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This paper investigates the dynamics behind the catastrophic collapse of the Terra-Luna ecosystem in May
2022, where the TerraUSD stablecoin de-pegged and lost nearly all its value. Using a custom-built simulation
environment, we reproduce the free-market interactions and protocol mechanisms that triggered the crash,
offering a new perspective on the vulnerabilities of algorithmic stablecoins based on the dual-token seigniorage
model. Building on this analysis, we propose four stabilization strategies: Two purely algorithmic mechanisms,
designed to prevent de-pegging and mitigate token hyperinflation, and two hybrid approaches, introducing partial
collateralization through Tether USD (USDT) and bitcoin (BTC) reserves. Our simulations show that these strategies
significantly reduce collapse events under extreme market conditions, with the best improvements ranging
from 60.6% to 95.8%. Additionally, we gained better control over LUNA’s circulating supply. Our simulation
environment showcases how each proposal effectively mitigates systemic risks and enhances stability, thus
providing valuable insights for designing future decentralized algorithmic stablecoins that can withstand market

crises.

1. Introduction

The decentralized finance (DeFi) environment introduces a new
paradigm in the finance sector. It enables unbanked users with smart-
phones and Internet access to engage in financial activities like money
transfer, lending, borrowing, or speculating on synthetic stocks or com-
modities, on a 24/7/365 basis, without the need to involve banks or
other financial institutions [1]. DeFi platforms utilize public and decen-
tralized cryptocurrencies as the primary medium of exchange within
their ecosystems.

The volatility of these digital assets has forced the introduction of
fiat-collateralized stablecoins (fiat-CS). They are cryptocurrencies backed
by a fiat currency or a commodit-typically USD, but also EUR, CHF,
JPY, RMB, KRW, or gold. They dynamically maintain the peg with the
corresponding fiat currency through suitable processes, along with a cer-
tification that, for each collateralized token, there exists a corresponding
amount of value of the fiat currency, deposited in a bank, that can be
redeemed.

Nowadays, we count dozens of fiat-backed stablecoins traded on the
main cryptocurrency exchanges, such as Tether USD (USDT), USD Circle
(USDC), True USD (TUSD), Binance USD (BUSD), and others. Their cap-
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italization and success are increasing over time. They are used as a safe
haven of stability when traders want to exit the volatility turmoil of the
market and control the keys of the owned tokens. This avoids the use of
a centralized exchange, frequently targeted by hacking and theft, which
is the only one able to swap a cryptocurrency for a fiat currency.

The spirit of the DeFi philosophy is that of creating a new paradigm
for a decentralized financial system, totally detached from (central)
banks, financial institutions, and fiat currencies. Unfortunately, fiat-
collateralized stablecoins do not comply with this philosophy, since by
using them, the DeFi sector remains bound to the traditional financial
market via the fiat currency used as collateral.

Another important category within the stablecoin ecosystem is
crypto-collateralized stablecoins (crypto-CS), which is backed by cryp-
tocurrencies rather than fiat currencies. Due to the volatility of cryp-
tocurrencies, these stablecoins require over-collateralization, meaning
that users must deposit collateral exceeding the value of the issued sta-
blecoins. Users are incentivized to buy the stablecoin when its price
falls below the target value, realigning it with the peg. This approach
sticks more closely to the decentralized philosophy of DeFi as it avoids
reliance on fiat currencies, but introduces new challenges regarding ef-
ficient collateral management and resilience under stress conditions.
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It is at this point that algorithmic stablecoins (AS) come into play. They
are coins or tokens whose price is formally anchored to fiat currency
solely by using an algorithmic protocol. More precisely, there are two
different kinds of pure AS pegging mechanisms: Rebasing and seigniorage.

In the rebasing model [2], the stablecoin total supply is not fixed and
is modified adaptively on a regular basis, directly on the wallets of all
users. The general idea is that when the price of the AS is above the par-
ity with the adopted fiat currency-say the USD-it is necessary to increase
the supply, since the demand is high and the token is too scarce. On the
contrary, when the price is below the parity, it is necessary to decrease
the supply, since the demand is low and the token is too abundant. This
implies that a user with, say, 1000 tokens today, could find a greater
amount in their wallet the day after, say 1100, if AS price > $1, without
any action by the user. On the contrary, if AS price < $1, then the wallet
content could be smaller, say 900 tokens. The Ampleforth protocol [2] is
an example of this model.

The seigniorage-or dual-token-model [3] typically has two tokens:
the AS token and the governance token (GT). The AS token is the AS,
while the GT token is used to absorb the volatility of the AS token. This
means that when the AS price < $1, we can profitably burn 1 AS for
$1 worth of GT inside the protocol, which we can sell on the market,
yielding the difference as a profit. This reduces the total supply of AS
and stabilizes the price. On the contrary, when AS price > $1, burning $1
worth of GT can mint 1 AS, which we can sell on the market, yielding the
difference as a profit. This increases the total supply of AS and stabilizes
the price.

The Terra-Luna-or Terra-protocol [3], based on the AS TerraUSD
(UST) and the GT LUNA, is of this kind. This can be seen as one of
the most successful and challenging examples of how to build a decen-
tralized AS. The most successful because it globally collected almost
$60B of capitalization and $20B of total value locked (TVL)-i.e., amount
of USD locked in smart contracts of the DeFi’s protocols-in no more than
15 months between January 2021 and May 2022, in an unprecedented
rush of money induced by the Anchor protocol platform [4], which en-
sured 20% of Annual Percentage Yield for users who were lending UST.
The worst example because more than 90% of the entire market cap
was lost in 7 days between May 9 and May 15, 2022, as a consequence
of a disastrous collapse induced by an irreversible depeg of UST, which
crashed its value to almost zero [5].

The main objective of this paper is to study the dynamics of dual-
token ASs and analyze the conditions that lead to their collapse. Specif-
ically, our main objective is to lay the groundwork for tackling a crucial
question: Is it possible to create a fully decentralized stablecoin that
does not rely on fiat currency as collateral and makes efficient use of
alternative forms of collateral?

This paper offers new insights into the challenges and potential so-
lutions surrounding the design of an AS, taking inspiration from the
infamous rise and fall of the Terra-Luna ecosystem. By revisiting one
of the most ambitious attempts in the DeFi space-an experiment that
soared to nearly $60B in market capitalization only to unravel in a
matter of days-we aim to capture both the promise and pitfalls of AS
protocols. Our goal is to explore what went wrong and to propose vi-
able improvements that could lead to more resilient AS systems.

This study builds upon and extends our previous work in Ref. [6].
We begin by revisiting the Terra-Luna protocol mechanics (Section 2)
and continue by introducing the first key contribution of our paper: a
custom simulation environment built in Matlab® (Section 3). This envi-
ronment reproduces the dynamics of free-market interactions, allowing
users to trade UST and LUNA while exploring various scenarios. By
adjusting key parameters, we can simulate the conditions that precip-
itated UST’s catastrophic collapse, offering a deeper understanding of
the vulnerabilities inherent in seigniorage-based algorithmic stabiliza-
tion mechanisms.

The second major contribution of our paper lies in the development
and evaluation of four distinct stabilization proposals aimed at improv-
ing the resilience of AS protocols (Section 4).
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Table 1
Notation summary for the background section.
Symbol/Term Description
AMM Automated market maker
DEX Decentralized exchange
LP Liquidity pool
VLP Virtual liquidity pool
X,y Reserve balances of the two tokens in a liquidity pool
k Invariant in the constant-product formula (k = x - y)
CpP Invariant for the VLP
Pooly,. Initial quantity of UST in the VLP
Price; yna Market price of LUNA (in USD), updated via oracles

Deviation of the UST amount in the VLP from Poolg,,.
Inverse of the rate at which the VLP is replenished.
Stabilization mechanism accounting for UST supply deviation

PoolRecoveryPeriod
TerraPool,

Our first proposal introduces a re-engineered version of Terra’s orig-
inal stabilization algorithm, addressing some of the flaws that led to
the collapse. Our simulations suggest that this redesign achieves a sig-
nificant reduction in collapse events during extreme market conditions,
demonstrating the potential for enhanced stability.

The second proposal introduces a purely algorithmic queue-based
mechanism designed to prevent GT hyperinflation. This approach op-
erates without external collateral, offering a novel path forward for AS
protocols that seek to maintain stability while minimizing reliance on
traditional financial instruments.

Next, we propose a third solution involving the establishment of a
USDT reserve pool to support the AS token during market stress. This
reserve only partially collateralizes the AS token, ensuring that the pro-
tocol retains its decentralized character while benefiting from added
stability. We experiment with various collateralization levels to assess
their impact on the overall system stability.

Fourthly, we address again GT hyperinflation-one of the core issues
that plagued Terra-by implementing an automated bitcoin (BTC) reserve
pool. Similar to the previous approach, it entails a partial collateraliza-
tion of the AS. However, unlike the previous solution, it does not entirely
rely on fiat-backed stablecoins, aligning more closely with the principles
of DeFi.

