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Abstract

This study presents a groundbreaking Systematization of Knowledge (SoK) initiative, focusing on an in-depth exploration of
the dynamics and behavior of traders on perpetual future contracts across both centralized exchanges (CEXs) and decentralized
exchanges (DEXs). We summarize the features of CEXs and DEXs and propose 4 exchange models that govern the operations
of exchanges in different types, allowing for the classification of any exchange into one of these predefined models. Our
research also includes an empirical analysis of traders’ behavior in exchanges of the 4 types of models. On DEX of the
Virtual Automated Market Making (VAMM) Model, open interest on short and long positions exerts effect on price volatility
in opposite direction, attributable to VAMM’s price formation mechanism. In the DEXs with Oracle Pricing Model, we
observed a distinct asymmetry in trader behavior between buyers and sellers. Such asymmetry might stem from uninformed
traders reacting more strongly to positive news than to negative, leading to a tendency to accumulate long positions. This study
sheds light on the potential risks and advantages of using perpetual future contracts within the DeFi space while provides
mathematical basis and empirical insights based on which future theoretical works can be configurated, offering crucial
insights into the rapidly evolving world of blockchain-based financial instruments.
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Introduction ings are implemented among exchanges organized in both

centralized and decentralized manner, within which perpet-
Over the past decade, blockchain technology has undergone  ual futures came to the most prominence with daily trading
swift and substantial development, garnering an extensive  volume of more than 100 billion'. Investors prefer perpet-
user base exceeding 200 million individuals on a global scale. ual future contracts to future contracts, reflected by the far
Among those applications, cryptocurrency derivative trad-  less 24 H volume of future contracts ($1.1 billion), mainly
because of the efficiency of perpetuals in hedging and specu-
lation with high leverage while without the need of delivery
and rollover. Before 2022, investors trade perpetual futures
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ensured, helping guard against the fraudulence incurred in
CEXs.

Although both running perpetual futures, CEXs and DEXs
are considerably different in terms of the order matching,
price discovering, and custody of investors’ fund, leading
to different traders’ behavior and implications on the mar-
ket micro-structure. Unlike the case of CEXs, which adopt
the limit-order book (LOB) to form prices, orders submit-
ted by traders in DEXs are matched with liquidity providers
and the prices are formed based on the relative abundance
of assets in the liquidity pool. The great difference in the
design of market making and price discovering discourages
us from using traditional micro-structure model, e.g., Kyle’s
model (1985) Kyle (1985), to understand DEXs. Therefore,
in this paper, we ask what are the fundamental differences
of the design among DEXs and CEXs carrying perpetual
futures, how those differences affect price formation and
investors’ behavior, and what kinds of empirical implications
can be provided to the potential theoretical models for the
micro-structure of DEXs? To this end, in the first part of this
study, we delineate a detailed Systematization of Knowledge
(SoK) contrasting the operational paradigms of Centralized
Exchanges (CEXs) and Decentralized Exchanges (DEXs)
in the context of perpetual futures trading. We summarize
the features of CEXs and DEXs and propose 4 exchange
models that govern the operations of exchanges in different
types, allowing for the classification of any exchange into
one of these predefined models. In the second part, we exam-
ine traders’ behavior in exchanges under different exchange
models with data from August 2020 to September 2023,
revealing distinctive relationship between price formation
and trader behavior derived from the fundamental design
differences among different exchange models. This study
contributes to the literature by providing a classification stan-
dard for the design of DEXs and CEXs on which perpetual
future contracts are traded, while elaborating the distinc-
tive features of each exchange model. The trading process
and participants’ payoffs are formalized separately for each
exchange model, offering basis on which future works can
be constructed. The pattern revealed by our empirical study
corroborates the differences implied by different exchange
models, constituting the first sort of empirical research on
how traders behave on DEXs and shading lights on potential
theoretical frameworks for DEXSs.

We categorize CEXs and DEXs based on their Custody
Module, with CEXs (CEX Model) managing traders’ funds
off-chain and DEXs (DEX models) recording and managing
funds on-chain via smart contracts. DEXs are further clas-
sified into three exchange models: Hybrid, Oracle Pricing,
and Virtual Market Making (VAMM). The Hybrid Model,
straddling CEX Model and the other DEX models, still
employs limit-order books for trade matching, while the Ora-
cle Pricing Model and VAMM Models utilize smart contracts.
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In the latter two, participants are categorized into active
traders (Traders) and passive liquidity providers (Liquidity
Providers), the latter accepting orders and earning trans-
action fees for their liquidity provision. The decentralized,
transparent nature of DEXs, underpinned by smart contracts,
mitigates risks of misconduct and fraud, highlighting their
advantages.

We investigate the distinct behaviors of traders on exchan-
ges within different models by examining the relationship
between the price volatility of the underlying asset, i.e., Bit-
coin, and various trading activities, i.e., trading volume, open
interest, liquidation, and leverage. We adopt the measure
of intra-day price volatility by Garman and Klass (1980)
and modify the method proposed by Wang (2002) to exam-
ine traders’ behavior while fitting the context of perpetual
future contract trading. Besides, we decompose variables
relating to traders’ behavior into the expected and unex-
pected portion using the ARIMA(p, k, ¢) model according
to Bessembinder and Seguin (1993). Our study encompasses
prominent CEXs such as Binance and Bybit, alongside DEXs
like GMX, GNS, and Perpetual Protocol V2, with the latter
two operating under the Oracle Pricing Model and Perpet-
ual Protocol V2 employing the Virtual Automated Market
Making (VAMM) Model. The empirical evidence shows that,
for CEXs, price volatility is positively related with trading
volumes but negatively related with open interests, consis-
tent with findings in the traditional future markets. While the
effects of trading activity on price volatility in CEXs reflect
the market depth and can be explained by Kyle’s model (Kyle,
1985), the VAMM Model introduces a nuanced dynamic in
the impact of open interest, varying between long and short
positions. This asymmetry is attributable to the VAMM’s
price formation mechanism, where the rate of change in an
asset’s relative price inversely correlates with its abundance
in the liquidity pool. Consequently, market depth increases
with rising open interests in short positions, as the underly-
ing asset accumulates in the liquidity pool, and the reverse
holds true for long positions. While in CEXs and exchange of
VAMM Model traders’ trading activity help form the price,
traders in exchanges of Oracle Pricing Model (GMX and
GNS) accept the price offered by the Oracle and thus act
as pure price takers. Therefore, trading activity should be
interpreted as purely traders’ reaction to the price change of
the underlying asset. When the price becomes more volatile,
trading volumes increase while open interests decrease, with
change in long and short positions different. These empiri-
cal estimations can be explained by the predictions based on
Shalen’s dispersion of beliefs model (1993) (Shalen, 1993),
which address the asymmetry of information traders can
access. We also find that uninformed traders tend to overreact
more to positive news than negative, evidenced by more of
the long positions accumulated.
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This study not only delineates the distinct behavioral
patterns of traders across exchanges of different design
(CEXs and DEXs) but also provides a deeper understand-
ing of the underlying mechanisms driving these behav-
iors, offering valuable insights for future research and
practical applications in the evolving landscape of digi-
tal asset trading. While the primary focus of our research
is on Decentralized Exchanges (DEXs) operating with
perpetual contracts, the findings and theoretical frame-
works developed herein have broader applicability, extend-
ing to other trading paradigms within DEXs that exhibit
the fundamental bifurcation between Traders and Liquid-
ity Providers. This is exemplified in platforms such as
PancakeSwap (https://pancakeswap.finance) and Uniswap
(https://uniswap.org). Furthermore, as the Decentralized
Finance (DeFi) ecosystem evolves, the proliferation of syn-
thetic assets is anticipated to enhance the diversification of
portfolios managed on DEXSs. The insights gleaned from this
study are thus of paramount importance to both academic
researchers and industry practitioners.

This paper is organized into distinct sections for clar-
ity and depth of exploration. “Related literature” provides
a discussion of literature related to our work. “Background”
delineates the foundational principles underpinning perpet-
ual trading within both the realms of Decentralized Finance
(DeFi) and Centralized Finance (CeFi). In “Systematization
of knowledge: perpetual trading exchanges and on-chain pro-
tocols,” we present a systematic and exhaustive survey of
the various models associated with perpetual futures, framed
within a Systematization of Knowledge (SoK) approach.
“Empirical analysis of traders’ behavior” embarks on an
empirical investigation into the trading behaviors exhib-
ited on five prominent perpetual futures platforms: GMX,
GNS, Perpetual Protocol V2, Binance, and Bybit. The paper
culminates with “Conclusion,” where we offer conclud-
ing observations and reflections on the implications of our
findings for the broader field of blockchain-based finan-
cial instruments and their role in the evolving landscape of
finance.

Related literature

In board terms, our study relates to three sorts of literature:
those examining DeFi, cryptocurrency future contracts, and
Automated Market Making (AMM). The literature on DeFi
includes works discussing the fragility and inefficiency of
the DeFi lending platforms (e.g., Chiu et al. (2022); Lehar
and Parlour (2022); Rivera et al. (2023)), those examining
the liquidation and leverage risks (e.g., Green et al. (2022);
Heimbach and Huang (2023); Kozhan and Viswanath-Natraj
(2021); Perezetal. (2021); Qin et al. (2021); Schaible (2022);
Warmuz et al. (2022); Ramirez and Sanchez (2023)), and the

ones comparing DeFi and CeFi platforms (e.g., Schuler et
al. (2023); Qin et al. (2021)). Qin et al. (2021) investigated
four major DeFi protocols involving lending (MakerDAO?,
dYdX*, Aave’, and Compound®), revealing that liquida-
tors can optimize strategies to maximize profits, potentially
increasing borrowers’ losses during liquidations. It under-
scores the inherent risks and instabilities in DeFi markets,
particularly through the lens of liquidation mechanics and
their impact on market dynamics. Later, Wang et al. (2022)
analyzed the risks associated with on-chain leverage in the
DeFi sector by formalizing a model for under-collateralized
DeFi lending platforms. They provide evidence that high lev-
els of leverage can lead to significant risks and instabilities.
Since liquidation risk is also considered as one of the major
risks of perpetual futures, this study evaluates differences in
traders’ behavior in CEXs and DEXs revealed by liquida-
tion. You can also find the systematic literature review on
decentralized finance conducted by Gramlich et al. (2023).

