Mitigation spending (h) Climate risk (i) Market total wealth

Figure 8: (a)-(c) Effect of allowing resilience spending. (d)-(f) Effect of seeding with real-world data. (g)-(i)
Effect of 5-year lock-in period for agent decisions. All comparisons are made against the default case with an
ESG disclosure mandate, in which investors have zero ESG-consciousness, and company acitions are restricted
to mitigation efforts only.

approach allows the climate to evolve more rapidly than agents can respond. Despite this constraint,
the results remain consistent with the directional findings presented in the main text, as illustrated
in Figures 8g, 8h and 8i, suggesting that agents would achieve similar results using a macro-action
reinforcement learning approach [22]. However, the learning curves for the locked-in investment
cases exhibit greater volatility and slower convergence compared to the default case, indicating that
capital inflexibility indeed increases the challenges of addressing climate change.

Uncertain climate event damage. Given the significant uncertainty surrounding the economic
damages of climate change [26], we conducted additional experiments where companies’ resilience
parameters, LCi

t , representing economic losses from extreme climate events, were modeled as
Gaussian random variables LCi

t ∼ N (µ, σ) clipped within the range [0,1], varying across both
events and companies. This randomness allows for extreme climate damages, including the potential
bankruptcy of some companies, which could incentivize risk-averse strategies where companies
engage in greater mitigation efforts. Conversely, the randomness complicates the ability of company
agents to learn the long-term benefits of mitigation, potentially encouraging short-sighted behaviors
or greenwashing.

Figures 9a to 9c illustrate the effects of uncertain climate event damage compared to the default
mandate case, where no investors are ESG-conscious, and company actions are restricted to mitigation
only. Both scenarios result in similar levels of total mitigation and climate risk. However, agents
in the uncertain damage scenario require more time to learn the optimal mitigation level due to the
increased uncertainty in the environment. Despite the similarities, the uncertain damage scenario
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(a) Mitigation spending (b) Climate risk (c) Market total wealth

(d) Mitigation spending (e) Climate risk (f) Market total wealth (g) Greenwash spending

(h) Mitigation spending (i) Climate risk (j) Market total wealth (k) Number of bankrupt
companies

Figure 9: (a)-(c) Effect of uncertain climate event damage. (d)-(g) Effect of uncertain climate event damage on
greenwash spending. (h)-(k) Effect of a more strick bankruptcy mechanism and its combination with uncertain
climate event damage.

results in significantly lower total market wealth due to potentially some high-tail losses in early years.
When considering the wealth discrepancy, companies in the uncertain damage scenario ultimately
adopt a more aggressive mitigation strategy relative to their capital. This behavior suggests that the
high uncertainty may have prompted risk-averse strategies.

Uncertain climate event damage also incentivizes the companies to focus more on short-term benefits
by attracting investments, compared to the case with fixed damage when the companies first explore
greenwashing strategy and then settle down on doing little greenwashing. As shown in 9d to 9g, when
threatened with uncertain climate event damage, companies increase their greenwashing amount to
attract immediate investments from ESG-consciouns investors.

Stricter bankruptcy mechanism. Additionally, to make our model more enriched, we implemented
a more strict bankruptcy mechanism for company agents: if a company agent has a margin worse
than negative 10% for 3 consecutive years, a red flag signaling potential financial distress, is deemed
as bankrupt [57]. As shown in the comparison between orange and pink lines in 9h, 9i and 9j, the
new bankruptcy mechanism does not cause significant difference in the level of mitigation from the
status quo with mandate case. Given that the market growth rate is high, companies are not severely
threatened by bankruptcy despite that the new bankruptcy mechanism is in place, and therefore refrain
from investing in climate mitigation.