We then present the outcomes of our simulations, illustrating the
performance of each stabilization strategy under a variety of market
conditions (Section 5) such as normal and panic scenarios. The paper
concludes with a critical discussion of our findings, highlighting limita-
tions, potential real-world implications, and avenues for future research
to enhance AS stability and mitigate systemic risks (Section 6).

2. Background

In this section, we recall the basics of the Terra-Luna ecosystem.
In Section 2.1, we introduce the concept of automated market makers
(AMMs). Then, in Section 2.2, we discuss the functioning of the Terra
algorithmic market module (TMM) and its role in maintaining the price
stability of UST. Next, in Section 2.3, we analyze the key events that
led to the collapse of Terra-Luna. Finally, in Section 2.4 we provide an
overview of existing research on stablecoins and their significance for
financial stability. A summary of the key symbols used throughout this
section can be found in Table 1.

2.1. AMMs

AMMs, which serve as foundational components in decentralized ex-
changes (DEXs) [7] by allowing the two tokens associated with them to
be swapped, are revolutionizing asset trading through automated de-
centralized processes. Unlike traditional order-book-based exchanges,
AMMs rely on liquidity pools (LP), constituted by the reserve of the
two tokens, that algorithmically pair and maintain the two assets. A
widely adopted pricing mechanism for AMMs is the constant-product for-
mula [8], which ensures that any trade maintains the product of the
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Fig. 1. Strategy used by arbitrageurs in the Terra stabilization protocol.

token balances constant: k = x - y, where x and y are the token reserve
balances of the two tokens, while k is a constant called the invariant of
the pool.

2.2. The Terra stabilization mechanism

The TMM played a central role in maintaining the price stability
of UST. This is the module that provides incentives for arbitrageurs to
mint or burn UST in response to price deviations from the peg [9]. An
arbitrageur is an individual or entity that engages in the practice of ex-
ploiting price discrepancies in different markets to make profits.

When the UST’s market price falls below the peg, e.g., $0.98, arbi-
trageurs can profitably burn 1 UST obtaining automatically $1 worth
of LUNA from the protocol, making a $0.02 profit per UST burnt. Con-
versely, if the UST’s price exceeds the peg, e.g., $1.02, they can burn $1
worth of LUNA and mint 1 UST, again yielding a $0.02 profit. The buy-
ing or selling pressure on UST generated by arbitrageurs helps realign
the value of the stablecoin to the established level of one dollar. This re-
alignment is further supported by the principle of scarcity: The minting
or burning of UST affects its market availability. Specifically, when UST
becomes scarcer, its value tends to increase, while excessive availability
can lead to a decrease in value. A typical example of the application of
this principle is represented by gold and Bitcoin, both of which maintain
high value due to their rarity.

The mechanism just described operates via the protocol’s algorithmic
market-maker, the virtual liquidity pool (VLP), with LUNA’s price sourced
from validator oracles. Fig. 1 illustrates the steps arbitrageurs take to
profit during a de-peg event.

The VLP is implemented by using a variant of the classical constant-
product market-making algorithm [8]. In our formulation, the invariant
CP of the pool is defined as:

1

CP=Pool2 -—
Price; yna

Base

(€Y

Poolg,,. denotes the initial amount of UST allocated in the pool. The
term 1/Price; yya adjusts the invariant in response to fluctuations in the
external market price of LUNA (in USD), as reported by validator ora-
cles. This term ensures that if Price; yy, increases, the effective value
of the invariant decreases, and vice versa. This dynamic adjustment is
critical as it allows the virtual LP to continually rebalance its asset com-
position in accordance with real-time market conditions.

The TMM integrates the TerraPool; stabilization mechanism, with
the parameter 6 indicating the deviation of the UST amount in the VLP
compared to its base size Poolp,.:
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Poolygt = Poolg,. + 6

CpP 2

POOlLUNA = m

The dynamics of 6 play a crucial role in adjusting the liquidity pool
sizes in response to market activities. As swaps happen and the bal-
ance between UST and LUNA quantities shifts, 6 changes to reflect the
deviation from the base pool size. A key aspect of the market module
functionality is its ability to replenish the VLP, progressively bringing
6 back towards zero. The rate of this replenishment is determined by
the PoolRecoveryPeriod parameter, defined in terms of blocks. At the
end of each block-with one block being produced approximately every
6 seconds-6 is updated by changing it to:

1
§=6(1-0-——— 3
< PoolRecoveryPeriod> ®

This formula governs the adjustment of 6, with PoolRecoveryPeriod in-
fluencing the pace of the adjustment.

For example, let Poolg, . = 1,000,000 UST and assume Price; yyp =
100. Then:

2
POOlBase — (106)2 —

= 1010 4
Price; yna 100 @

Cp

If heavy redemptions drive 6 = 200, 000, the pool balances become:
Poolygr = 1,200,000

Pool =L 5 8333.33 2
LONA ™ Poolust ’
A small swap of 1 UST then yields approximately:
Pool; yna 8333.33
= ~ 0.00694 LUNA 6
Poolygr 1,200,000 ©

worth about $0.694, instead of the ideal ﬁ =0.01 LUNA ($1). After
each block, 6 is multiplied by (1 — 1/PoolRecoveryPeriod), gradually
restoring Poolygt toward Poolg,,, and moving the swap yield back to-
ward the full $1 per UST.

The choice of PoolRecoveryPeriod thus involves a critical trade-off.
A small PoolRecoveryPeriod (fast replenishment) means the pool can
reset 6 quickly, but this exposes the GT to the risk of severe dilution
and inflationary pressure. Conversely, a large PoolRecoveryPeriod (slow
replenishment) limits sudden token inflation but may leave the peg
vulnerable in periods of high volatility, as the VLP cannot restore its
capacity fast enough to defend UST stability during a bank-run scenario.

PoolRecoveryPeriod was determined by the Terra community and,
just before the time of the de-pegging event, its value was 36, mean-
ing that a partial replenishment of the VLP occurred every 36 -6 =216
seconds if no transactions took place during this period [9]. Note, as a
consequence, that a full replenishment can be obtained only when the
number of blocks tends to infinity.

2.3. The Terra-Luna collapse

The collapse of the Terra protocol was triggered by a complex series
of events [10]:

1. On May 5, 2022, there was evident selling pressure on UST and
LUNA, indicated by negative hourly log returns. This selling pres-
sure persisted, witnessing a loss of confidence in both cryptocurren-
cies.

2. On May 7, 2022, the stablecoin UST lost its peg with USD after a
coordinated attack on Curve Finance’s Curve-3pool. In this attack,
Terraform Labs first transferred 150 million UST from the Curve-
3CRV pool to the newly established Curve-4pool, which substan-
tially reduced the liquidity available in the original pool. Shortly
thereafter, an anonymous trader executed a swap of 85 million UST
for USDC, exploiting the resulting imbalance. This sudden shift in-
creased UST’s share in the pool from approximately 33% to 66%
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and led to an immediate depreciation of UST to about $0.985. This
LP disruption set the stage for further destabilization, prompting an
intervention from the Luna Foundation Guard to temporarily defend
the peg.

3. Despite this intervention, on May 9, 2022, UST lost its peg for the
second and final time, leading to a significant decrease in both
LUNA and UST prices. This event marked a critical blow to the
stability of the Terra-Luna ecosystem.

4. Finally, on May 11, 2022, an announcement by Do Kwon (co-
founder and CEO of Terraform Labs), presumably representing the
last attempt to defend the peg by endorsing community proposal
1164, was interpreted by the market as a signal of the impending
demise of the Terra-Luna ecosystem. This interpretation caused a
final crash in the market, indicating the collapse of the Terra pro-
tocol.

These events highlight a cascade of failures within the Terra-Luna
protocol, including an irreversible depeg of the UST stablecoin, the loss
of over $50B of capitalization [11], and the collapse of the other two
DeFi platforms involved in the Terra-Luna ecosystem. They are the lend-
ing platform Anchor and the exchange Mirror protocol, which allowed
users to create and trade mirrored assets that mirror the price of stocks
and/or commodities of the real world.

The collapse of the Terra-Luna system can also be interpreted
through the lens of a “bank run” phenomenon. In traditional banking,
a crisis of confidence leads depositors to simultaneously withdraw their
funds, depleting available liquidity and triggering a vicious cycle that
accelerates institutional failure. Similarly, in the context of Terra-Luna,
the sharp drop in LUNA’s market capitalization-which served as the as-
sets backing the liabilities represented by the circulating UST-led to a
significant loss of market confidence. As users perceived that the value
of the backing assets (LUNA) was rapidly declining relative to the out-
standing obligations (UST), they responded by massively selling their
holdings. This exacerbated the depeg and fueled the self-reinforcing
downward spiral typical of a bank run.

2.4. Literature review

Stablecoins have gained interest from researchers across various dis-
ciplines as well as from financial institutions. The literature delves into
their design, mechanisms, and impacts on financial stability, monetary
policy, and regulation.