Existing literature evaluates cryptocurrency future con-
tracts mainly in terms of their relationship with the spot
market. Akyildirim et al. (2020) studied the impact of Bitcoin
futures on the cryptocurrency market, particularly the intro-
duction of CME and CBOE futures contracts in December
2017. Alexander et al. (2020) found that BitMEX deriva-
tives lead the price discovery process over major Bitcoin spot
exchanges. Hung et al. (2021) identifies substantial pricing
effects and breakpoints in market efficiency, indicating the
dominant role of Bitcoin futures in price discovery compared
to spot markets. As a special case of future contracts, perpet-
ual future contracts are scarcely investigated, although with
much higher trading volume. Besides the theoretical discus-
sion on the arbitrage between perpetual future markets and
spot markets He et al. (2022), there lacks enough empirical
works examining perpetual future traders’ behavior, espe-
cially in DEXs. After the pioneering work by Soska et al.
(2021), which conducted the first analysis on the investor
profile for perpetual future contracts in BitMEX i.e., a CEX,
Alexander et al. (2023) constructed the optimal hedging strat-
egy with empirical corroboration.

Since some DEXs of perpetual futures adopt VAMM
Model, which utilize AMM as the core, our study also shed
lights on the effect of traders specifically derived by AMM.
There is a emerging sort of research on the economic implica-
tion of AMM, most of which, however, focus on the incentive
of liquidity provision, driven by the relationship between
transaction fee and impermanent loss (e.g., Milionis et al.
(2022); Hasbrouck et al. (2023); Lehar and Parlour (2021);
Capponi and Jia (2021)). While the limited existing empirical

3 https://makerdao.com/.
4 https://dydx.exchange/.
3 https://aave.com/.

6 https://compound.finance/.
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studies are based on the spot market (Lehar & Parlour, 2021;
Han et al., 2022), i.e., Uniswap, our study contributes to the
understanding of AMM by conducting the first analysis on
the future market supported by AMM from the perspective
of traders, enlightening the effect driven by AMM in a new
context. As Uniswap and its AMM only consist of a subset
of DEXs, while other forms of DEXs, i.e., the Hybrid and
Oracle Model in this work, have not been reached by the cur-
rent studies, our study also contributes by clearly defining
and examining the implication of decentralization to differ-
ent extent in exchanges.

Background

In this section, we elucidate the foundational principles of
perpetual trading in both Decentralized Finance (DeFi) and
Centralized Finance (CeFi), indispensable for comprehend-
ing the innovations discussed in this paper. You can refer
Table 1 for all the Acronyms.

Perpetual futures

Perpetual futures, a brainchild proposed by Robert J. Shiller
in Shiller (1993), found their foray into the cryptocurrency
trading market via BitMEX in 2016 (https://bitmex.com/).
These futures, a distinctive variant of the traditional futures
contract, eschew a fixed delivery date, thereby allowing for
an indefinite tenure without necessitating contract rollovers
as expiration looms.

In traditional futures contracts, the basis, or the price dif-
ferential between the futures and the spot price, progressively
narrows as the contract nears its expiration date, a phe-
nomenon predominantly influenced by arbitrage activities.

Table 1 Acronyms summary

AMM Automated Market Maker

BTC Bitcoin

CeFi Centralized Finance

CEX Centralized Exchange

DeFi Decentralized Finance

DEX Decentralized Exchange

ETH Ethereum

LOB Limit-Order Book

LP Liquidity Provider

MEV Maximal Extractable Value

PNL Profit and Loss

TPS Transaction Processing Capacity Per Second
VAMM Virtual Automated Market Maker
ZK Zero Knowledge

@ Springer

In contrast, perpetual futures contracts, which lack a prede-
termined expiration date, implement a mechanism known as
funding fees to align their trading prices with the underly-
ing spot prices. This mechanism operates within a specified
interval, wherein the exchange imposes funding fees on either
long or short positions, redistributing these fees to the coun-
terparty. The magnitude and direction of the funding rate are
contingent upon the prevailing disparity between the prices
in the perpetual futures and spot markets. For example, a
scenario where the perpetual futures price exceeds the spot
market price results in a positive funding rate, necessitating
long positions to compensate short positions through funding
fees. The extent of the price discrepancy directly influences
the funding rate, thereby determining the proportional fund-
ing fees imposed on long positions (He et al., 2022).

Another significant characteristic of perpetual futures is
the provision of higher leverage. For BTC-USD perpetual
contract trading pairs, BitMEX supports a maximum lever-
age of up to 100x, while some smaller exchanges even offer
leverage of up to 1001x”’. In contrast, for BTC delivery
futures, major exchanges typically offer a maximum leverage
of only 25x.

As of recent, perpetual futures have burgeoned as the most
coveted financial derivative in the cryptocurrency market. In
the years 2021 and 2022, the nominal trading volume for Bit-
coin perpetual futures achieved $51,989bn and $39,806bn,
respectively (He et al., 2022), significantly surpassing other
derivative transactions, including options®.

Notwithstanding, a sizable fraction of perpetual futures
trading is on centralized platforms, leading many traders to
harbor reservations regarding the inherent risks of centralized
trading. However, courtesy of DeFi, traders can now partici-
pate in perpetual futures trading on decentralized platforms.
While CEXSs substantially eclipse DEXs in terms of nomi-
nal trading volume, the growth rate of DEX trading volume
significantly outpaces that of CEX. Prevalent perpetual DEX
frameworks encompass the Hybrid Model, Oracle Pricing
Model, and VAMM Model.

Ethereum

Ethereum, conceptualized by Buterin (2014), epitomizes a
blockchain furnished with an integral Turing-complete pro-
gramming language and has subsequently ascended as the
preeminent widely utilized public chain. Ethereum endeav-
ors to instantiate an alternative protocol for the development
of decentralized applications, as delineated in its whitepa-
per (Buterin, 2014). It facilitates users to instantiate and run
smart contracts on its decentralized framework. Through the

7 On ApolloX DEX (https://www.apollox.finance/en), users can use
leverage up to 1001 x in Degen Mode.

8 https://www.theblock.co/data/crypto-markets/options.


https://bitmex.com/
https://www.apollox.finance/en
https://www.theblock.co/data/crypto-markets/options

Electronic Markets (2024) 34:35

Page50f36 35

agency of these smart contracts, developers are empowered to
devise multifarious programs to articulate varied application
logic, thereby proliferating a vast spectrum of internet-based
applications.

Decentralized Finance (DeFi)

Decentralized Finance, abbreviated as DeFi, characterizes a
financial paradigm anchored in the robustness and immutabil-
ity of distributed ledger technology (Gudgeon et al., 2020).
In terms of capital, a preponderance of DeFi DApps are
architectured on Ethereum’s infrastructure. As of Decem-
ber 2021, the aggregated value locked in DeFi reached a
peak of over $178 billion, primarily concentrated on the
Ethereum blockchain. These DeFi DApps capacitate users to
fulfill many financial objectives, like Spot trading, Lending,
Liquidity Staking, and Derivative trading, simultaneously
proffering features not present in CeFi instruments, notably
trustless asset custody and complete transparency.

Decentralized Exchange (DEX) and Centralized
Exchange (CEX)

Two distinct categories of trading platforms facilitate the
exchange of blockchain assets: Centralized Exchanges (CEX)
and Decentralized Exchanges (DEX). Centralized exchanges,
or CEXs, are under the purview of a singular corporate
entity, while decentralized exchanges, or DEXs, facilitate
trading devoid of intermediaries. A substantial portion of
DEXs found their inception within the Ethereum network.
Noteworthy is the fact that decentralized exchanges function
in a manner that avoids single-entity ownership and oper-
ation. Among these DEXs, Uniswap (https://uniswap.org)
stands out for its pioneering deployment of a novel trad-
ing paradigm denoted as an automatic liquidity protocol.
Launched in 2018, the Uniswap platform extends sup-
port to a comprehensive spectrum of ERC-20 tokens and
interfaces seamlessly with decentralized wallet services,
including MetaMask (https://metamask.io) and WalletCon-
nect (https://walletconnect.com).

Conversely, Binance (https://www.binance.com/en) oper-
ates as a CEX and does not exercise control over or administer
PancakeSwap. PancakeSwap closely mirrors the operational
framework of Uniswap. It is specifically tailored for BEP-20
tokens operating on the Binance Smart Chain, characterized
by superior transaction speed and significantly reduced fees.

Stablecoins

A stable currency is a digital currency with a relatively stable
market price and is legal tender in the digital currency market.
Stablecoins were born out of excessive price volatility in the
digital currency market, which required a relatively stable

digital currency to provide liquidity and serve as a benchmark
for other funds. At the same time, a currency in the virtual
world is connected to assets in real life, and the first stable
currency issued by USDT emerged as a bridge connecting
real assets and serving as a safe-haven product in the digital
currency market when the market experiences large capital
outflows.

USDT is a stable currency issued by the Tether company
(https://tether.to/en/) and is currently the largest stable cur-
rency in circulation. USDC is a stable currency issued by
Circle. DAI is a decentralized stable currency issued on the
Ether chain. USDT and USDC operate by collateralizing the
U.S. dollar and guaranteeing 1:1 payment.

Price oracles

Given the constraints of blockchains in accessing off-chain
data, DeFi DApps invariably require certain centralized
mechanisms, colloquially termed ’Oracles’. Price Oracles
predominantly extract recent transactional data from preemi-
nent exchanges, calculate a weighted average price governed
by certain criteria, and subsequently dispatch this data to
smart contracts, serving as a conduit between DeFi and the
external environment.

Liquidity provider

Liquidity Providers, pivotal constituents in the DeFi ecosys-
tem, possessing specific assets, contribute them to Liquidity
Pools orchestrated by smart contracts. This facilitates cater-
ing to the liquidity requisites of diverse traders in scenarios
including lending, spot trading, and derivatives trading.
Simultaneously, these Liquidity Providers levy various fees
from traders.

Automated Market Maker (AMM)

Centralized exchanges predominantly utilize the limit order-
book model (LOB) for the processes of price discovery
and order matching, harmonizing buyers’ propositions with
sellers’ offerings. Conversely, decentralized exchanges have
gravitated towards the Automated Market Maker (AMM)
owing to its congruence with blockchains of lower through-
put. The AMM smart contract, dictated by a prespecified
algorithm, ascertains particular trading prices and taps into
the reserves of liquidity providers to accommodate traders’
transactional needs.

Uniswap, the most prominent spot decentralized exchange
on the Ethereum network, employs the constant product
market maker (CPMM) (Zinsmeister & Robinson, 2020).
CPMMs are based on the function x X y = k, x and y
denote the quantities of two distinct tokens in the liquid-
ity pool, and their product, k, represents the pool’s liquidity
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depth. In this model, a transaction results in an increase in one
token’s quantity and a corresponding decrease in the other,
maintaining the constancy of their product. This mechanism
ensures liquidity equilibrium within the pool during trading
activities.

Maximal Extractable Value (MEV)

Maximal (or Miner) Extractable Value (MEV) refers to rev-
enue obtained beyond transaction fees and block rewards
by manipulating transaction order on blockchain networks.
It arises whenever a party, like validators in Ethereum,
or sequencers in Layer 2 solutions, controls transaction
sequencing. MEV extraction primarily occurs through front-
running attacks, where parties observe transactions in the
public mempool to exploit profitable opportunities like
arbitrages, liquidations, and mispriced NFTs. To ensure exe-
cution of their profitable transactions at a high priority,
adversaries offer high transaction fees to the block proposer
or sequencing party via public mempool or private channels.
Since 15th September, 2022 (Ethereum Mergeg), more than
421,000 ETH has been distributed through MEV-Boost!?,
which is a MEV auction channel.