However, when the stricter bankruptcy mechanism is combined with uncertain climate event damage,
as depicted by the green lines in Figures 9h and 9k, a significant increase in mitigation and more
bankruptcies are observed. This indicates that the combination of uncertain climate event damage
and the bankruptcy mechanism creates an immediate risk of bankruptcy for company agents, thereby
strongly incentivizing their mitigation efforts.
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4.3 Technical details of the InvestESG environment

The simulation starts in 2021 and runs through 2120, with each period t corresponding to one year.
The environment includes two main components: (1) an evolving climate and economic system, and
(2) two types of agents: M company agents Ci for i ∈ {1, . . . ,M} and N investor agents Ij for
j ∈ {1, . . . , N}. Climate and Economic Dynamics. The environment is characterized by three
climate risk parameters: extreme heat probability (Ph

t ), heavy precipitation probability (P p
t ), and

drought probability (P d
t ) in year t. Initial climate risks are set to Ph

0 = 0.28, P p
0 = 0.13, and

P d
0 = 0.17 following the IPCC estimate [46], resulting in an overall climate risk of P0 = 0.48, the

probability of at least one adverse climate event in a year. Without mitigation efforts, these risks
increase linearly over time, reaching the IPCC’s 4 scenario scenario by 2100, which corresponds to
the 80th period in our 100-period simulation. By that point, we observe P

h

80 = 0.94, P
p

80 = 0.27,
and P

d

80 = 0.41 (or an overall climate risk of P 80 = 0.97). We then extrapolate this trend through to
period 100. Figure 10a depicts how increased climate risks and adverse climate events increase over
time in a scenario where companies are solely profit-motivated. Company agents can mitigate the
growth of climate risk by investing in emissions reduction. The change in climate risk P e

t for event
e ∈ {h, p, d} in year t is governed by the function:

P e
t =

µet

1 + λeUt,m
+ P e

0 , for e ∈ {h, p, d}, (1)

where Ut,m is the cumulative mitigation spending from all agents by period t. If Ut,m = 0, risks
increase linearly to reach P

e

80 by 2100 as explained earlier. When Ut,m > 0, the growth rate of
climate risk decreases. The parameters λe are calibrated based on [58], which estimates that an
annual mitigation investment of $2.3 trillion is required to achieve IPCC’s 1.5 scenario. The model
fits λe so that such investment levels would yield 1.5 scenario climate risks by 2100. Climate events
are modeled as independent Bernoulli processes, allowing for multiple events within a year (red
dashed lines in Figure 10a). Let Xt,h, Xt,p, Xt,e ∈ {0, 1} represent the occurrence of each climate
event, and Xt denote the total number of events in period t, determined by Equation 2.

Xt = Xt,h +Xt,p +Xt,e, where Xt,e ∼ Bernoulli(P e
t ), for e ∈ {h, p, d}. (2)

In addition to the evolving climate risks, the environment incorporates a baseline economic growth
rate γ, set to 10% by default, aligned with the historical average annual return of the S&P 500 over
the past century [16]. Company agents’ capital levels KCi

t grow at rate γ each year, barring climate
events. If an adverse event occurs, company agents lose a portion of their total capital according to
their respective climate resilience parameter LCi

t . If economic losses drive a company’s remaining
capital into negative territory, the company is declared bankrupt.

Company Action Space. Each company agent Ci in period t selects actions from a continuous
vector uCi

t = (uCi
t,m, uCi

t,g, u
Ci
t,r), where uCi

t,m represents the share of capital allocated to mitigation,
uCi
t,g to greenwashing, and uCi

t,r to building climate resilience. The action space for each company
is defined as a continuous 3-dimensional unit cube, UCi

t = [0, 1]3. If the sum of the three ratios
exceeds 1 in any period, the company agent is deemed to be overspending, resulting in bankruptcy.
Mitigation spending directly reduces the system-wide climate risk as explained above. Greenwashing
involves deceptive marketing or accounting tactics that allow companies to appear climate-friendly at
a low cost without providing any real benefits to society [18, 64]. Resilience spending enhances the
company’s climate resilience by lowering its vulnerability LCi

t , but it does not reduce emissions and
therefore does not mitigate system-wide climate risk. In the default setting, we disable greenwashing
and resilience spending to focus on testing companies’ mitigation efforts. .