The European Central Bank Crypto-Assets Task Force tackles the is-
sue of stablecoins in its report n. 247 [12]. Calcaterra et al. [13] studied
the first-order design principles for stablecoins by illustrating the core
design features and their interoperative feedback. The recent Bank for
International Settlements paper n. 141 [14] provided an overview of
the evolution of the stablecoin market over the past decade and ex-
amines whether stablecoins have stayed true to their name in terms
of being “stable”. Ante et al. [15] analyzed 22 peer-reviewed articles,
offering insights into stablecoin types, benefits, risks, and regulatory
challenges. They identify research gaps, notably the lack of robust data
and frameworks for analyzing the stablecoin ecosystem complexities.
Furthermore, recent research by Choi and Kim [16] examined the chal-
lenges and opportunities associated with stablecoins and central bank
digital currency (CBDC). They explore the financial stability implications
of stablecoins and the potential for CBDCs to revolutionize payment in-
frastructures and monetary policies. As for ASs, Clements [17] examined
their fragility, highlighting risks like self-fulfilling runs and coordina-
tion failures. Recent collapses, such as the Terra-Luna incident, bolster
Clements’ argument, prompting questions about designing stablecoins
resilient to high volatility.

The specific ecosystem of Terra-Luna has been the subject of several
studies that explore its unique features and challenges, as well as the
failure that occurred in May 2022.
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Cho [18] explained the collapse of the Terra project by analyzing
the impact of the Anchor protocol on the system stability. Anchor was a
great catalyzer for the demand and supply of UST, but—at the same time—
was one of the responsible for the collapse of the system. Cho shows that,
during the de-pegging event, the UST supply rapidly increased from 2.3B
to 3.4B, contrary to the expected contraction mechanism that should
have reduced the UST supply when the UST price was below the peg.
The article attributes this anomaly to the run on the Anchor protocol,
which allowed users to borrow UST at a low interest rate and sell it on
the market, creating downward pressure on the UST price and upward
pressure on the UST supply. The article by Cho shows that the UST price
on exchanges followed the redeemed value of UST that users could ob-
tain by swapping UST for LUNA and selling it on the market. Cho finds
that the redeemed value of UST was consistently lower than the UST
price on exchanges, indicating that users were undercompensated when
they redeemed UST for LUNA. Cho also finds that the UST price on ex-
changes followed the redeemed value of UST closely, suggesting that
users were arbitraging the price difference by selling UST on the mar-
ket and buying UST on the Terra blockchain. This mechanism played a
significant role in the de-pegging event, as it created a disincentive for
users to hold UST and a downward pressure on the UST price.

Briola et al. [10] quantitatively described the main events that led to
the Terra project failure by reviewing, in a systematic way, news from
heterogeneous social media sources, and discussing the fragility of the
Terra project and its vicious dependence on the Anchor protocol. They
also identify the crash trigger events by analyzing hourly and transaction
data for BTC, LUNA, and UST.

Liu et al. [11] used data from the Terra blockchain and trading data
from exchanges to study the dynamics and interactions of the system.
They show that it was a complex phenomenon that happened across
multiple chains and assets, and that the run on Terra was not due to
market manipulation, but rather to growing concerns about the sustain-
ability of the system.

Kurovskiy and Rostova [19] investigated the collapse of the Terra-
Luna ecosystem by using transaction-level data from the Terra blockchain
and cryptocurrency exchanges, illustrating several flaws in the design
of UST that impeded its price stabilization.

Uhlig [5] developed a novel theory to account for the Terra crash and
uses it to shed light on data. He presents a new methodology to show
how crashes unfold gradually, by introducing the method of quantitative
interpretation.

Ferretti and Furini [20] investigated the collapse of UST through
Twitter as a passive sensor, by analyzing sentiment in tweets to explore
correlations with market value, and highlight the challenge of foreseeing
sudden catastrophic events solely through sentiment analysis.

Recent work on bank runs also offers valuable insights into the
fragility of AS. Adams and Ibert [21] showed how flaws in arbitrage
mechanisms can trigger rapid runs, as seen in the collapse of Iron
Finance-an AS protocol launched on the Polygon blockchain in 2021.
Saengchote and Samphantharak [22] drew parallels between Iron Fi-
nance and TerraUSD, highlighting confidence erosion as a key driver
of destabilization. Krogstrup et al. [23] emphasized the role of digital
technologies in accelerating run dynamics.

3. The simulation environment

Now we present two distinct and independent simulations of the
Terra stability mechanism. The first one investigates the role of the
mechanism in the collapse of Terra-Luna and is rooted in Cho’s
study [18], which highlights the system’s limited redemption capac-
ity. The second model delves into the repercussions of a sudden and
substantial increase in the GT token supply during a collapse, resulting
in its complete devaluation over a short period.

The simulation environment is designed primarily to investigate the
effectiveness of different stability mechanisms for ASs and compare
them. To achieve this, the model integrates and parametrizes several ex-
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Table 2
Notation summary for the simulation environment.
Symbol/Term Description
My, 1, Liquidity pool containing tokens T, and T},
T, T, Tokens traded in the pool (e.g., T}, T, or Ty;)
Q,(n), Q,(n) Respective token balances in the pool at iteration n
k Invariant of the pool: k = Q,(n) - Q,(n)
Ags Gy Input and output token quantities in a swap
P,(n) Price of token T}, at iteration n, given by P,(n) = %::;
Ty Fully collateralized stablecoin pegged to USD ’
T, Algorithmic stablecoin token
T, Volatile token (e.g., LUNA)
p(n) Sell probability at iteration # in the stochastic swap model
A Stochastic variable representing change in sell probability
Hps Op Mean and standard deviation of A, with y, = 0 at equilibrium
p Tolerance threshold for healthy zone deviations in T} price
lowerBound, upperBound Bounds defining the healthy zone for the sell probability p(n)
& Deviation from parity used in calculating Py, (&)
a, t Constants in the definition of the Terra protocol usage probability

ogenous elements — such as token price dynamics, liquidity conditions,
and stochastic user behaviors — that are intended to mimic real-market
scenarios. It is important to note that these parameters have been cho-
sen in an ad hoc manner, based on theoretical considerations and our
preliminary understanding of market mechanisms. Fine-tuning these pa-
rameters with real-world data will be the focus of future studies, which
will aim to validate and enhance the robustness of the model.

The simulation environment will be used in Section 4 to propose
four enhancements to the Terra protocol. The first one consists of a re-
design of the stability mechanism, while the other three have to do with
limiting the LUNA supply growth.

In Section 3.1, we discuss the implementation of a mechanism to
model the price dynamics of the AS and GT tokens. In Section 3.2, we
explain how we estimate the distribution of tokens among users’ wallets,
drawing parallels from existing cryptocurrencies to inform our simula-
tion. In Section 3.3, we introduce the probabilistic approach of token
swaps within LPs, utilizing a random walk model to account for mar-
ket volatility. In Section 3.4, we describe the implementation of the
arbitrage mechanism within our simulation. Finally, in Section 3.5, we
explore the mechanisms underlying panic selling and irrational buying
behaviors in the market, defining specific zones that trigger these be-
haviors during simulated market fluctuations. Key symbols and notation
used in this section are summarized in Table 2.

3.1. Price dynamics through an AMM

To achieve our goals effectively, we need an environment that can
accurately reflect the price changes in the free markets of the exchanges,
for both the AS and the GT tokens, and the dynamics of the Terra stabi-
lizing protocol. This can be done by simulating an AMM, which operates
within discrete time intervals called iterations or samples.

In our simulations, two AMMs (or markets) are implemented: one
that governs the buying and selling of the AS token and the other that
governs the buying and selling of the GT token. During each time inter-
val, a swap occurs within each AMM, influencing simulated token prices.
The impact of these swaps on prices depends on the volume of involved
tokens: Larger volumes have a greater effect on simulated prices, thus
inducing slippage-a difference between the expected price of a trade and
the price at which the trade is actually executed, typically caused by
limited liquidity or large trade sizes relative to the pool.

Let us explore in detail how AMMs are implemented within the simu-
lations. Each AMM is described by an LP Iy 7, composed of two tokens
T, and T;,. At the discrete time instant n, the state of the LP is defined
by:

* Q,(n) and Q,(n), which represent the token balances in the pools
of T, and T, respectively, at iteration n.
* k=0,(n)-Q4(n), which is the invariant at time n.
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In our simulations, we assume zero transaction fees and constant pool
liquidity for simplicity, as these factors are deemed unimportant for our
analysis goals. The LP state at a given time » can be written as:

Ty, 7,(Q,(n). Qy(n)) @)

We can define a swap as a function that operates on the LP state. At time
n, a swap occurs when a trader sells g, units of token 7, into the pool
and buys ¢, units of token T}, from the pool. Concretely, after the swap,
the new reserves are:

Q,(n+1)=0Q,(n +4q,

(®
O,(n+1)=0,(n) —q,
Solving for the output amount g, at time n+ 1 yields:
k k
qp = Qp(n)—OQp(n+1) = 9

0,(m  0Q,m+4,

where k = Q,(n) - Q,(n) is the constant-product invariant.

In an AMM, the token price is measured in terms of the other token
in the LP. Therefore, it is crucial to establish a fixed reference for token
pricing. Here, the reference is USD, serving as a stable benchmark for
analyzing price fluctuations of the AS. As fiat currency cannot be used
in DeFi, we need to make an assumption. Let us designate the other
token as Ty, a fully CS pegged to USD; for example, USDT or USDC. This
allows token values to be expressed in USD, assuming that Ty, maintains
a constant external value of $1 throughout the simulation.