Systematization of knowledge: perpetual
trading exchanges and on-chain protocols
In this section, we illustrate designs of the perpetual future

contracts trading system for DEXs and CEXs, with emphasis
on their differences and similarities. In “Fundamental ter-

9 https://ethereum.org/roadmap/merge.

10 https://mevboost.pics/.
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minology and concepts,” we delineate the key stakeholders
and elements of perpetual exchange systems, as illustrated
in Fig. 1. We formalize the perpetual exchange model using
the notations in Table 2. Secondly, we summarized the dif-
ferences between various models in “Model of exchange
systems.” Subsequently, in “Centralized exchange model” to
“Virtual Auto Market Making (VAMM) model,” we present
the distinct architectures of each model through system dia-
grams. Then, we characterize the unique properties of each
model using mathematical formulations. Furthermore, utiliz-
ing a specific case, we elaborate on the operational processes
of each model.

Fundamental terminology and concepts

The key stakeholders and elements are as follows:

e Traders: Individuals or entities engaged in the purchase
and sale of perpetual contracts. These traders furnish col-
lateral to maintain and manage their positions through the
trading of such contracts.

e Custody Module: This module is responsible for ensur-
ing the security of assets across all trader accounts. It
consistently updates and retains the latest balance details
and facilitates both deposit and withdrawal operations
initiated by traders.

e Matching Module: This module is entrusted with storing,
correlating, and executing purchase and sale orders of
contracts.

e Risk Control Module: This module is vital for assessing
and supervising the position of every trader account, con-
tingent on the orders that have been executed. Its role is
pivotal in ascertaining that the provided collateral is suffi-
cient to offset potential deficits. Furthermore, in specific
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Table 2 Notation summary

Notations Definitions

EX Perpetual contract trading exchange

0; =(U,QC) An order that provides asset C as collateral to trade the underlying asset U

Und(O;) Amount of underlying asset in O;, positive values indicate long, while negative values indicate short

Coll(0;) Amount of collateral asset in O;

PU=C(0;) Price of U in the unit of C in O;

TF(O;) Transaction fees of O;

P;=(U,C) A position that provides asset C as collateral to hold the exposure on underlying asset U

E/(Pj) Amount of net exposure in the unit of U in P; at time 7, positive values indicate long, while negative values indicate
short

Coll,(Pj) Amount of collateral in P; at time ¢

PYV=C(pP)) Average holding price of U in the unit of C in P; at time ¢

MR;(P;) Margin ratio of P; at time ¢

PnL,(Pj) Profit and loss in P; at time ¢, positive values indicate profit, while negative values indicate loss

LP(Prig;) Liquidation penalty of P;

FFy— (P) Funding fees of P; from 7 to 7|

BFyy—, (P) Borrowing fees of P; from # to

MR, (U) Maintenance margin ratio of underlying asset U

FR, Funding fees rate at time 7, positive rate indicates payment from long to short, while negative rate indicates payment
from short to long

BR; Borrowing fees rate at time ¢

TRiq Transaction fees rate of a trader

PtU_’C Price of underlying asset in the unit of collateral at time ¢

WV, (Tiyq) Withdrawable value in USD of a trader

VL,(LPig) Value in USD of the liquidity that a liquidity provider provided at time #

Via=(VA, VD, C) A vault

VA/(Vig) Amount of virtual token in asset sheet of V;4 at time ¢

VD;(Viq) Amount of virtual token in debt sheet of V;; at time ¢

Coll; (Vig) Amount of collateral in V;,4 at time ¢

LP(Vig) Liquidation penalty of V;4

IL(VEP) Impermanent loss from providing liquidity of V;4 at time ¢

TF,(VléP ) Transaction fees earned by providing liquidity of V;4 at time ¢

scenarios, it assumes control of a trader’s position and
proceeds with its liquidation.

We delineate a formalized model of perpetual contract
trading. Additionally, Table 2 is presented to encapsulate and
summarize the notations employed throughout this paper.

We denote a perpetual contract trading exchange as EX =
(U, C, T, P), where U denotes the set of underlying assets;
C denotes the set of collateral assets; T denotes the set of
traders; IP denotes the set of positions.

Next, we define the most fundamental element in trading,
the order, as O; = (U, C), where the i-th order is based
on U in U and C in C. For each order, three key variables
are considered: Und(0O;) indicates the underlying asset and
quantity of the i-th order, with positive values indicating long
and negative values indicating short; Coll(O;) represents the

amount of collateral provided by the trader for the order;
PU=C(0;) denotes the execution price of the order. The
Jj-th position, denoted as P;, is a compilation of a set of
k executed orders. Therefore, the net exposure of the j-th
position at time ¢ can be represented as

k
E/(P) =) Und(0). ¢))
i=1

The margin ratio M R, (P;) of the j-th position at time ¢
can be represented as

PU=C x |E(P)]
Coll,(Pj)

MR, (Pj) = x 100%. 2)

@ Springer
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Table 3 Comparison of different exchange models

Type Custody Matching Risk control Counterparty Pricing
CEX Hot and cold wallet Off-chain server Off-chain server Traders Limit-order-book
Hybrid Smart contract Off-chain server Off-chain server Traders Limit-order-book
Oracle Pricing Smart contract Smart contract Off-chain keepers Liquidity providers Oracle
VAMM Smart contract Smart contract Off-chain keepers Liquidity providers AMM Algorithm

When M R,(Pj) is less than MR,,,,-,,(Upj), which is the
maintenance margin ratio required by the exchange, P; will
be taken over by the exchange and liquidated at an appropriate
time.

When P; is liquidated, the collateral is not only used to
cover losses but also incurs a liquidation penalty charged by
the exchange!!. This fee is also referred to as the Insurance
Clearance fee in some exchanges'?. As different exchanges
have diverse methods for calculating the liquidation penalty,
we do not provide a unified formula, rather denoting it simply
as LP(PL,'qj).

In addition, the average holding price PZU”C of the j-th
position at time ¢ can be represented as

YK (Und(05) x PU=C(0y)

' ! Sk Und(0y)

. A3)

The profit and loss (P&L) of the j-th position at time ¢
can be represented as

PnL,(P) = (PV7C — PU7C(P))) x E/(P)). 4)

From 1y to 1, the funding fee paid or received by a trader
for their held positions P; can be represented as

a1
FFiyq, (P) = Y (FR, x E/(P}) x PV~9), )

t=to

where F' R, denotes the funding rate.
The trading fees paid by a trader for the orders O; can be
represented as

TE(O;) = T Rig x |Und(0;)|x PU~C(0y), (©6)

where T R;; is the transaction fee rate for the id-th trader.
At time t, for the id-th Trader who executed k orders to

open n positions, where m positions (Liq, ..., Lig,,) were

liquidated and (n — m) positions were closed actively, then

T https://help.dydx.exchange/en/articles/4797401-perpetual-contract-
liquidations.

12 https://www.binance.com/en/support/fag/liquidation-protocols-360
033525271.

@ Springer

the withdrawable value he can ultimately access at time ¢ can
be represented as

n n m
WV, (Ti)=) _ Coll(Pj)+» _PnL;(P)—> LP(PLi)
j=1 j=1 =1

n k
— > FFy(P) = ) _TR(O).
j=1 i=1
(7N
Model of exchange systems

The modules employed by different trading systems (mod-
els) vary significantly. In Table 3, we provide a horizontal
comparison across five dimensions: custody, matching, risk
control, counterparty, and pricing. In Fig. 2, we compare the
efficiency and centrality of transaction processing among dif-
ferent models. In addition, we compared MEV transparency
among these models.

TPS CEX Model

Hybrid Model

dx/dX

A\ GMX

VvAMM Model

9 Perpetual Protocol

Centrality

Fig. 2 Transaction Per Section (TPS) and Centrality Compari-
son. In this figure, under each model, there exemplifies a corre-
sponding exchange. CEX Model: Binance; Hybrid Model: dYdX
(https://dydx.exchange); Oracle Pricing Model: GMX (https://gmx.io);
and VAMM Model: Perpetual Protocol V2 (https://perp.com)
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https://help.dydx.exchange/en/articles/4797401-perpetual-contract-liquidations
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The Custody Module assumes a central role in demarcat-
ing the distinct classifications within the realm of perpetual
futures exchanges. Those that employ centralized custody
solutions are classified as Centralized Exchanges (CEX),
whereas those that abstain from such practices fall under
the rubric of Decentralized Exchanges (DEX). Within the
domain of DEX, further subdivisions emerge contingent
upon factors encompassing order matching, price determi-
nation, and counterpart matching, resulting in to the Hybrid
Model, Oracle Pricing Model, and Virtual Auto Market Mak-
ing (VAMM) Model.

The CEX Model closely resembles traditional financial
practices. Apart from deposits and withdrawals, it makes lim-
ited use of blockchain technology. The technology stack used
for custody of client funds, order matching, settlement, risk
assessment, and control closely aligns with traditional finan-
cial practices. Due to the imperfect state of infrastructure and
regulatory rules in the cryptocurrency trading industry, CEX
often combines the functions of custody banks, traditional
exchanges, clearinghouses, and brokerage entities.

In contrast, the Hybrid Model harnesses smart contracts
for custody and settlement processes, while retaining certain
centralized elements. Notably, off-chain servers persist in
facilitating order matching and counterparty matching func-
tions.

The Oracle Pricing Model and VAMM Model gravitate
toward a greater degree of decentralization. Both models
leverage smart contracts for order matching, with Liquid-
ity Providers assuming the role of direct counterparties to
traders, engendering an indirect mode of trade execution
among traders. Nevertheless, it is imperative to acknowledge
that both models still rely upon centralized constituents. The
involvement of Oracles and Keepers in the Risk Control Mod-
ule remains a requisite for effecting the liquidation process.
Moreover, the Oracle Pricing Model hinges upon Oracles for
the determination of precise trade prices.

The augmentation of decentralization engenders certain
trade-offs. While diminishing reliance on centralized compo-
nents can mitigate specific security vulnerabilities and fortify
resistance against censorship, it concurrently imposes con-
straints on the exchange’s transaction processing capacity
per second (TPS). As one progresses from the CEX Model
to the Hybrid Model, Oracle Pricing Model, and VAMM
Model, the degrees of centralization diminish. However, cor-
respondingly, the ability to handle transactions experiences
a commensurate decline due to the TPS limitations inherent
in the underlying blockchain network, as shown in Fig. 2.
Consequently, blockchain developers have embarked upon
the development of diverse technologies aimed at enhancing
throughput and efficiency. For instance, Scroll'? constitutes
a zero-knowledge scaling solution tailored for Ethereum

13 https://scroll.iof.