Investor Action Space. Investor agents first select the companies they want to invest in. Specifically,
agent Ij in period t selects an action from a binary vector of length M , aIj

t = (a
Ij

t,1, . . . , a
Ij

t,M ),

corresponding to the M company agents. Each entry a
Ij

t,i = 1 indicates that investor Ij invests

in company Ci in period t, and a
Ij

t,i = 0 otherwise. The investor’s action space at time t is thus

AIj

t = {0, 1}M . Once the choices are made, investors capitals are distributed equally among these
chosen companies, as will be detailed later in Equation 4.

15



(a) Environment dynamics over the
course of a single 100 year episode.
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Figure 10: Status quo scenario where
all agents are only profit-motivated. In
(a), mitigation spending (blue curve) is
minimal, leading climate risk (yellow
curve) to increase over time. Adverse
weather event occurrences are shown as
dotted lines; red lines indicate multiple
adverse events in a single year. In (b),
increasing climate risk leads to more
frequent occurrence of severe climate
events over time.

Modeling ESG Disclosure. With the ESG disclosure mandate
in place, each company agent receives an updated ESG score
QCi

t+1 in period t, calculated as

QCi
t+1 = uCi

t,m + βuCi
t,g, (3)

where β > 1 indicates that greenwashing is cheaper than gen-
uine mitigation in terms of building an ESG-friendly image.
This mirrors simple ESG ratings provided by some agencies,
which typically range from 1 to 100 [60] or use letter-based
ratings [47].

State and Observation Space. The environment simulates
a partially observable Markov game M defined over a con-
tinuous, multi-dimensional state space. The system state at
period t is characterized by the three climate risk parame-
ters Pt = (Ph

t , P
p
t , P

d
t ), each company agent’s state vector

SCi
t = (KCi

t , QCi
t , LCi

t ), where KCi
t is the capital level, QCi

t

is the ESG score, and LCi
t is the climate resilience. Each in-

vestor agent’s state is represented by their investment portfolio
and cash levels SIj

t = (H
Ij

t,1, . . . ,H
Ij

t,M , C
Ij

t ), where H
Ij

t,i rep-

resents investor Ij’s holdings in company Ci, and C
Ij

t is the
investor’s cash level. The full system state at period t is thus
St =

(
Pt, {SCi

t }Mi=1, {S
Ij

t }Nj=1

)
. All company and investor

agents share a common observation space, denoted as Ot. In
the default setting, Ot =

(
{SCi

t }Mi=1, {S
Ij

t }Nj=1

)
. Extensions

that incorporate additional observable information, like climate
risk, are explored in experiment results.

State Transition. The environment’s state transition T pro-
ceeds as follows. At the beginning of period t, investors collect
their investment holdings from period t − 1 and redistribute
their capital according to a

Ij

t . Denote ||at||
Ij

1 =
∑M

i=1 a
Ij

t,i as
the number of companies investor Ij invests in during period t

and let KIj

t =
∑M

i=1 H
Ij

t,i + C
Ij

t represent the total capital of
investor Ij at the start of period t. Companies reach an interim
capital level after returning old investments,

∑N
j=1 H

Ij

t,i , and receiving new ones, with the investment

from investor Ij calculated as a
Ij

t,i
K

Ij
t

||at||
Ij
1

or 0 if the investor opts out of investing, as shown in

Equation 4.

KCi
t+1,interim = KCi

t −
N∑
j=1

H
Ij

t,i +

N∑
j=1

a
Ij

t,i

K
Ij

t

||at||
Ij

1

, for i = 1, . . . ,M (4)

Companies then make climate-related spending using the interim capital, as described in Equations 5
to 6. Here, Ut,m represents the cumulative mitigation spending by all company agents up to period t,
while UCi

t,r denotes the cumulative resilience spending by company Ci.

Ut,m = Ut−1,m +

M∑
i=1

uCi
t,m ×KCi

t+1,interim (5)

UCi
t,r = UCi

t−1,r + uCi
t,r ×KCi

t+1,interim for i = 1, . . . ,M (6)

While Ut,m is then plugged into Equation 1 where system climate risks are updated. Equation 7 states
that a company’s climate resilience, LCi

t , scales with the proportion of cumulative resilience invest-
ment relative to its capital, and that increasing resilience becomes progressively more challenging
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due to diminishing returns [52].