The concept of AS involves a stabilization mechanism that is usually
based on two tokens: the AS token (e.g., UST)-which will be referred to
as T, and the GT token, which is volatile (e.g., LUNA) from now on 7.
Both simulations instantiate the AMM model above by employing two
LPs to emulate the price of the T and T, tokens. The first pool, denoted
by IT%, is designed to simulate the market operations on T, and consists
of T, and Ty,. The second pool, denoted by IT”, replicates the market
dynamics of T}, and consists of T, and Tj;.

Although real-world stablecoin-to-stablecoin pools (e.g., Curve) use
tailored, low-slippage designs, we employ a standard constant-product
AMM for IT° to model UST price dynamics. This simple mechanism cap-
tures key price-impact effects with minimal calibration; investigating
more complex pool architectures is left for future work.

At each time instant n, a swap occurs within IS and IT” thus
altering the prices of T, and T,, the state of the LP is given by
]—ITa’TU (Q,(n),Qy(n)) where T, =T, or T, =T,, and the price P,(n) of
the token T, is determined by the ratio of the quantities of the two to-
kens inside the pool at that specific moment:

0y
O)
This is what Uniswap, the most used DEX with the highest TVL, refers
to as the mid price [24]. It can be viewed as the price at which one could

theoretically trade an infinitesimally small amount of one token for the
other in the pool, without slippage of the price.

P, (n) 10)

3.2. Wallet distribution

The simulation environment imposes the crucial choice of setting
the effective quantities of each token we have to swap to simulate an
ordinary session of the free market or the Terra-Luna redemption pro-
tocol. One possible approach could be that of using information about
the amount of tokens inside the wallet of each user. Since there are
no data about the original distribution of UST and LUNA, we estimated
such data from the distribution of BTC and ETH among addresses within
their respective blockchains [25], under the hypothesis that all the cryp-
tocurrencies show a similar wallet balance distribution. We found that
BTC and ETH balances can be approximated with an exponential distri-
bution with parameter 4, whose probability density function is defined
as follows:
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de=*B if B>0
B,A)= 11
f(B. %) {0 if B<O an

where B represents a given wallet balance and parameter A was ob-
tained using Matlab® fitdist () function, which returns the value of
4 that best fits the provided input data—in our case, the balances of BTC
wallets. The analysis reveals that the majority of the wealth is held by
a few “whales”. For example, at the time of writing over 90% of all Bit-
coins are held in wallets with a balance of more than 1 BTC, with only
four addresses holding more than 100.000 BTC [26].

In each iteration of the simulation, a wallet is randomly selected and
its available balance B is determined. The trade size ¢ is then sampled
from a zero-mean normal distribution, where the standard deviation is
a fraction of B (adjusted by using a volatility scaling parameter). This
distribution is truncated to the interval [0, B]. Drawing ¢ in this way
ensures it is always non-negative and within the wallet balance, while
the spread can widen during crisis scenarios to simulate panic trading.
This approach allows the model to realistically reflect the variability and
heterogeneity of swap sizes.

3.3. Stochastic swaps

The probability of buying or selling a token within an LP is set
by using the stochastic process of a random walk [27], which fully
reflects the intrinsic uncertainty of the market. A random walk rep-
resents the cumulative effect of a sequence of random steps or move-
ments, taken at discrete time intervals, starting from an initial position.
Mathematically, a simple one-dimensional random walk can be defined
as follows. Let (X;),c be a sequence of independent and identically
distributed random variables, with a probability distribution function
P(X;) =P(X,), representing the successive steps taken at discrete time
points t =0, 1,2, ... on the left or the right. The position of the walker at
time ¢ is given by the sum of all the random steps up to that point:

S=Xo+ X, + X+ ...+ X, (12)

In the stochastic swap model presented in this study, a random walk
is employed to determine the probability of a token T to be swapped
within the pool at a given iteration. Let us consider the example of LP
My, 7, At iteration n, T =T, with probability p(n) and T =T, with
probablhty 1 — p(n). So, there are three possible scenarios:

p(n) =
p(n) <
p(n) >

= equilibrium condition
= T, experiences buying pressure 13)

= T, experiences selling pressure

N—= = =

At the beginning of each iteration, p(n) is varied from its current value
by an amount A:

pn+1)=pn)+A (14)

where A is a random variable with a normal distribution ®(u,, ai) such
that its mean value yu, is equal to zero, while its variance ai is a sim-
ulation parameter initialized during the simulation setup that expresses
the market volatility. To ensure that the swap probability remains within
the valid range, we truncate any value of p(n + 1) outside [0, 1] to the
nearest boundary.

At the beginning of the simulations, we suppose that the market is in
a state of equilibrium, hence p(0) = 1 The value of p(n) is subsequently
updated based on Eq. (14), allowing for both positive or negative steps,
which increases or reduces the probability of sale. These price dynamics
are illustrated in Fig. 2, which shows the correlation between the token
price fluctuations and the evolving sell probability. Each iteration pro-
ceeds as follows:

1. Wallet selection: Choose one wallet at random.
2. Swap size: Sample ¢ from a Gaussian distribution truncated to
[0, B], where B is that wallet balance.
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Fig. 2. The top plot illustrates the token price fluctuations over time in a stochas-
tic swap model based on a random walk. The bottom plot depicts the correspond-
ing sell probability throughout the same period.

3. Direction: Decide buy vs. sell for token T, based on probability
p(n).

4. Execution: Apply the swap of size g in the pool, updating Q, and
0,

Although the stochastic swap processes for T, and T, evolve in-
dependently under normal market conditions, the Terra stabilization
mechanism couples their price trajectories. Specifically, deviations in
the price of T trigger minting or burning of 7, via arbitrage operations
(Section 2.2). Thus, there is a dynamic correlation between the prices
of Ty and T,,.

3.4. Arbitrage mechanism implementation

In each iteration, we simulate arbitrage by selecting a random wallet
and estimating the profit from minting or burning based on the current
price deviation of the stablecoin 7. The arbitrageur uses the wallet’s
available T; balance to execute the maximum profitable swap-burning
T, when its price exceeds the peg or burning the GT T, when the price
falls below. This action updates both liquidity pools and embeds the
protocol incentive mechanism directly into our simulation.

3.5. Inducing the collapse

We now have the problem of representing the conditions of a FUD-
Fear, Uncertainty, Doubt-panic sell or of an irrational FOMO-Fear of
Missing Out—buy that can afflict the free market. During the FUD phase,
users who are in a state of panic tend to sell their cryptocurrencies with
great intensity, triggering a bank run. Widespread panic can be triggered
by any external event. In the case of the Terra-Luna ecosystem, it was
the withdrawal of large amounts of UST from the Anchor protocol and
the partial loss of the peg.

We can model this by introducing the concept of panic zone for the
stablecoin. When the market enters the panic zone, a mechanism is
triggered to represent the irrational behavior of users, whose decisions
are driven more by emotions than rationality. Otherwise, we are in the
healthy zone, where the users act as usual, in a normal condition of the
market. It is understood that the stablecoin tends to maintain the peg
inside the healthy zone, while it tends to lose it outside, when entering
the panic zone.

Concerning the pool IT¥, we have implemented two different defini-
tions of panic zones, used in the simulations to represent the behavior
of the buying/selling probability, when hovering over the boundaries
separating the healthy zone from the panic zone of the market. The two
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Fig. 3. Daily high (green) and low (red) intraday prices of UST from January
1 to April 30, 2022. The shaded gray area marks the 95% band defined by the
2.5% and 97.5" percentiles of all daily lows and highs, and the dashed line
indicates the $1 peg. Throughout this period, 95% of intraday prices remained
within [$0.9913, $1.0114].

approaches, respectively, use the price of the stablecoin (Section 3.5.1)
and its probability of sale (Section 3.5.2) to trigger the risk of a collapse
when entering the panic zone.

3.5.1. The variable mean approach based on price

Suppose that at iteration n = 0 the price is set to P (0) = 1. As the
simulation progresses, various buy and sell transactions of T, will occur,
leading to fluctuations in its probability and price based on Egs. (13)
and (14). At iteration n, T is in the healthy zone if:

[1-Pm)|<p withp<l1 (15)

In our simulation, we have set p = 0.05; this implies that the healthy
zone of T covers the interval $0.95< P,(n)< $1.05. When the price of
the AS falls below the lower bound of the healthy zone (P,(n) < $0.95),
the system enters a panic zone, and strong selling pressure is triggered
on T. In this case, we set:

= (1= Py(n)- o, (16)

which is positive and scales with the severity of the depeg, driving
exponential sell-off. For all the other values (P,(n) > $0.95, including
P, (n) > $1.05), we keep u, =0, indicating no panic-driven pressure.