(zkEVM), characterized by diminished costs, accelerated
transaction speeds, and infinite scalability, all without com-
promising the twin tenets of security and decentralization.

In CEX, MEV extraction and allocation are opaque. In
contrast, except for the Hybrid Model, MEV extraction and
allocation are relatively transparent in DEX. For the CEX
Model and the Hybrid Model, since trades are matched within
centralized servers and original trade data is not publicly dis-
closed, exchanges have significant autonomy in determining
which orders to prioritize. In theory, exchanges can arbitrage
from this or even prioritize trades from deeply collaborating
market makers.!4

For the Oracle Pricing Model and the VAMM Model, since
trades are executed by smart contracts on the blockchain, the
operations of traders extracting MEV are often traceable.
For example, a trader in GMX once exploit a vulnerability
in the Oracle Pricing Model mechanism and low liquidity in
the AVAX-USDT trading pair on Binance to extract MEV
across exchanges. !’

Centralized exchange model

Considering that the CEX Model closely resembles tradi-
tional commodity futures exchanges, we will prioritize its
introduction. Building upon the CEX Model as a foundation,
we will emphasize the differences among CEX Model and
other models.

Architectures

In accordance with Fig. 1, we provide an enhanced delin-
eation and representation of the constituents and stakeholders
in the Centralized Exchange Model, as depicted in Fig. 3,
where diamonds represent on-chain smart contracts, rect-
angles represent off-chain databases, and ellipses represent
off-chain servers.

Within a Centralized Exchange, traders can be bifurcated
into two primary categories:

1. Retail Traders: These are users who interact via the front-
end interface provisioned by the exchange.

2. API Traders: Engaging through the API interface extended
by the exchange, these users are conventionally known
as Pro Traders, Institutional Traders, or Market Mak-
ers. While the essence of the orders remains invariant

14 The CFTC’s lawsuit against FTX reveals FTX’s alleged preferential
treatment of Alameda, providing evidence of how MEV exists in CEXs.
(source: https://assets.bwbx.io/documents/users/iqgjWHBFdfxIU/rMZ
xB_xGUGQY/v0)

15 Transaction records: (https:/dune.com/adamzjw/gmx-trader-dashb
oard?user_address_t86d10=0x10ddb60960fe619ee9ff62056bcec9bc3
30d9c8e)
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Fig.3 CEX Model. In this

diagram, diamonds represent

on-chain smart contracts, %
rectangles represent off-chain

databases, and ellipses represent
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regardless of the interaction medium, API Traders pos-
sess the capability to initiate or terminate orders at
an augmented velocity, thereby enabling sophisticated
trading methodologies such as high-frequency quan-
titative trading. Given that API traders often engage
in higher-frequency trading, resulting in significantly
higher trading volumes compared to retail traders, their
T R;4 tend to be much lower than those of the latter. This
opaque fee structure provides API traders with a signifi-
cant advantage over their counterparty.

Custody module predominantly functions off-chain, with
the sole exception of the on-chain hot wallet. Notably, private
keys are stored off-chain.

1. Hot Wallet: This digital wallet is designed to cater to the
routine deposit and withdrawal requirements of traders.
Functioning under the auspices of the exchange, it main-
tains a specified percentage of the exchange’s total assets,
sufficient to accommodate the peak daily withdrawal
demands.

2. Cold Wallet: Acting as the primary repository for the
exchange’s assets, this wallet is entirely offline. This seg-
regation between the Hot and Cold Wallets amalgamates
efficient user transactions with fortified security.

@ Springer
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. Deposit and Withdrawal Engine: Comprising both the

blockchain’s complete nodes and off-chain servers, this
engine supervises on-chain deposit maneuvers, opera-
tionalizes user withdrawal directives, and refreshes the
off-chain Balance Database post on-chain transaction
validation.

. Balance Database: An off-chain server database account-

able for documenting the balance of every trader’s
account.

Matching module consists of two off-chain components.

. Order Book Database: An off-chain server database

responsible for logging various types of orders.

. Matching Engine: Operating off-chain, this server appli-

cation is designated for order matching and execution,
subsequently conveying the execution outcomes to the
Position Database.

Risk control module consists of two off-chain compo-

nents.

1. Position Database: This off-chain server database is man-

dated to record the margin balance and P&L (Profit &
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Loss, also known as PNL) for each position, commu-
nicating account balance modifications to the Balance
Database.

2. Liquidation Engine: An off-chain server program that
monitors the Position Database and takes over positions
that meet liquidation criteria, closing them under appro-
priate conditions.

Properties

In the CEX Model, three equivalent relationships exist, as
follows:

Firstly, traders act as counterparts to each other. When-
ever one trader sells contract, there is another trader matched
to buy this contract. Therefore, while it may not always be
possible to find two traders with exactly opposite but equally
sized positions, the absolute value of the net exposure for all
long positions always equals the absolute value of the net
exposure for all short positions. So, assuming a CEX has p
long positions and g short positions, we can derive

14 q
YETEP) = = DB, ®)

i=1 j=1

Furthermore, from £y to #1, the total funding fees paid by
all long positions must equal the total funding fees received
by all short positions, and the total profit of all long positions
equals the total loss of all short positions. This leads to

P q
L

DOFELE () = — Y FFM (P, and ©)
=1 j=1

14 L q
Z PnLto(igtl (P =— Z Pn]—%ﬁrttl (P). (10)
=1 j=1
Case study

The life cycle of a position on a CEX can be described as
follows:

1. Deposit Funds: Funds are deposited by traders into
the exchange’s specified on-chain address. Following
on-chain transaction validation, traders are enabled to
designate a portion or entirety of the funds as collateral
for derivative trading.

2. Create and Place Order: Traders opt for order types and
input the pertinent parameters to craft an order tailored to
their trading objectives. Post order validation, it is trans-
mitted to the exchange’s servers.

3. Execute Order and Initiate Position: Successful order
matching and its execution influence the trader’s position.

If the trader did not hold any position in the underlying
asset before the trade, the order is considered an opening
position operation.

4. Add or Reduce Position: Traders can revisit Steps 2 and 3,
executing additional orders to modify the size or direction
of their positions.

5. Close Position: Traders can manually close positions or
might be forced to close due failing to meet the mainte-
nance margin requirement.

(a) Voluntary Closure: Employing Step 2, traders can
dispatch orders opposing to their current position,
to close their positions and settle actual profits and
losses.

(b) Forced Closure (Liquidation): During the tenure
of a position, if collateral adequacy falters below
the maintenance margin threshold, the liquidation
engine intercedes. It compulsorily concludes the
position, contingent on market liquidity parameters,
and imposes a certain percentage of penalty. Residual
collateral post loss and penalty settlement is reim-
bursed to the trader. If there’s a deficit, the trader
must cover it before continuing to trade.

6. Withdraw Funds: Concurrently with position holding,
traders are empowered to retract unutilized funds. Upon
position closure, residual collateral can be withdrawn
post the reconciliation of profits and losses.

Hybrid model
Architectures

The Hybrid Model is a DEX Model that bears the closest
resemblance to the CEX Model. Based on Fig. 3, we fur-
ther delineate and illustrate the actors and components of
the Hybrid Model in Fig. 4. In each figure illustrating the
DEX models, we use blue background to indicate elements
differentiating from the CEX Model, while diamonds repre-
sent on-chain smart contracts, rectangles represent off-chain
databases, and ellipses represent off-chain servers.

The hybrid nature of the Hybrid Model lies in its use of
off-chain components, running on centralized servers, for
trade matching and risk control against liquidation. Simulta-
neously, it utilizes smart contracts and a valid proof system,
e.g., Zero Knowledge (ZK) proof'®, to manage fund custody
and verify that off-chain transaction results are genuine and
valid.

This approach addresses the issues of non-transparency
and centralization in the CEX Model, ensuring that exchange
operators cannot scrutinize trader withdrawals, fabricate
trader transactions, or misappropriate trader funds, thus mit-

16 https://ethereum.org/en/zero-knowledge-proofs/.
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Fig.4 Hybrid Model. In this
diagram, diamonds represent
on-chain smart contracts,
rectangles represent off-chain
databases, and ellipses represent
off-chain servers. We use blue
background to indicate elements
differentiating Hybrid Model
from the CEX Model
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igating risks similar to those witnessed in incidents such as
FTX".

In terms of key stakeholders and elements, the Hybrid
Model shares similarities with the CEX Model regarding the
composition of traders and the Matching Module. The dis-
tinctions lie in the Custody Module and the Risk Control
Module.

Custody Module is composed of two on-chain smart con-
tracts.

1. Custody Smart Contract: An on-chain smart contract
responsible for safeguarding funds deposited by traders,
storing the balance status of each trader account, and han-
dling traders’ deposit and withdrawal needs.

2. Validity Verification Smart Contract: An on-chain smart
contract tasked with verifying the valid proof correspond-
ing to off-chain transactions to confirm the correctness
and reliability of transaction results. It updates the bal-
ance status of each trader account in the Custody Smart
Contract based on valid transactions.

Risk Control Module is comprised of three off-chain com-
ponents.

1. Position Database: An off-chain server database respon-
sible for recording the margin balance and P&L of each
position, and relaying changes in trader account balances
to the Balance Database.

2. Liquidation Engine: An off-chain server program that
monitors the Position Database and takes over positions

17" https://www.investopedia.com/what-went-wrong-with-ftx-6828447.
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that meet liquidation criteria, closing them under appro-
priate conditions.

3. Valid Proof Prover: An off-chain server program respon-
sible for packaging successfully executed orders into
batches, compressing them, and generating the corre-
sponding valid proof, such as Zero Knowledge Proof.
Subsequently, these proofs are transmitted to the on-chain
Validity Verification Smart Contract for validation.

Properties

The Hybrid Model shares the same mathematical properties
with CEX, as expressed in Eq. 8 to Eq. 10, albeit with differ-
ent technological implementations.

Case study

The life cycle of a position on a DEX with Hybrid Model can
be described as follows:

1. Deposit Funds: Traders deposit funds into the custody
smart contract. Once confirmed by the exchange, traders
can allocate a portion or the entirety of the funds as col-
lateral for perpetual trading.

2. Create and Place Order: Same as in the Centralized
Exchange Model.

3. Execute Order and Initiate Position: When an order is
successfully matched and executed, the trader’s position
is affected. To ensure trading responsiveness, the exe-
cuted orders are not immediately confirmed on-chain.
Instead, the exchange server provides a pre-confirmation,
also known as "soft confirm". All pre-confirmed orders
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are batched, and valid proofs are generated offline by the
Prover. At predefined intervals, proofs are uploaded to
the on-chain Validation Verification Smart Contract. Sub-
sequently, traders’ balances are updated, pre-confirmed
orders receive their final confirmation, or “hard confirm.”
In practice, whether the original order data are also stored
on-chain is flexible. Not storing them on-chain reduces
gas costs, while storing them enhances data availability,
thereby increasing security.