LCi
t = LCi

0 exp (−ηCi
UCi
t−1,r + uCi

t,rK
Ci
t+1,interim

KCi
t+1,interim

), for i = 1, . . . ,M. (7)

At the same time, the occurrence of climate events are simulated according to Equation 2, and
companies receive updated ESG scores based on Equation 3. Afterwards, companies’ profit margins,
ρCi
t , are computed using Equation 8, factoring in climate-related spendings uCi

t,m, uCi
t,g, uCi

t,r, default
economic growth γ, and losses due to climate events, which are influenced by companies’ climate
vulnerability LCi

t and the number of climate events Xt as defined in Equation 2:

ρCi
t = (1− uCi

t,m − uCi
t,g − uCi

t,r)(1 + γ)(1−XtL
Ci
t )− 1, for i = 1, . . . ,M. (8)

Company capitals KCi
t+1, investor holdings H

Ij

t+1,i, and investor cash positions C
Ij

t+1 are updated
according to Equations 9 to 11. Company capitals KCi

t+1 are updated according to Equation 9 by
scaling the interim capital levels by profit margin.

KCi
t+1 = (1 + ρCi

t )KCi
t+1,interim, for i = 1, . . . ,M. (9)

Equation 10 adjusts investor holdings based on company profit margins in their portfolios.

H
Ij

t+1,i = a
Ij

t,i(1 + ρCi
t )

K
Ij

t

||at||
Ij

1

, for i = 1, . . . ,M, j = 1, . . . , N. (10)

If an investor chooses not to invest, all capital remains as cash, as shown in Equation 11

C
Ij

t+1 =

{
0, if ||at||

Ij

1 ̸= 0

K
Ij

t , if ||at||
Ij

1 = 0
, for j = 1, . . . , N. (11)

Rewards. The single-period reward for company Ci is solely based on its profit margin, given by
rCi
t = KCi

t+1 −KCi
t+1,interim for i = 1, . . . ,M , reflecting the assumption that companies are profit-

driven. The reward for investor Ij is r
Ij

t =
K

Ij
t+1−K

Ij
t

K
Ij
t

+ αIj

∑M
i=1 H

Ij
t+1,iQ

Ci
t+1∑M

i=1 K
Ij
t+1

for j = 1, . . . , N .

The first component is the portfolio return ratio, and the second component represents the weighted
average ESG score of the investor’s portfolio adjusted by the investor’s ESG preference, αIj .

Social Outcome Metrics. We evaluate agent performance based on two key social outcome metrics:
the final climate risk level, P100, defined as P100 = 1 − (1 − Ph

100)(1 − P p
100)(1 − P d

100), and the
total market wealth at the end of the period, W100, defined as W100 =

∑M
i=1 K

Ci
100 +

∑N
j=1 K

Ij

100.

4.4 Implementation details

4.5 Independent-PPO

To test how self-interest agents learn to respond to incentives in the environment, we employ a state-
of-the-art MARL algorithm based on Independent PPO. Each agent has its own policy parameters,
and agents do not share parameters among themselves. This is because we are interested in simulating
companies and investors as independent, selfishly motivated agents that specialize in maximizing
their own expected reward. The policy model is a simple Multi-Layer Perceptron (MLP) network,
with input as the capital, resilience and margin of each company, along with the investments and
capital of each investor. Additional information can be added to the observation. All company and
investor agents share a common observation space. To implement Independent-PPO with different
roles, we built upon the Stable Baseline 3 repository [53]. Each policy model is an MLP network
with two layers of size 256 and 128 and with tanh activation layers, and update each policy after 5
episodes during the training. See Table 1 for more details.

In the default setting, we assign equal amount of initial capitals to companies and investors, which is
a rough representation of the current market. For each experimental scenario, we run the learning
algorithms for 30k episodes, over 3 trials with different random seeds.
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MLP layers Activation layers PPO n_steps PPO learning
rate

PPO entropy
coefficient

Gradient
Clipping

256, 128 tanh 500 3e-5 0.01 0.2
Table 1: IPPO policy training parameters. The rest of the parameters are the default as described in
Stable Baselines 3 [53].
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