So, when 1 — P, (n) > p we are in the panic zone and the following
market condition holds:

1-P(n)>0 = up,>0 = selling pressure 17

Our choice for p = 0.05 was arbitrary but conservative. Intuitively, nar-
rowing this interval (e.g., to [0.98, 1.02]) would trigger the panic-driven
mechanisms more frequently, potentially leading to a slight increase
in the number of collapses. Conversely, widening the interval (e.g., to
[0.90, 1.10]) would delay or reduce panic responses, lowering collapse
frequency. However, empirical evidence supports the appropriateness
of our choice: Between January 1 and April 30, 2022-the months pre-
ceding the collapse-95% of UST’s intraday prices fell within the interval
[0.9913,1.0114], based on historical prices [28] as illustrated in Fig. 3.
Over the 120-day period, the lowest price recorded was $0.9754 and
the highest was $1.0150. The standard deviation of daily lows and highs
was only $0.0031 and $0.0025, respectively. This confirms that UST was
highly stable during this time, and that our selected “healthy” range of
[0.95,1.05] provides a broad but realistic tolerance band without dis-
torting comparative results across scenarios.

These dynamics are also applied to the volatile token T, as seen
in the May 2022 Terra ecosystem collapse, where LUNA was subjected
to severe selling pressure after the UST depeg. In our implementation,
whenever the stablecoin enters the panic zone, holders of T}, anticipate
dilution-since the stabilization mechanism mints new T, to burn T,—and
respond by selling T, in proportion to the magnitude of the depeg.

This simulation captures the critical moment when the stablecoin
exits the healthy zone and enters a state of collapse, illustrating how
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small deviations from the peg can lead to exponential selling pressure
in both the stablecoin and its collateral token.

3.5.2. The variable probability approach

In the second approach, the sell probability p(n) freely fluctuates as
described in Egs. (13) and (14), when we are in a healthy zone. The only
difference is that now the healthy zone itself is defined in terms of proba-
bilities, more precisely, as the interval lowerBound < p(n) <upperBound.
Outside this interval, we are in the panic zone, and the user behavior
is modeled through a completely different function representing their
irrational mindset, which is an exponential-type function. In our case
lowerBound = 0.3 and upperBound = 0.7, although these values can be
adjusted as needed.

Define now the “/3 zone”, or buy zone, as the market condition in
which p(n) <lowerBound: in this scenario, the demand for buying cryp-
tocurrency is particularly high for various reasons. On the contrary, the
“S zone”, or sell zone, represents the most critical phase of the mar-
ket, in which p(n)>upperBound and the stablecoin risks a collapse. The
scheme illustrated in Fig. 1 is typically not followed when the market
enters zone S. Under normal conditions, when the price of UST falls
below $1, this would present an opportunity to purchase discounted
UST and profit from the arbitrage. However, when the drop is sharp
and the market enters a panic phase, users are primarily focused on of-
floading their existing UST holdings rather than acquiring more to seek
profit-particularly because the value of LUNA received in exchange is
also rapidly declining.

The functions B(d) and S(d) compute the sell probability within the
panic zone:

1
d+a,3

1
Sd= """y )

I4e 7 l+e 7

B(d)=

Here d is the distance from the healthy zone, n is a parameter deter-
mining the slope of the function, and ayz and a5 need to be computed
based on the parameters lowerBound and upperBound fixing the limits
of the healthy zone, so as to align the values of d inside and outside the
interval. More precisely, we have:

a =d if =lowerBound
B d

1+en

19)

a,=d if ! — =upperBound
I+e n
In our case a =a_ as 0.5 — lowerBound = upperBound - 0.5.

Inside the Terra-Luna protocol, the simulation keeps track of the
number of tokens in circulation for both cryptocurrencies and incor-
porates the principle of scarcity by modifying the evolution of the swap
probability p(n) within the market stochastic process. Whenever a to-
ken is minted, a positive deterministic shift-proportional to the minted
quantity—is applied to p(n), increasing the likelihood of a sale. Con-
versely, when a token is burnt, a negative deterministic shift is applied,
increasing the likelihood of a purchase. These shifts are integrated into
the underlying random walk that drives the market behavior, thereby
directly linking token supply dynamics to changes in swap propensity.

The Terra-Luna protocol is not used during each time unit, but its
probability of use Pr,,,(¢) increases with the deviation £ from the peg
value. This is because a larger variation in the price of UST offers greater
profit opportunities for arbitrageurs, who tend to use the protocol more
frequently. The function Pr,(£) is defined as follows:

1
Proa(§)=¢ &' 05405 (20)

with @ and ¢ suitable constants. In our case a = 0.55 and ¢ = 5, while
& = |1 — UST.price| - 10 is the deviation from parity. Eq. (20) assumes
different interpretations depending on whether the price of UST is above
or below the parity. In the former case, the function returns the probabil-
ity of minting UST; in the latter case, the function gives the probability
of burning UST.
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4. Four Terra-Luna stabilization proposals

We now introduce four proposals aimed at improving the stability
of the Terra-Luna protocol, each addressing different aspects of the sys-
tem. In Section 4.1, we propose a modification to the VLP replenishing
mechanism to make it more responsive during periods of peg loss. In
Section 4.2, we present a purely algorithmic queue system to limit the
excessive minting of LUNA without relying on external reserves. In Sec-
tion 4.3, we introduce a USDT reserve pool to stabilize the price during
crises. Finally, in Section 4.4, we describe an automated BTC reserve
pool to counteract the hyperinflation of LUNA.

4.1. Modifying the VLP replenishing mechanism

At the core of Terra’s stabilization mechanism is the VLP [9], which
in our case corresponds to HV‘”“‘“, i.e., the pool containing both the
stable (UST) and the volatile (LLfNA) tokens, respectively. Initially, it
comprises an equal quantity of Pooly,, units for 7, and T,,. In Eq. (3),
we introduced the parameter §, which is equal to the difference between
the current quantity of 7 and the initial baseline quantity Poolg,,, of
T, in the VLP. Under these hypotheses, at each iteration » the invariant
of the VLP, denoted by CP(n), is defined as:

1

CP(}’!) = POOlBaﬁe . m
U

2D

where P, (n) is the market price of the volatile token T, at time . Since
P (n) evolves over time, the pool invariant CP(n) also depends on n. The
corresponding token reserves are then:

Q,(n) =Poolg,,, + 6(n)

— CP()
0,(m= 5"

(22)

Each swap executed within the pool dynamically alters 6(n) and hence
the reserves Q,(n), O, (n).

In the original implementation of the pool replenishing mechanism
of Eq. (3), 6(n) goes down to zero only when n tends to infinity. So, we
suggest a different method that acts similarly, but can bring §(n) to zero
after exactly PoolRecoveryPeriod (RP for short) blocks. The idea is very
simple. Let us consider the scenario where the initial swap within the
pool at time n = 0 involves an amount of x stable tokens T}. Then the
replenishment of x tokens in the VLP is evenly spread among a list of
RP chunks, which will determine 6 in the subsequent RP time instants
of the simulation. More formally, let A be an initially empty vector of
length RP. At the time instant n = 0, after the initial swap of x T}, it is
filled with the RP chunks:

- (55)55)- &)

as a consequence of the swap. The first element A; of A will determine
the value of 5(1) as follows:
5(1)=6(0)— A, 24

In general, when a swap operation takes place within the virtual pool-
denoted by Swap(T}, q), where T; € {T|, T, }-a quantity vector Q is ini-
tialized as Q = [¢q/RP, q/RP,...,q/RP], where |Q| = RP. Consequently,
the update of vector A takes place according to the following procedure:

{A(n):A(n—1)+Q ifT, =T, 25
A =A(n-1)-Q ifT =T,

After this, 6(n) is updated as follows, where now A;(n) is the first ele-
ment of A(n):

6(n)=6(n—1)— Ay(n) (26)
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Finally, the elements of the vector A are shifted left and the last element
is set to zero:
shift
Agpl —— A(n+1)=[A,,A;,...,

A(n)=[A}, Ay, ..., Agp,0] 27)

This process guarantees that, if no swaps occur, the VLP is fully replen-
ished after exactly RP blocks. Based on this setup, the improvement of
the stability we are going to propose pertains to a variant of the VLP
replenishing mechanism suggested above.

If the price of T falls below the peg, we propose to reduce the length
of the replenishing vector A dynamically. The algorithm modifies RP to
accelerate the restoration of the VLP when the price significantly devi-
ates from the peg. The replenishment period is adjusted by examining
the price of the stable token (7T7) relative to a series of thresholds. The
code checks these thresholds iteratively and, based on how far the price
has dropped below the peg, it determines a new length for the restored
vector A. As the price of T drops, RP is decreased, thereby speeding up
the pool replenishment process (i.e., increasing the rate at which § is re-
duced). The shortening of RP is controlled by a set of predefined price
thresholds: in our simulation, we chose to range these thresholds from
0.950 to 0.995. For each crossed threshold, RP is reduced proportion-
ally by shrinking the length of vector A. The procedure to dynamically
adjust RP based on the stablecoin price can be described as follows:

1. Check the price: At each time step, the stablecoin price is compared
against a series of predefined threshold values.

2. Adjust RP: Based on the extent to which the price has fallen below
the peg, the algorithm reduces RP by a proportion of the initial pool
recovery period.