4. Add or Reduce Position: Same as in the Centralized
Exchange Model.

5. Close Position: Same as the Centralized Exchange
Model.

6. Withdraw Funds: Unlike the Centralized Exchange Model,
the Hybrid Model includes three mechanisms for with-
drawal: Slow Withdrawal, Fast Withdrawal, and Forced
Withdrawal 81

(a) Slow Withdrawal: In Slow Withdrawal, traders’ with-
drawals may require a longer waiting period com-
pared to the Centralized Exchange Model. Regardless
of holding positions, traders need to wait until all
pre-confirmed orders under their account are verified
before the Custody Smart Contract executes the with-
drawal. Generally, the waiting duration is determined
by the Valid Proof Prover’s upload cycle and the Valid
Proof Verifier’s verification speed.

(b) Fast Withdrawal: If traders have an urgent withdrawal
requirement, they can pay a fee to access funds in
advance from the withdrawal liquidity provider. The
withdrawal liquidity provider waits for the entire veri-
fication process and eventually receives the funds that
would have been returned to the trader.

Forced Withdrawal: The emergency withdrawal mech-

anism significantly distinguishes the Hybrid Model

from the Centralized Exchange Model. If the exchan-
ge’s off-chain servers go offline or deliberately ignore
traders’ withdrawal requests, traders can initiate the
forcedWithdrawal function in the Custody Smart

Contract. When a forcedWithdrawal request is made,

the Hybrid Exchange must either process the with-

drawal or prove that the request is illegitimate. If the

Hybrid Exchange fails to do so within a time limit,

traders can invoke the "freeze" function. This func-

tion prevents any further changes to the contract’s
state, activating the "escape mode." In this mode,
traders can exit their assets based on the total value

(c

~

18 hitps://help.dydx.exchange/en/articles/5108558-withdrawing-
funds-from-layer-2.

19 https://help.dydx.exchange/en/articles/4797365-what-is-
promising-me-that-my-money-can-be-transferred-back-to-11-what-
prevents-dydx-from-ignoring-my-withdrawal-requests.

of their position in the last accepted on-chain batch.
This mechanism ensures that traders’ funds cannot
be frozen or misappropriated by the exchange. They
remain under the custody of the smart contract, pro-
moting "self-custody" or "non-custody" principles.

Oracle pricing model
Architectures

Based on Fig. 3, we further refine and illustrate the actors
and components of the Oracle Pricing Model in Fig. 5.

Compared to the Hybrid Model, the Oracle Pricing Model
relies less on centralized components but mainly on decen-
tralized ones (labeled as blue diamonds in Fig. 5). The
custody of funds, the storage, and execution of trades are all
undertaken by on-chain smart contracts. Only risk control
and trade price confirmation still require some centralized
components (labeled as blue ellipses in Fig. 5).

Under the Oracle Pricing Model, traders can be divided
into two categories. The first category includes active traders,
who are similar to the traders in the Centralized Exchange
Model and Hybrid Model. Traders in the second category
accept trades passively, acting as the counterparties to traders
in the first category, and are therefore referred to as Liquidity
Providers.

1. Traders: Users who actively place various orders, either
using the exchange’s front-end interface or by directly
calling the on-chain smart contracts.

2. Liquidity Providers: Users who passively accept orders
from Traders. They act as the direct counterparty to
all Traders. Liquidity Providers deposit their funds into
the on-chain Liquidity Pool, providing liquidity for the
Traders’ orders.

Custody Module is composed of two on-chain smart con-
tracts.

1. Collateral Custody Smart Contract: An on-chain smart
contract responsible for safeguarding the collateral of
Traders, storing the balance status of each trader’s posi-
tion, and ultimately settling profits and losses.

2. Liquidity Custody Smart Contract: An on-chain smart
contract responsible for safeguarding the funds of Liq-
uidity Providers and calculating and storing the balance
of each Liquidity Provider.

Matching Module is composed of one on-chain smart con-
tracts.

@ Springer
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Fig.5 Oracle Pricing Model. In this diagram, diamonds represent on-chain smart contracts, rectangles represent off-chain databases, and ellipses
represent off-chain servers. Blue background is used to indicate elements differentiating Oracle Pricing Model from the CEX Model

1. Trading Smart Contract: An on-chain smart contract
responsible for executing trades and updating the status
of each position.

Risk Control Module still relies on three off-chain com-
ponents.

1. Price Oracle Network: An off-chain network responsible
for providing the Trading Smart Contract with the prices
of underlying assets.

Keepers: Off-chain servers responsible for monitoring
the status of each position and taking over positions that
meet liquidation criteria, closing them under appropriate
conditions.

Trading Smart Contract: The Trading Smart Contract
also holds data for each position, encompassing collat-
eral quantity and position volume. As such, it is also a
constituent of the Risk Control Module.
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Properties

In the Oracle Pricing Model, all traders directly trade to lig-
uidity providers (LP) rather than other traders. Consequently,
whenever a trader holds a long position, there is an LP hold-
ing an equally sized short position, and vice versa. Thus, the
sum of the net exposure of all traders equals the sum of the
net exposure of all LPs in the opposite direction. Assuming
a total of p long positions and ¢ short positions held by all
traders in an exchange, we can derive the net exposure of all
LPs as follows:

P q
L
E/(PLE) == B P+ Y B (Ply), A
=1 =1
where PtI;tIZ ; denotes the aggregated position passively held
by all LPs, while PJ.T denotes the j-th position held by
a Trader. The positions passively held by LP are referred

to as impermanent positions. In Oracle Pricing model,
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LPs proportionally share the size of the impermanent
positions based on the provided liquidity. The exposure of
the impermanent positions assumed by the id-th LP can
be determined as follows:

EN(PLEP ) x VL(LP;g)

EV(LPig) =
' S vL.@p)

12)

where VL;(L P;4) denotes the dollar value of liquidity that
the id-th liquidity provider provides at time t. Furthermore,
we can calculate the profit and loss incurred by all / LPs due
to the impermanent positions and the profit and loss borne
by id-th individual LP:

4 q
L
PaLN(PLR ) = —(3 Pl (P) + Y PaL™"(P)),
j=1 j=1
(13)

total

PnLN¢ (PEP )y x VL, (L Pig)
S VL(LP) '

PnL)* (L P;g) =

(14)

In addition to funding fees and transaction fees,
traders in the Oracle Pricing Model also incur two other spe-
cific costs, namely, borrowing fees and gas fees.

As Traders’ profits and losses are ultimately redeemed by
LP, the exchange locks funds in the liquidity pool for possible
redemption during the holding period. Consequently, Traders
are obliged to pay interest, referred to as borrowing fees.
The value of borrowing feesrate attime ¢, denoted as BR;,
is typically determined by the proportion of funds occupied
in the liquidity pool, with higher proportions resulting in
increased BR;.

From tg to t1, the borrowing fees paid by a Trader for
his/her held position P; can be represented as

4l
BF . (P) = Y (BR: x [E/(P)|xP"~C), (15)

=19

The distinct feature of the Oracle Pricing Model, setting it
apart from the CEX Model and Hybrid Model, is the inclu-
sionof gas fees. This divergence arises from the fact that the
Oracle Pricing Model executes each order within smart con-
tracts on the blockchain, while the CEX Model and Hybrid
Model execute orders exclusively within off-chain servers.
Consequently, traders in the Oracle Pricing Model bear the
responsibility of covering gas fees for every order, a obli-
gation not shared by traders in the CEX Model and Hybrid
Model. The specific amount of gas fees paid by a trade
depends on the mechanism set by the blockchain network.
This paper refrains from presenting specific formulas but
simply denotes the gas fees for the i-th order as G F (O;).

As aresult, for the id-th Trader who opened and closed n
positions with k orders, where m positions (Liq1, ..., Ligy,)
were liquidated, the withdrawable value he can ultimately
access at time ¢ can be represented as

n n m
WV, (Tig) = Y Coll (Pj) + Y Pl (B) = Y LP(Prig)—
j=1 j=1 j=1

n n k k
> BFyi(P) — Y FFy.(P) — Y TF(0) — Y GF(0)).

=1 j=1 i=1 i=1

(16)
Case study

The life cycle of a position on a oracle pricing exchange can
be described as follows:

1. Provide Liquidity: Before Traders can engage in trading,
Liquidity Providers must offer liquidity to the Liquidity
Pool. Liquidity Providers deposit funds into the Liquid-
ity Custody Smart Contract and receive corresponding
deposit certificates (LP Tokens).

2. Create and Place Order: Unlike the previous two models,
Traders on DEX with Oracle Pricng Model do not need
to deposit funds into the Custody Smart Contract before
initiating trades. In the Oracle Pricing Model, traders
encapsulate orders as Ethereum transactions off-chain,
sign them with their private keys, and then broadcast
them to the blockchain. This transaction also includes an
“Approve” action, authorizing the Custody Smart Con-
tract to debit the corresponding collateral from their
Ethereum address.

3. Execute Order and Initiate Position: When the price
offered by the Oracle matches the conditions of an order,
the order is executed, resulting in a change to the trader’s
position. As the order’s execution occurs entirely on-
chain, there are no pre-confirmations as in the Hybrid
Model. The execution is always a hard confirmation.

4. Add or Reduce Position: Traders can repeat step 3 by
executing additional orders to adjust the size or direction
of their positions.

5. Close Position: Traders can initiate a voluntary position
closure, or their position might be forcibly closed if they
fail to meet the maintenance margin requirements.

(a) Voluntary Position Closure: Traders can repeat steps
3 and 4 by executing orders in the opposite direction
of their existing position to close it and settle realized
gains or losses.

(b) Forced Position Closure: While holding a position, if
a Trader’s provided collateral fails to meet the main-
tenance margin requirement, their position becomes
liquidatable. Off-chain keepers continuously monitor
all Traders’ positions. When a liquidatable position
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is detected, a liquidation transaction is sent to the
on-chain contract by keepers. Similarly, the contract
imposes a penalty on the liquidated position, and any
surplus collateral is returned to the liquidated Trader.

6. Withdraw Funds: After reducing or closing a position,
Traders automatically receive released collateral from
settled gains and losses. There is no need for manual
extraction of collateral. As for Liquidity Providers, they
can burn their LP Tokens and exchange them for funds as
long as their capital is not tied up by Traders’ positions.

Virtual Auto Market Making (VAMM) model
Architectures

Based on Fig. 3, we further refine and illustrate the actors and
components of the Virtual Auto Market Making (VAMM)
Model in Fig. 6.

The VAMM Model shares many similarities with the
Oracle Pricing Model: traders can also be categorized into

- e e e e e e e e = == ===

’ Market Participants N

=

liquidity providers and active traders. However, apart from
this, even though both employ smart contracts for user fund
custody, trade order management, and off-chain keepers to
control risk, there are differences in the specific implemen-
tation details.