3. Shrink restore vector: The length of A is modified by equally redis-
tributing the remaining value of the excess restore chunks among
the shortened vector. This ensures that the sum of the restore values
remains consistent while accelerating the rate of restoration.

Essentially, in a crisis scenario, the VLP redemption capacity dynam-
ically increases. Given that the variation of 6 correlates directly with
the price Py (n) of T, (as shown in [18]), this modification enables the
system to recover more rapidly from a peg loss.

4.2. Implementing a stochastic queue system against LUNA hyperinflation

This approach aims to limit the excessive minting of LUNA through
a purely algorithmic queue system that does not rely on any collateral.
The hyperinflation of LUNA was one of the main causes of the system
collapse. This queue system can be easily derived by referring to Fig. 1:
queue A gathers all transactions from users who wish to burn their UST
in exchange for LUNA, while queue B collects transactions from those
who want to burn their LUNA to obtain UST.

Queue A is typically used by arbitrageurs when the price of UST falls
below its peg, aiming to generate profit. During the Terra-Luna collapse,
the excessive use of this queue led to the exponential minting of LUNA,
ultimately causing its price to plummet. The idea is to prioritize the
activation of queue B-which triggers the burning of LUNA-by using a
probability function, particularly when the price of UST falls below one
dollar. This approach could incentivize users to burn LUNA in exchange
for UST, as their transaction would likely be processed faster. In contrast,
transactions that mint LUNA are placed in queue A, where they may
experience longer processing times. Note that when some users choose
to burn their own LUNA to mint UST during a depeg event, this action
does not result in a profit: For every one dollar’s worth of LUNA they
burn, they receive one UST-which, at that moment, is worth less than
one dollar. However, users may still pursue this strategy in an effort to
minimize their losses.

In this case as well, the choice of which queue to activate at each
iteration when UST loses its peg is governed by a probability function,
which determines the probability of activating queue B. It is defined as
follows:
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Probability of activating queue B when UST loses its peg
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Fig. 4. Probability of activating queue B in the algorithmic Queue System sta-
bilization proposal.

1
Pg(x)=e GHF -0.5+0.5 (28)

where k determines the slope of the curve and f is a parameter that
adjusts the horizontal position of the function, shifting it left or right.
The multiplication by 0.5 and the addition of 0.5 in the function are
essential to ensure that the codomain is confined between 0.5 and 1.

The independent variable x represents the deviation from parity, in-
dicating how much the price of UST diverges from one dollar, multiplied
by a factor equal to 10. For example, if UST is worth 0.99 dollars, then
x =0.1. The probability of activating queue B increases as the peg loss
becomes more significant. The shape of this function is illustrated in
Fig. 4, with #=0.8 and « = 8.

4.3. Implementing a USDT reserve pool

This improvement involves the implementation of a reserve pool
that the protocol can use to automatically buy back Tj, i.e., UST, if
its price falls below the peg. The reserve pool functions as collateral
for the token T;. The purpose is to utilize this pool during a crisis
to quickly restore Py (n) to the peg. The reserve pool is filled with
R USDT and T in equal quantities. In our simulation, we have set
R =0.10,0.20,0.30 - (total supply T;). If P (n) falls below a threshold
value Try, the protocol uses some of the reserves to buy 7, from IT5.
This mechanism ensures that T can efficiently recover the peg value
even in adverse market conditions, at least as far as the pool has to-
kens to use. At iteration n, the quantity x of USDT to sell is determined
by the following system of equations, derived from Egs. (9) and (10),
where O s(n) is the quantity of T, when P (n) = Try,,,:

x@=é@—%w
O,(n)= /=~

Triow

(29)

Moreover, the reserve pool can also intervene when the stablecoin price
exceeds the peg, i.e., when Py > Try,;, by selling a portion of its 7
holdings in exchange for USDT. This sale increases the supply of T in
I1°, helping to bring the price back to the peg. The amount of T, to be
sold in this scenario can be calculated by using a similar approach as in
the previous case, where the price falls below the peg:

x(n) = Q,(n) — Oy(n)
0= [+ G0

Trhigh

In this case, O s(n) is the quantity of T, when Py (n) = Tryg;,. The ratio
between USDT and T in the reserve pool changes dynamically over time
as the protocol responds to fluctuations in the stablecoin price. When
P, < Try,,,, the reserve pool depletes its USDT to purchase T, increasing
the amount of T held in the pool. Conversely, when P > Try;y,, the
protocol sells T to accumulate more USDT, thereby shifting the balance
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in favor of USDT. This continual adjustment ensures that the protocol
has sufficient liquidity to stabilize P, in both upward and downward
market movements. However, this approach also introduces the risk of
depleting either USDT or T if price deviations persist for an extended
period, potentially limiting the effectiveness of the reserve pool in severe
market crises. The choice of the two threshold values, Tr,, and Try;gp,
is flexible, provided the following condition holds:

Trigw <1< Trpigy (31)

where 1 represents the target peg value in USD. The specific thresholds
determine how sensitive the reserve mechanism is to price fluctuations.
A narrower band helps to maintain the peg more precisely but requires
a larger reserve buffer to support frequent interventions. In contrast,
a wider band conserves reserve resources but may allow the price to
drift further from the peg, especially during rapid market shifts. In our
simulations, we chose to test two different threshold intervals: the first
is [0.95, 1.00] while the second is [0.98, 1.02].

4.4. Implementing a BTC reserve pool against LUNA hyperinflation

This approach is an automatization of the attempt made by the Luna
Foundation Guard to support the value of UST, when during the agitated
phases of the collapse they sold at the market about 80,000 BTC [29].
The proposed solution aims to prevent the hyperinflation of LUNA,
which results from its excessive minting due to the usage pressure of
the Terra-Luna protocol of Fig. 1. It is well known that the number of
LUNA in circulation soared from 340 millions to 6.5 trillions at the end
of the collapse event [30].

When the value of the stablecoin T reaches a critical level, e.g.,
$0.95, a queue system is automatically activated, which involves a re-
serve of BTC. At this point, a user has three options available:

1. Sell their own T directly at the market;

2. Use the classic stabilization protocol, burning 1 7, to obtain $1
worth of the volatile coin T;

3. Burn 1 7 to obtain $1 worth of BTC.

It is necessary to clarify some aspects. For the correct functioning of the
system, the presence of a reliable oracle, which provides the real-time
price of BTC, is essential. Moreover, users will not receive real BTC,
as the latter is a native cryptocurrency of another blockchain. Instead,
they will receive $1 worth of wrapped BTC (wBTC), which is a synthetic
token that represents the ownership of a BTC on a blockchain different
from the original one. Obviously, it is not possible to prevent users from
selling their own AS on the market. However, it is possible to induce
them to undertake option 2 or option 3 through the creation of a double-
queue system: queue A collects transactions of users eager to exchange
T, tokens for BTC, while queue B contains transactions of those who
prefer to normally use the protocol, obtaining $1 worth of T,, for each
T, inserted.

Both options offer the benefit of reducing the circulating supply of
T,, but queue A has the additional advantage of avoiding the minting
of T,. A probability function can govern the mechanism by selecting, at
each time interval, which queue to activate. Both queues follow the First
In First Out principle. The probability function can be a simple logistic
function, which essentially depends on two parameters:

+ The deviation of the price P (n) from the parity;
« The filling percentage of the BTC reserve.

In our simulation, the function P,(x) returns the probability that queue
A is activated. It is defined as follows:
1

Py(x)= Tt oroa (32)
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where k determines the slope of the curve and « establishes the point on
the x-axis where the graph has an inflection point. These parameters can
be manipulated to obtain a function that conforms to one’s preference.
The independent variable x could be set as a combination of the filling
percentage of the BTC reserve and the deviation from parity, e.g., the
product of the two. To reproduce the market context before the collapse
of the Terra-Luna system, the 100% of the reserve could be considered
equal to $1B in BTC. When the reserve is empty, the probability of queue
A being selected is set to zero.

5. Simulation results

We carried out two distinct types of simulations, each differing in
the approach used to model the collapse dynamics.

The first type of simulation applied the variable mean approach
based on price of Section 3.5.1. This method focuses on evaluating the
robustness of the AS price stabilization improvements. Specifically, it as-
sesses the system’s ability to preserve the stablecoin peg during volatile
conditions. We first examine the original Terra protocol under normal
market conditions (Section 5.1), characterized by constant volatility
(o), while varying its redemption capacities. This allows us to fine-tune
simulation parameters for the next phase: We simulate a turbulent mar-
ket environment with increasing volatility to induce a collapse scenario,
aiming to evaluate the effectiveness of the improved VLP replenishing
algorithm (Section 5.2) and the automatic UST reserve pool (Section 5.3)
in maintaining system stability.

The second simulation type implemented the variable probability ap-
proach of Section 3.5.2. It analyzes the effectiveness of the BTC reserve
pool (Section 5.4) and a random queue system (Section 5.5) in prevent-
ing the hyperinflation of GT. Regarding the BTC reserve, we explore its
utility during periods of extreme market stress, providing insights into
how such a reserve can contribute to the overall stability of the system.
Then we analyze the impact of the purely algorithmic queue system,
which prioritizes the minting of UST over LUNA during a crisis scenario.

5.1. Impact of system parameters on stablecoin stability

Firstly, we conducted a series of 100 simulations, each consisting
of 50,000 iterations, with varying constant values for the parameters
oy, PoolRecoveryPeriod (RP), and Poolg,.. This resulted in a com-
prehensive total of 2700 simulation runs. The parameter o, plays a
pivotal role in determining market volatility, while PoolRecoveryPeriod
and Poolg,,, determine the redemption capacity of the stability mech-
anism. In each simulation, T starts at $1, with a total supply SupplyTS

of 1.8542 - 10'0. The initial price of the volatile token is set to P,(0)=
$78.70, with an initial supply Supplyy, of 3.44 - 10% units. The selected
supplies and prices of T and T, correspond to the actual UST and LUNA
supplies as of May 1, 2022 [28]. In contrast, [T and I1" initially consist
of Supplyy -0.77; and Supplyr, -0.7T, respectively.

An event of depegging is set to happen when the price of the stable-
coin (P) deviates by more than 5% from its peg, meaning that the price
falls below 0.95 or goes above 1.05. If the price of the stablecoin falls be-
low 0.90 and, at that point, the stablecoin market cap is higher than the
volatile token market cap, we consider the system to have collapsed. Ta-
ble 3 summarizes the frequency of depegging and collapse events across
different parameter configurations. Fig. 6 illustrates an example of price
behavior of T}, T,, and VLP 6 variation during a simulation.

To assess the system stability under these scenarios, we computed
the mean squared error (MSE) relative to a constant unitary function,
which reflects the extent of price deviations from the T, peg. For each
parameter combination, we recorded the MSE in all 100 runs, then re-
port in Fig. 5 both the average MSE and its 95% confidence interval.
This approach allows us to evaluate the typical price deviation and its
variability across repeated simulations.

In the low-volatility case (6, = 1073, Fig. 5(a)), the average MSE
remains extremely low (on the order of 10~7) for all recovery periods
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and pool sizes, indicating that the original protocol can easily face such
volatility and almost never depegs. However, for the slowest replenish-
ment setting (RP = 5000), the confidence interval widens noticeably:
A small subset of runs experiences transient depegs that drive up the
squared error, even though the majority of runs maintain peg stability.
This variability highlights that, under very low volatility, large RP can
still permit occasional outliers.

At moderate volatility (o, = 1074, Fig. 5(b)), average MSE values
increase slightly (up to 1073), and the influence of pool size becomes
clearer. Shorter recovery periods (RP = 50, 500) produce consistently
tight confidence bands around near-zero MSE, whereas RP = 5000 again
shows a broad interval, reflecting that slower replenishment sometimes
fails to correct price deviations before they amplify, even if most runs
succeed in re-pegging.

Under high volatility (6, = 1073, Fig. 5(c)), all configurations ex-
hibit substantial MSE (order unity and above), and confidence intervals
grow large, signifying high run-to-run variability in collapse timing and
severity. Yet, the trend is clear: increasing Pooly,,, and reducing RP
both lower the average MSE and tighten its confidence interval, con-
firming that greater liquidity and faster recovery robustly mitigate peg
deviations in turbulent markets.

5.2. Effectiveness of the improved replenishing mechanism in maintaining
price stability

In the second series of tests, we conducted 100 simulations with
the goal of inducing the system to collapse by gradually increasing the
volatility o, from 5.00 - 107 to 1.00 - 1073, with a 5.00 - 10~ step ev-
ery iteration and a total of 200,000 iterations. The results are shown in
Table 4 and make it evident that the original implementation of Terra
is unable to withstand such scenarios, with the peg being lost in every
simulation and a collapse occurring in 71 out of 100 simulations. On the
other hand, the modified TerraPools replenishing mechanism yielded
better outcomes, with only 28 collapses and a significant improvement
in the overall stability of the system. This is evident from the reduction
in depeg events (from 100 out of 100 in the original protocol to 78 out
of 100 with the proposed improvement) and the decrease in the average
MSE (from 0.070 to 0.055).

A two-sample t-test comparing the MSE distributions of the improved
mechanism against the original yields a p-value of 0.267 (Welch’s t-test),
indicating that this reduction in MSE is not statistically significant at the
0.05 level.

5.3. Effectiveness of an automatic USDT reserve pool in maintaining price
stability

The partial collateralization of UST, with a threshold interval of
[0.95,1.00], resulted in only a slight reduction in the number of col-
lapses compared to the original implementation. Furthermore, as shown
in Table 4, there is no clear increase in the stability of the system as we
enhance the collateral coverage. This unexpected behavior is related
to the threshold interval choice. Since the UST reserve pool automat-
ically sells UST when P, goes above $1, the stabilization mechanism
is prevented from minting new stablecoins and, consequently, burn-
ing volatile tokens. This implies that the volatile token supply tends
to increase over time, reducing the token price P, and compromising
the effectiveness of the stabilization mechanism. As a consequence, we
chose to try another threshold interval for the UST reserve pool in-
tervention: [0.98, 1.02]. This symmetric interval reduced the likelihood
of early UST sales at prices just above 1, which mitigates the previ-
ous issue where the minting of new stablecoins was restricted. This,
in turn, prevents unchecked growth of the volatile token supply, help-
ing to stabilize both the volatile token price P, and the overall sys-
tem.
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volatility levels o, = 107°,107*,1073, respectively. At low volatility ((a), (b)), average MSE remains near zero but exhibits high variance for slow replenishment
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Table 3

Depeg and collapse rates of the algorithmic stablecoin T under varying market volatility (c,), VLP recovery periods (RP), and base pool sizes.
Each cell reports the percentage of simulations (out of 100) in which T lost its peg (“depeg”) and in which the system collapsed, along with
95% Clopper—Pearson confidence intervals. Results show that under very low volatility (¢ = 107™), no depegs or collapses occur, whereas high
volatility (¢ = 1073) yields the collapse rates between 54% and 72% depending on RP and pool size. Intermediate volatility (¢ = 10~*) produces
sporadic depeg and collapse events only for long recovery periods (RP =5000) with low base pools.

RP Poolg,. o=107 c=10"* c=10"3
100 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 2.00% [0.24,7.04] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 66.00% [55.85,75.18]
50 107 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 59.00% [48.71,68.74]
108 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 69.00% [58.97,77.87]
10° 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 5.00% [1.64,11.28] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 59.00% [48.71,68.74]
500 107 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 3.00% [0.62,8.52] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 64.00% [53.79,73.36]
108 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 61.00% [50.73,70.60]
10° 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 6.00% [2.23,12.60] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 57.00% [46.71,66.86]
5000 107 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 5.00% [1.64,11.28] | 1.00% [0.03,5.45] 100.00% [96.38,100.00] | 54.00% [43.74,64.02]
108 0.00% [0.00,3.62] | 0.00% [0.00,3.62] 1.00% [0.03,5.45] | 0.00% [0.00,3.62] 100.00% [96.38,100.00] | 72.00% [62.13,80.52]

Finally, we combined the improved TerraPools replenishing mecha-
nism with the partial collateralization approach by using the adjusted in-
tervention threshold of [0.98, 1.02]. This combination aimed to leverage
the benefits of both mechanisms: Maintaining stability through targeted
reserve interventions while avoiding excessive volatile token deprecia-
tion. By utilizing our improved VLP replenishing algorithm and imple-
menting a partial collateralization of only 30% of the total T supply,
we achieved a significant reduction in the number of collapses (—95.8%)
and in the average MSE across the simulation set (—94.9%) compared to
the original protocol. These results are summarized in the final row of
Table 4.

11

We performed Welch’s two-sample t-tests on the MSE distributions
of each scenario against the original protocol. For the reserve-pool in-
tervention alone with thresholds Try,,, = 0.98, Try;,, = 1.02, the p-values
were 0.714, 0.664, and 0.00443 for 20%, 40%, and 60% collateraliza-
tion, respectively. When combining the VLP improvement with partial
collateralization, the p-values fell to 0.010100 (20%), 0.000195 (40%),
and 0.000179 (60%). At the a = 0.05 level, only the 60% reserve alone
and all combined interventions achieve statistical significance, confirm-
ing that higher reserve coverage and hybrid designs yield statistically
significant improvements in price stability over the original system.
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Table 4

Number of collapses across 100 simulations, with increasing value of the volatility ¢,, for the original protocol and the first two improvement
proposals. Mean collapse time refers to the average iteration when the system collapsed (i.e., when P, < 0.9 and T, capitalization < T capitalization).
Price stability is measured using the MSE. The terms Try,,, and Try;y, represent the lower and upper bounds of the reserve interval intervention.

Market dynamics are modeled by using the variable mean approach based on price (Section 3.5.1).