Unlike the Oracle Pricing Model, where the collateral pro-
vided by Traders and the funds offered by Liquidity Providers
are kept separately, in this model, both Trader’s collateral and
Liquidity Providers’ funds are stored within the same smart
contract:

1. Funds Custody Smart Contract: This on-chain smart con-
tract is responsible for safeguarding both the collateral of
Traders and the funds of Liquidity Providers.

The distinctive characteristic of the VAMM Model resides
within its Matching Module. Under this model, Liquidity
Providers opt to allocate funds for specific trading pairs,
prompting the Clearing House Smart Contract to generate
virtual tokens that serve the purpose of augmenting lever-
age. Each virtual token is endowed with a nominal valuation
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equivalent to that of an underlying token, denoted as fol-
lows: 1 vUSDC =1 USDC, 1 vETH = 1 ETH, and so forth.
These virtual tokens are subsequently injected into the AMM
Smart Contract, where they undergo trading activities akin
to those of actual underlying tokens. However, it is imper-
ative to underscore that exclusive authority for the minting
of vTokens, management of Add/Remove Liquidity oper-
ations, and facilitation of vToken exchanges resides solely
within the purview of the Clearing House Smart Contract. In
essence, vTokens assume a role confined to accounting tools
exclusively operational within the ecosystem of the VAMM
Exchange, without circulation beyond its ecosystem.

1. Clearing House Smart Contract: The Clearing House
Smart Contract serves as the central component within
the VAMM Model, responsible for executing all trans-
actions and maintaining records of all Traders’ and
Liquidity Providers’ positions.

2. Spot DEX Smart Contract: For the VAMM Model, the
AMM Smart Contract functions as an external contract,
acting as a repository for holding and swapping virtual
tokens.

Risk Control Module still relies on off-chain components.

1. Keepers: These are off-chain servers tasked with moni-
toring position statuses and intervening in positions that
meet liquidation criteria. They execute closure actions
under appropriate circumstances.

2. Clearing House Smart Contract: Given its comprehensive
record-keeping of all Traders’ and Liquidity Providers’
positions, the Clearing House Smart Contract also func-
tions akin to a “Position Database.” Thus, it constitutes
an integral part of the Risk Control Module.

Properties

In the Virtual Auto Market Making (VAMM) Model, the
exchange utilizes virtual tokens as trading intermediaries and
accounting tools, while actual trading occurs within a Spot
DEX.

The specific process involves LP’s providing funds as
collateral, allowing the ClearingHouse contract to mint two
types of virtual tokens for a specific trading pair. These tokens
are then injected into the liquidity pool to provide liquidity
for traders. For example, by offering USDC as collateral,
LP mint vBTC and vUSDC, depositing them into the AMM
liquidity pool.

Subsequently, Traders provide funds as collateral to the
ClearingHouse contract, and mints a specific virtual token.
Traders then swap this token from the liquidity pool for
another virtual token. For example, by using USDC as col-

lateral, traders mint vUSDC and swap it for vBTC from
the vBTC-vUSDC liquidity pool, effectively going long on
vBTC.

In essence, the VAMM Model employs virtual tokens as
leverage tools, amplifying the purchasing power of traders
and LPs. It utilizes the ClearingHouse contract and other on-
chain Spot AMM DEX to create a perpetual contract trading
DEX.

In practice, each user’s address corresponds to a Vault in
the ClearingHouse contract, documenting the user’s debts
and assets. The virtual tokens minted by users represent their
debts, while the collateral provided and the purchased vir-
tual tokens or liquidity provided constitute their assets. The
user’s net position is equal to the actual virtual tokens held
minus the virtual tokens minted. The deposited assets serve
as the collateral for this position. This conclusion holds true
whether the user acts as a trader, an LP, or both simultane-
ously.

For any user, their net exposure is equal to the quantity of
virtual tokens held in the Vault minus the accumulated quan-
tity of virtual tokens in debt. Positive values represent a long
position in the corresponding virtual token, while negative
values indicate a short position. An example vault balance
sheet is illustrated in Fig. 7. Thus, we can express this rela-
tionship as follows:

EN (Vig) = VA, (Vig) — VD, (Vig), (17)

where Vjq denotes the Vault corresponding to the address of
id-th user, EN¢/(V,q) represents the aggregated net exposure
of the vault for the id-th user that might hold multiple posi-
tions at time ¢, VA;(Viq) represents the amount of virtual
token as asset in the balance sheet of the vault for the id-th
user at time t, and VD, (Vjq) denotes the the amount of virtual

Vault Balance Sheet

Debt Asset
apvuUsDC xUSDC

bo VBTC a;vUSDC
by vBTC

Net Position = (as-ap) vUSDC + (bs-bg) vBTC
Collateral = x USDC

Fig.7 VAMM Vault balance sheet
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token as debt in the balance sheet of the vault for the id-th
user at time t.

Therefore, the PnL of the vault belonging to the i d-th user

is equal to the current USD value of its net exposure:
PnL (Vig) = BV (Vig) x PVT7USP, (18)
where PnLN¢ (Vi4) represents the aggregated profit and loss
of the vault for the i d-th user at time tand P Y7~ USP denotes
the the dollar value of virtual tokens.

Similar to the Oracle Pricing Model, the sum of the net
positions of all traders equals the sum of the net positions of
all LP in the opposite direction. However, unlike the Oracle
Pricing Model, the size of the impermanent position pas-
sively assumed by each LP is not evenly distributed based on
the quantity of liquidity provided. Instead, it is determined
by the quantity of virtual tokens provided, the price range at
which liquidity was provided, the initial liquidity-providing
price, and the current price. Thus, the properties represented
by Egs. 11 and 13 still hold and can be expressed as follows:

[
Y BN )——(Z EL””g(vd>+ZESh"”( )
id=1 id=1 id=1

(19)

1 P q

L
E PnLﬁV”(V,.f/’)z—(E PnLt””g(V,.Z)+§ PnLS ot (v.I)).
id=1 id=1 id=1

(20)

However, the property represented by Eq. 12 does not
hold in the VAMM Model. In VAMM, to calculate the
impermanent position borne by aLLP, itis necessary to iso-
late the virtual tokens related to providing liquidity in their
Vault and apply Eq. 17. This can be expressed as

EN (Vig") = VA((Vig") — VD (Vig"), D
where Vifip denotes the Vault corresponding to the address
of id-th Liquidity Provider.

Moreover, the impermanent loss resulting from the price
change on the impermanent position can be calculated

using Eq. 18, expressed as

IL,(Vig") = EM (Vig") x

The transaction fees earned by the id-th LP for providing
liquidity from #( to #; can be expressed as

15l
Y TRV

t=tp =19

) _ Z Zl 1TF(0 ) X VLI(LP,d)'
Yta1 VL(LPia)

(23)

Unlike the Oracle Pricing Model, in the VAMM Model,
traders are essentially trading spot virtual tokens. During the
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holding period, there is no need to lock funds in the lig-
uidity pool, and as a result, no borrowing fees are incurred.
However, since transactions are still executed through smart
contracts, traders are still required to pay gas fees.

The value of assets that each vault can withdraw is repre-
sented as

WV, (Vig) =Coll(Vig) + PnLN (Vig) — LP(Via) — FFyy—(Via)—
k k

Y TF(O) + TR, (Vi§") = " GF(0y).

i=1 i=1

(24)

Case study

The life cycle of a position on a VAMM exchange can be
described as follows:

1. Provide Liquidity: Similar to the Oracle Pricing Model,
before traders can engage in trading, Liquidity Providers
must offer liquidity to the Liquidity Pool. However,
unlike the Oracle Pricing Model, Liquidity Providers
have the option to use leverage to amplify the liquidity
they provide. The process involves Liquidity Providers
depositing funds into the Funds Custody Smart Con-
tract, selecting the trading pairs for which they wish to
provide liquidity and the desired leverage ratio. They
then encapsulate this operation into an Ethereum trans-
action, sign it with their private key, and broadcast it
to the blockchain. When the blockchain executes this
transaction, the Clearing House Smart Contract creates
corresponding virtual tokens and injects them into the
AMM Liquidity Pool. Liquidity Providers’ positions are
calculated based on the virtual tokens they hold, using
their deposited funds as collateral. If the collateral pro-
vided by Liquidity Providers fails to meet the required
maintenance margin for their positions, they may also
face liquidation.

2. Deposit Funds: Similarly, Traders need to deposit funds
into the Funds Custody Smart Contract to initiate trading.

3. Create and Place Order: Similar to the Oracle Pricing
Model, traders encapsulate orders into Ethereum trans-
actions off-chain, sign them with their private keys, and
then broadcast them to the blockchain.

4. Execute Order and Initiate Position: When the blockchain
executes the aforementioned transaction, the Clearing
House Smart Contract mints the virtual tokens that traders
wish to sell and performs a Swap operation within the
AMM Liquidity Pool, converting them into the virtual
tokens that traders wish to buy.

5. Add or Reduce Position: Traders can repeat step 3 by
executing additional orders to adjust the size or direction
of their positions.
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6. Close Position: Traders can voluntarily close positions or
might be forcibly closed if they fail to meet the mainte-
nance margin requirement.

(a) Voluntary Position Closure: Traders can repeat steps
3 and 4 by executing orders in the opposite direction
of their existing position to close it and settle realized
gains or losses.

(b) Forced Position Closure: The liquidation process is
similar to the Oracle Pricing Model and will not
be reiterated. Notably, unlike the Oracle Pricing
Model, not only traders’ positions but also Liquid-
ity Providers’ positions subject to liquidation.

7. Withdraw Funds: Traders and Liquidity Providers can
withdraw funds that have not been used to mint virtual
tokens at any time. For funds used as collateral, they
need to close positions and settle gains and losses before
withdrawal is possible.

Empirical analysis of traders’ behavior

After elaborating on the similarities and differences among
the four exchange models, we shift to the empirical examina-
tion of differences derived by different model designs. We are
focusing on detecting the impact of traders’ behavior on the
price under different Matching Module designs, i.e., pricing
mechanism. As shown in Table 3, exchanges could be clas-
sified into three groups based on their pricing mechanism:
Limit-order-book model, Oracle Pricing model, and Virtual
Auto Market Making (VAMM) model. Since how prices are
discovered is distinct across different pricing mechanisms,
we collect data on both pricing and traders’ behavior to exam-
ine the empirical implication of different pricing mechanism
designs. In this section, we describe the data and methodolo-
gies we adopt, while in the next section (“Empirical results
and discussion”), we report results and provide discussion
for the three groups of exchanges separately.