Simulation Total collapses Depeg events Mean collapse time MSE

Original 71 100 126,771 0.070
Improved TerraPool, replenishing 28 78 145,437 0.055
UST Reserve Pool 20% (Tr;,,, = 0.95, Tty = 1.00) 58 100 134,641 0.066
UST Reserve Pool 40% (Tr,,, = 0.95, Trye;, = 1.00) 57 100 143,200 0.065
UST Reserve Pool 60% (Try,,, = 0.95, Try;y, = 1.00) 62 100 141,751 0.040
UST Reserve Pool 20% (T, = 0.98, Try,, = 1.02) 40 98 153,008 0.033
UST Reserve Pool 40% (Tr,,, = 0.98, Tryy;, = 1.02) 29 82 163,692 0.025
UST Reserve Pool 60% (Try,,, = 0.98, Try;y, = 1.02) 24 59 175,342 0.016
Improved TerraPool; replenishing + UST Reserve Pool 20% (Tr,,, = 0.98, Try;,, = 1.02) 13 63 157,313 0.020
Improved TerraPool; replenishing + UST Reserve Pool 40% (Tr,,, = 0.98, Try;y, = 1.02) 19 50 175,399 0.013
Improved TerraPool; replenishing + UST Reserve Pool 60% (Tr,,, = 0.98, Try;,, = 1.02) 3 32 178,411 0.004

5.4. Effectiveness of a BTC reserve pool in preventing hyperinflation

As for the BTC Reserve Pool improvement, we performed two sep-
arate sets of tests. The first one involved the use of the Terra standard
stabilization protocol, without any queue system. The second one incor-
porated the queue system described in Section 4.4. In both scenarios, we
conducted 100 runs of the simulation program, monitoring and record-
ing the circulating supply of T,, (LUNA). The results are shown in Fig. 7.

12

5.5. Effectiveness of the stochastic queue system in preventing LUNA
hyperinflation

To test the effectiveness of the stochastic queue system, we perform
two kinds of simulations: the first one with the original Terra-Luna pro-
tocol and the second one with the implementation of the stochastic
queue system described in Section 4.2.

The introduction of a probability function that promotes the burn-
ing of LUNA during a peg loss effectively achieves its goal. In fact, while
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the supply of LUNA dramatically explodes to the order of 10'2 after only
400 time instants using the standard protocol (see Fig. 8), the supply
of LUNA even decreases when we introduce the stochastic queue sys-
tem, as illustrated in Fig. 9. Avoiding the hyperinflation of LUNA helps
to prevent its value from collapsing to zero; However, its value is still
decreasing, albeit at a slower rate. The price trend of LUNA with the
random queue system is illustrated in Fig. 10. The other side of the coin
is that prioritizing queue B-which collects transactions from those who
want to burn their LUNA to obtain UST-leads to an increased minting of
UST, which augments its circulating supply and consequently decreases
its value even more rapidly. Moreover, once arbitrageurs burn LUNA to
obtain UST, they are likely to sell the newly obtained UST, leading to a
further decline in the price of the stablecoin.

However, the circulating supply of UST (see Fig. 11) does not in-
crease as dramatically as that of LUNA, which reached levels in the
trillions. Such a high supply could represent a point of no return and
the fact that this solution does not reach such quantities may be an ad-
vantage. In our simulation, the circulating supply of UST increases by
an average of only 0.15% when implementing the queue system, a neg-
ligible amount compared to the 1,900,000% increase in the supply of
LUNA during the real collapse.

At this point, one might wonder why the increase in UST supply in
the simulation is so restricted, despite the queue system incentivizing
UST minting during a crisis scenario. The reason lies in the mechanism
that allows one UST to be minted by inputting one dollar’s worth of
LUNA into the system. During a collapse, a dollar’s worth of LUNA might
represent a large number of LUNA tokens if its price is plummeting, thus
requiring the burning of many LUNA to mint just one UST.

In reality, however, the opposite occurred more frequently: the
queue system was predominantly used to burn UST in exchange for
minting one dollar’s worth of LUNA for each burnt UST. In this sce-
nario, with LUNA’s price in free fall, burning even a single UST resulted
in minting an enormous quantity of LUNA to reach the equivalent value

of one dollar.
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Nevertheless, it is challenging to raise the price of UST without de-
mand from users. Not reaching such supply levels may still provide
ecosystem designers with the time needed to implement other solutions,
such as scheduled UST purchases.

6. Discussion

The first conclusion we can draw is the structural weakness of the
Terra-Luna protocol, since Table 4 shows an astonishingly high number
of collapses as a consequence of increasing volatility o, of the market
(71 out of 100). Also, the huge number of the circulating supply of LUNA,
of the order of 10'2 as illustrated in Fig. 7(a), is a clear warning of
this structural weakness. Even if a perfect AS should resist all kinds of
market destabilization forces, the improvements we obtain with the four
proposals shed light on the mechanism one could implement to increase
the strength of an AS protocol.

The TerraPools improvement indicates that it is possible to work on
the replenishment protocol with a good rate of success, which results in
a reduction of 60.6% in total collapses (28 collapses out of 100 instead
of 71). Using an automatic USDT reserve pool can help to stabilize the
system, but it is important to choose the activation threshold interval
correctly [Try,,,, Try;gy ] Implementing a symmetric interval can lead to
good results, especially for larger reserves, where we observe a 66.2% re-
duction in the number of collapses. Specifically, the reserve pool config-
urations with 20%, 40%, and 60% total reserve coverage (corresponding
to 10%, 20%, and 30% USDT collateral relative to the total UST supply)
resulted in 40, 29, and 24 collapses out of 100, respectively. Combin-
ing these two techniques can result in a highly resilient system capable
of withstanding extreme market volatility. Specifically, our analysis of
the improved TerraPoolg replenishment mechanism, along with a partial
collateralization strategy covering 30% of the total stablecoin supply, re-
veals that only 3 out of 100 collapses occurred, resulting in a reduction
of 95.8% in total collapses. These failures were not directly caused by the
stablecoin’s mechanics but resulted from a steep decline in the market
capitalization of 7, due to extreme market conditions. This capitaliza-
tion drop preceded the stablecoin’s collapse, highlighting that external
market forces, rather than flaws in the stablecoin protocol itself, were
responsible.

Also, the method of limiting the LUNA supply with the queue system
implementing the BTC Reserve Pool shows a good performance, reduc-
ing to 10° the original supply of LUNA of order 10'2. Note that this huge
supply was the main cause of the crash in the LUNA value and of the
Terra-Luna collapse. Note, moreover, that this last method guarantees
an almost constant value of supply for all simulations. These evaluations
underscore the critical importance of incorporating reserve pools and re-
fining virtual pool replenishing mechanisms to improve the stability of
AS systems in the face of market volatility. The utilization of a reserve
pool provides a significant cushion against adverse market movements,
acting as a stabilizing force during periods of heightened volatility. The
obtained data serve as a clear illustration of the robustness exhibited
by this hybrid collateralized-AS. It effectively demonstrates the coin’s
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ability to resist challenges posed by a highly volatile market. In general,
our solutions extend beyond Terra-Luna, adapting to diverse seigniorage
stablecoin frameworks.

As far as the limitations of our approach are concerned, while the
introduction of a reserve pool shows promising results, it moves away
from the notion of a pure AS, transitioning towards a partially CS model.
An attempt to enhance the resilience of the Terra-Luna ecosystem while
remaining within a purely algorithmic framework is found in the fourth
proposal. The introduced queue system, which prioritizes the burning
of LUNA during de-pegging, effectively helps to prevent hyperinflation
of both LUNA and UST, as their circulating supply does not increase
significantly. However, the value of UST tends to decline more rapidly
due to the increase in its circulating supply and the subsequent sales.
Nevertheless, the supply of both tokens remains limited, which could
be an advantage compared to the original approach.

Future research should address these trade-offs and explore avenues
for optimizing stability while maintaining algorithmic integrity. An-
other limitation is related to the design choices we made. They are an
inevitable approximation of human behavior in financial markets. Any-
way, we tried to be as general as possible in designing these phenomena,
since our simulations are initializable with different parameters, allow-
ing for flexibility in capturing various market conditions and behaviors.
A critical aspect for future explorations lies in refining the parame-
ters and assumptions underlying our simulation model. This could be
achieved by incorporating real-world data and historical market trends.

Moving forward, our research suggests several interesting directions.
Further investigation into alternative replenishment protocols and re-
serve pool mechanisms could yield insights into improving the stability
of this type of the system. Our simulation-based approach could help re-
searchers to effectively design and evaluate new AS protocols, offering
valuable information about their performance and robustness in various
market conditions.

7. Conclusions

This study has investigated the collapse dynamics of the Terra-Luna
ecosystem, emphasizing the role and structural weakness of its stabi-
lization mechanisms. We have employed a simulation environment to
model the Terra-Luna collapse that occurred in May 2022, replicating
both market transactions and protocol-specific activities. By carefully
analyzing the involved parameters, we have been able to recreate the
conditions that led to the deviation from the UST peg and its subsequent
collapse. From our simulations, it is evident that the original Terra-Luna
stabilization protocol suffered from intrinsic weaknesses, as shown by
an alarmingly high rate of collapse under increasing market volatility.
However, by modifying the original Terra protocol, we have demon-
strated potential avenues to significantly improve the stability of AS.
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