Soska et al. (2021) presents the initial foray into the exam-
ination of liquidation processes within the realm of perpetual
futures, with BitMEX serving as the focal point of investi-
gation. The researchers observed a correlation between the
escalation in the daily volume of liquidated contracts and the
heightened price volatility of the underlying asset, specifi-
cally Bitcoin, within this particular context. However, it is
imperative to acknowledge a notable constraint inherent to
BitMEX’s operational framework, namely its status as a cen-
tralized exchange (CEX). In consequence, the transactions
executed on BitMEX are not subject to on-chain recording,
thereby engendering a notable degree of skepticism con-
cerning the paper’s data accuracy and precision. In contrast,
transactions involving perpetual contracts within decentral-
ized exchanges (DEXs) are on-chain, ensuring a verifiable

level of data accuracy. This inherent characteristic affords a
heightened level of confidence when analyzing trader behav-
ior within the DEX milieu.

Diverse configurations of the liquidation process engen-
der varying degrees of credit risk exposure for investors
holding different categories of perpetual futures contracts.
The consequent divergence in credit risk profiles, stemming
from the disparate liquidation mechanisms, significantly
influences the decision-making process of investors when
confronted with a choice among multiple types of perpet-
ual futures contracts linked to the same underlying asset.
Theoretical assessment of credit risk, often synonymous
with default risk, within the context of futures contracts
presents inherent complexities, primarily attributed to the
mutual risk-sharing dynamics between the two contracting
parties Ammann (2002). However, in the case of perpetual
futures contracts operational within decentralized exchanges
(DEXs), exemplified by platforms such as GMX and GNS,
orders are meticulously matched between individual traders
and the liquidity pool. Consequently, credit risk is predom-
inantly contingent upon the risk of traders facing liquida-
tion, given that liquidity providers can always cover their
loss.

This section of the study undertakes an examination of
trader behavior through an analysis of their activities and
the corresponding volumes subject to liquidation in response
to fluctuations in price volatility. The scope of our analysis
encompasses perpetual futures contracts linked to Bitcoin,
spanning five exchanges, categorized into two distinct clas-
sifications: (1) GMX??, GNS?!| and Perpetual Protocol
V222, representing decentralized exchanges (DEXs), and (2)
Binance?® and Bybit**, constituting centralized exchanges
(CEXs5s). In addition, GMX and GNS adopt oracel pricing
model, which is elaborated in “Oracle pricing model,” while
Perpetual Protocol V2 adopts the VAMM pricing model,
which s discussed in “Virtual Auto Market Making (VAMM)
model.” We compare traders’ behavior implied by different
designs of the exchange with different pricing mechanisms.

Data

In this section, as a case study, we select GMX, GNS, and
Perpetual Protocol V2 as the representatives for DEXs, while
Binance and Bybit as the representatives for CEXs. Specifi-
cally, we focus on perpetual futures on Bitcoin listed on the
five exchanges.

20 https://gmx.io.

21 hitps://gains.trade.

22 hitps://perp.com.

23 https://www.binance.com/en.

24 https://www.bybit.com.
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GMX constructs its trading system on Arbitrum and
Avalanche®, and users can trade perpetual futures on
both of the two layer-2 networks. In this study, we focus
on tradings on Arbitrum from 31 August 2021 to 26
September 2023, the data of which are retrieved from
Dune (https://dune.com/queries/3110823). Similarly, GNS is
based on Arbitrum and Polygon?®, and we choose the perpet-
ual futures on Polygon from 20 December 2021 to 26 Septem-
ber 2023 to examine, the data of which are retrieved by our
constructed queries on Dune (https://dune.com/queries/282
29105 and https://dune.com/queries/2825251).

We also retrieve data for Perpetual Protocol V2 (based on
Etherum mainnet) from 27 November 2021 to 26 September
2023 by constructing the query on Dune (https://dune.com/
queries/3039245). All the above data for DEXs are at trans-
action level and with length from launches of the instruments
to the time of writing this work.

We retrieve data on Binance and Bybit at the daily-level
frequency using API provided by Coinalyze (https://coinalyz
e.net/). Data for these two CEXs are at market-level rather
than transaction-level. BTC Perpetual data for Binance and
Bybit are available from 05 August 2020. Data of BTC pric-
ing at the daily-level are collected from CryptoCompare with
API (https://cryptocompare.com/). The time frames of data
vary across exchanges because they are launched on differ-
ent dates. However, this would not harm the validity of our
analysis, as the time frames largely overlap and we examine
traders’ behavior in different exchanges separately.

Empirical approaches

Drawing inspiration from previous research conducted in
the realm of traditional futures markets (Bessembinder &
Seguin, 1993; Wang, 2002), this study introduces method-
ological approaches tailored to the investigation of trader
behavior within the perpetual futures market. These method-
ologies, subsequently applied in “Empirical results and
discussion”, facilitate an in-depth exploration of leverage
dynamics and liquidation processes.

It is paramount to recognize that the pricing mecha-
nisms governing perpetual futures contracts are intentionally
designed to approximate the spot price of the underlying
asset. Consequently, traders engaged in the trading of per-
petual futures are confronted with prices inherently tethered
to the underlying asset’s market valuation. This inherent con-

25 Arbitrum and Avalanche are two chains to address scalability
of Ethereum (https://vitalik.eth.limo/general/2023/10/31/12types.html),
while detailed explanation can be found at: arbitrum.io and
www.avax.network.

26 Information about Polygon can be found at: polygon.technology.
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vergence between the price of perpetual futures and the spot
price signifies that perpetual futures contracts endow traders
with an efficient means of exposure to fluctuations in the spot
price of the underlying asset (He et al., 2022). For the purpose
of our analysis, and without loss of generality, we direct our
focus toward an examination of how traders operating within
the perpetual futures market respond to variations in the price
of the underlying asset, specifically Bitcoin.

Speculation metrics

Perpetual futures contracts, characterized by their provi-
sion of exceedingly high leverage, create an environment
conducive to speculative activities. The presence of specu-
lators assumes considerable significance within the market
ecosystem, as they assume the role of risk bearers, thereby
effectively absorbing risk transferred by hedgers. Conversely,
arbitragers capitalize on market inefficiencies to generate
gains with very limited risk exposure.

Hedgers, in contrast, adopt a risk-mitigation strategy
by retaining their futures positions for relatively longer
durations. Their decision-making process remains relatively
impervious to short-term price fluctuations, as it predomi-
nantly hinges upon non-pricing determinants, encompassing
factors such as the quantity of spot goods at their disposal
and the designated delivery timelines. Consequently, tran-
sient shifts in prices are frequently instigated by speculators,
who exhibit responsiveness to short-term price oscillations
(Alexander et al., 2023).

In light of the substantial risk assumed by speculators
within this framework, this study takes an initial step by
proposing a set of speculation metrics. These metrics, encom-
passing trading volumes and liquidations standardized by
open interests, are instrumental in shedding light on spec-
ulative activities within the market.

The standard speculative index (SZ) proposed by Garcia
et al. (1986) is defined as

Trading Volume
ST = ————, (25)
Open Interest

in which speculators drive up trading volume while having
little impact on open interest in the short-run. So, large SZ
indicates plenty of speculation.

Another measure of speculation is proposed by Alexander
et al. (2023), defined as the ratio of liquidation volume to
open interest. The only difference in this study is that, since
traders trade with liquidity pools rather than other matched
traders in DEXs, the aggregate position of sellers does not
necessarily equal to that of the buyers, different from the case
of CEXs where there are always a buyer and a seller for any
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contract. Therefore, we modify the definition of liguidation
index (LZ Q) to fit the features of perpetual in DEXs:

Short Liquidation Volume

LT Qshort = and

Open Interest for Short

Long Liquidation Volume (26)

LT =
Qtong Open Interest for Long

As Eq. 26 measures the liquidation as a proportion of open
interest, the expected value of £Z Q is the probability of being
liquidated in a certain day. In addition to measuring specula-
tion, the standardization of trading volumes and liquidations
by dividing them with open interests makes those metrics
comparable among different exchanges, as exchanges vary
considerably in size.

Traders’ behavior examination

To analyze the response of perpetual traders to Bitcoin price
fluctuations, it is imperative to first establish an estimation
for the daily volatility of Bitcoin’s price. This study employs
the extreme-value volatility estimator, as proposed by Gar-
man and Klass (1980) (on P.74), which incorporates intra-day
price volatility. The simplified expression of this estimator is
represented as follows:

6 = {0.5 x (In(Py/Por))* = 2In@2) — 1)(1n(P,,o/P[.C))2}]/2, (27)

where Py g, Pr.1, Pt 0, and Py c are the high, low, opening,
and closing prices of Bitcoin on date 7, respectively.

Previous research has consistently shown that variables
related to traders’ activities, such as trading volumes and
open interests, exhibit significant correlation (Bessembinder
& Seguin, 1993), suggesting their predictability based on
the previous values. Consequently, these variables are often
analyzed by dividing them into expected and unexpected
components. The expected component, constructed from
lagged variables, encompasses information about current
trends, while the unexpected component captures unforeseen
changes in traders’ behavior. This concept is illustrated in the
following equation:

& = Activity ,—E { Activity , | Activity ,_,,7=1,...10},
(28)

traders’ activity at date ¢ can be predicted using their activi-
ties in previous 10 days, i.e., E { Activity ; | Activity ,_, }
while the unexpected portion & equals to the different
between the realized value Activity ,. Hedgers, who adjust
positions infrequently with a long-term focus, exhibit pre-
dictable behavior captured in the expected component. In
contrast, speculators, who frequently adjust positions to man-

age risk, are represented by the unpredictable, unexpected
component of activity.

Beyond traditional trading activity variables like trad-
ing volumes and open interests, this study also assesses
the conditional effects of leverage and liquidation on price
volatility. We decompose these four types of variables
into expected and unexpected components to differentiate
the effects of hedgers and speculators, who vary in their
trading willingness. Following the methodology of Bessem-
binder and Seguin (1993), we partition trading volume, open
interest, volume of liquidated positions, and daily average
leverage using the Autoregressive Integrated Moving Aver-
age (ARIMA(p, k, g)) model. The ARIMA(p, k, g) model,
which predicts future values based on past data smoothed by
lagged moving averages, allows us to designate the model’s
fitted values as the expected component and its residu-
als as the unexpected component. For the ARIMA(p, k, q)
model, the existence of a unit root determines k, in which
case a variable without a unit root is decomposed using
ARIMA(p, 0, g), while a non-stationary variable is decom-
posed using ARIMA(p, 1, ¢).?” The corresponding series is
differenced k times as an Autoregressive Moving Average
(ARMA(p, q)) process. The values of p and g are selected
based on the Akaike Information Criterion. The existence of
unit roots in each time series is tested using the Augmented
Dickey-Fuller (ADF) test, with results detailed in Appendix.

To explore how investors’ behavior vary with volatility, we
adapt the model proposed by Wang (2002) to include daily
volumes of liquidated short and long positions separately:

m 3 3
61 =i + Zfﬁi&t—i + ZajEAj,t + ZﬂjUAj,H‘
i=1

=1 =1
2
s s (29)
Z viE Lk + Z)ujULk,t + &,
k=1 k=1

where &; is the estimated volatility on day t. EA;; and
UAj,, denote the expected and unexpected trading activ-
ity respectively, with j represents different trading activity
when assigned different values: j = 1 for open interest on
long positions, j = 2 for open interest on short positions,
and j = 3 for trading volumes. E Ly ; and U Ly ; denote the
expected and unexpected daily liquidated volumes for long
(k = 1) and short (k = 2) positions. The model accounts
for volatility persistence through lagged volatility estimates,
with the lag structure (m) determined by the Akaike Infor-
mation Criterion. Given the established correlation between
trading activities and volatility Wang (2002), these variables
are included as controls. This analysis using Eq. 29 is applied

27 Readers can refer to Tsay (2005) for details about ARIMA(p, k, q)
model.
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to perpetual futures from all three DEXs and two CEXs, given
the availability of trading volume, open interest, and liquida-
tion data.

In addition to assessing how traders’ activities and liquida-
tions respond to price volatility, we also examine speculation,
as indicated by Eqgs. 25 and 26, using the following specifi-
cation:

m 3
o1 =i + Z¢i5t—i + ZOleAj,t + Bs1SL+
i=1 =1

BriosLI Osnort ¢+ + BLior L1 Qiong .+ + &1

(30)

where Bs1, Brios, and B measure whether speculation
is stronger in respond to the more volatile change in price.
Among those, B1.;os and B indicate whether a short or
long position is more likely to be liquidated than usual when
the market becomes more volatile. T A ; ; represent trading
activities, i.e., j represents trading volume, open interest on
short positions, and open interest on long positions. Consid-
ering the considerable correlation between trading activities
and price volatility, we include trading activities in Eq. 30
but do not decompose them as those are not the variables of
interest.

Anticipating that traders are inclined to modify their lever-
age strategies in response to heightened liquidation risks
under increased volatility of the underlying asset, this study
incorporates an analysis of leverage adjustments. Research
focusing on centralized exchanges (CEXs) often omits lever-
age considerations due to the general unavailability of such
data (Alexander et al., 2023; Soska et al., 2021). How-
ever, leveraging transaction-level data from GMX and GNS,
this investigation calculates and integrates the daily average
leverages for both long and short positions into the analyt-
ical framework. This is achieved by adapting the existing
volatility estimation model, as delineated in Eq. 29:

m 3 3 2
Gr=i+ Y $iG—i+ Y o EA + > BiUAj+ Y wELks
i=1 j=1 j=1 k=1
2 2 2

+ ) AULki+ Y kELViy+ Y aoxULVi; + &,
j=k k=1 k=1

€1y

where ELV ; and U LVy ; denote expected and unexpected
average leverage for long (k = 1) and short positions (k = 2),
respectively, on day ¢. Notably, due to the cross-margining
feature in Perpetual Protocol v2, where a collective pool of
funds backs each position®, the specific leverage level for

28 Documents of Leverage and Margin Ratio for Perpetual Protocol v2:
support.perp.com/hc/en-us/articles/5257393633945-Leverage-Margin
-Ratio.

@ Springer

each position remains undefined. Consequently, the leverage
analysis using Eq.31 is confined to perpetual futures from
GMX and GNS.

In addition to exploring how average leverage changes
with price volatility, we are also wondering how trading vol-
ume in different leverage level contribute to the change in
average leverage level. To this end, we propose the follow-
ing specification:

m 2 2 2
Gi=1+Y ¢ibii+y aEAj+Y BiUAj + > wEL+
i=1 j=1 j=1 k=1

(32)
2 10 10
> AjULki+ Y WELCrs + Y kjULCks + &1,
j=1 k=1 j=k

In this equation, trading volumes are categorized into ten
distinct groups based on their leverage levels: less than 1X,
1X to 5X, 5X to 10X, 10X to 15X, 15X to 20X, 20X to 25X,
25X to 30X, 30X to 35, 35X to 40X, 40X to 45X, 45X to
50X, and more than 50X. ELCy; and ULCy; denote the
expected and unexpected portions of trading volume within
each leverage category k. To avoid issues of multicollinear-
ity, total trading volume is not included as a separate variable
in EAj, and UAj ,, given that the aggregated trading vol-
ume across all leverage categories equates to the total trading
volume.

Empirical results and discussion
Descriptive statistics and dynamics of metrics

Table 4 delineates the descriptive statistics for trading vol-
umes, open interests, liquidations, and leverage of the five
perpetual future platforms under examination, while Fig. 8
graphically depicts these metrics on a weekly basis. Central-
ized exchanges (CEXs) have historically exhibited preemi-
nence in trading volume and open interest, yet decentralized
exchanges (DEXs) have demonstrated a notable ascension
since 2023, as detailed in Appendix?®. An analysis of average
daily liquidation volumes reveals a predilection for higher
liquidations in long positions over short positions, with the
exception of Perpetual Protocol V2. In the cases of GMX
and GNS, the open interest for long positions surpasses
that for short positions, and the leverages for both orien-
tations (long and short) are relatively equivalent (15.57 &
15.80 for GMX and 72.33 & 75.28 for GNS), logically
inferring a higher liquidation volume for long positions.
With liquidation standardized, the close proximate values
of LI Qspors and LI Qjong for GMX (0.016 and 0.016) and
GNS (0.035 and 0.032) suggest a comparable probability
of liquidation for both long and short positions. A sym-
metrical pattern in liquidation is anticipated between long

29 Refer to Appendix for a visual representation of trading volume,
open interest, and liquidation exclusive to DEXs.
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Table 4 Descriptive statistics of trading volumes, open interest, liquidation, and leverage of perpetual futures

Perpetual Contracts on Bitcoin

Statistics GMX GNS Perpetual Protocol V2 Binance Bybit
Mean Trading volume (M) 40.46 7.62 2.65 411.55 92.18
OI on short (M) 10.43 20.29 6.51 2235.61 831.39
OI on long (M) 18.31 26.38 4.13 2235.61 831.39
Liquidation on short (K) 62.68 197.30 4.53 11875.03 4527.90
Liquidation on long (K) 124.09 248.76 3.54 17128.46 4753.27
Leverage on short (K) 15.57 72.33 — — —
Leverage on long (K) 15.80 75.28 — - -
ST 5.74 0.93 1.40 0.24 0.13
LT Qshort 0.016 0.035 0.002 0.009 0.012
LI Qjong 0.016 0.032 0.002 0.013 0.013
Std. Dev Trading volume (M) 50.82 12.40 2.75 249.56 84.57
OI on short (M) 10.88 11.45 3.31 898.54 519.86
OI on long (M) 19.37 16.87 1.36 898.54 519.86
Liquidation on short (K) 459.08 1406.25 27.11 24231.71 7933.40
Liquidation on long (K) 947.45 609.53 18.11 49440.90 7263.63
Leverage on short (K) 6.89 14.32 — — —
Leverage on long (K) 6.89 21.34 - - -
ST 14.71 2.28 5.51 0.19 0.10
LI Qshort 0.173 0.359 0.017 0.022 0.024
LI Qiong 0.173 0.101 0.029 0.040 0.026
No. of observations 747 628 668 1147 1147

Note. This table reports the daily mean and standard deviation of trading volumes (in million USD), open interest (O.I. in million USD), short
liquidations (in thousand USD), long liquidations (in thousand USD), SZ, LT Qshort » £Z Qiong of USD or USDT bitcoin perpetuals across GMX,
GNS, Perpetual Protocol V2, Binance, and Bybit. Daily mean and standard deviation of average leverage on short and long positions (in thousand
USD) are reported for perpetuals on GMX and GNS. The measure of daily average leverage is calculated by dividing the sum of daily transaction
volume by the total amount of collateral supporting those transactions, which is the weighted average leverage of transactions in a day. We also

conduct ADF test for each of the series, the results of which can be found in Appendix

and short positions with similar leverage levels and vol-
umes. This symmetry is observed for Perpetual Protocol V2
and Bybit, but not for Binance. A two-sample t-test indi-
cates that the discrepancy between LI Qsporr and LI Qjopg
is statistically significant exclusively for Binance (p-value =
0.001), whereas it remains statistically insignificant for the
other platforms, namely GMX (p-value = 0.997), GNS (p-
value = 0.813), Perpetual Protocol V2 (p-value = 0.883),
and Bybit (p-value = 0.184). Despite the absence of lever-
age data for Binance, the order book matching mechanism
posits an equivalent leverage distribution between sellers and
buyers, yet empirical observations contradict this equilib-
rium. This discrepancy remains inconclusive pending further
data.

Additionally, Fig. 8 reveals an anomaly for Binance, where
liquidation volumes for both long and short positions were
concentrated during the bullish period in the first half of 2021,
peaking in March and declining post-June, yet maintain-

ing a consistently low level throughout the cryptocurrency
market downturn in 2022. This trend may be attributable
to Binance’s historical allowance of up to 125x leverage,
which was reduced to a maximum of 20x on July 26, 20213
De Blasis and Webb (2022), significantly diminishing the
likelihood of liquidation events.

Upon examination of the mean values for SZ and £LZQ
delineated in Table 4 across various trading platforms, it is
discernible that GMX exhibits the highest mean value for
ST at 5.74, while GNS registers the maximal values for both
LI Qgpors (0.035) and LZQjpng (0.032), respectively. This
suggests a relatively heightened level of speculative trading
activity on GMX and GNS compared to other exchanges.

30 For further details, refer to Binance’s announcement on July 27,
2021:  https://www.binance.com/en/support/announcement/updates-
on-rules-of-binance-futures-leverage-for-new-accounts-2021-07-27-
d6457e23eb2e42f2b9c3ce44f46f9a6d.
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Fig.8 Trading volumes, open interest, and liquidated volumes of perpetual futures on all the five DEXs and CEXs. As CEXs dominate the market,

we also create the figure solely illustrating DEXs, which is in Appendix

Such a trend aligns with the operational parameters of GMX
and GNS, which afford traders the opportunity to engage with
higher leverage options and impose a lower threshold for
maintenance margins relative to their counterparts. Specif-

@ Springer

ically, GMX and GNS extend maximum leverage ratios
of 100x and 150x respectively, in contrast to centralized
exchanges (CEXs) like Binance and Bybit, which implement
a tiered leverage system that inversely correlates the maxi-
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Fig. 9 Trading volume in leverage categories and average leverage of
daily transactions (GMX). The upper panel shows the dynamics of the
daily trading volume in each of the 12 leverage categories defined in

mum allowable leverage with the size of the position®!. The
maintenance margin required by GMX is 1%, and the liqui-
dation price on GNS is calculated by

Liquidation Price = Open Price — Liquidation Price Distance, if long, and
Liquidation Price = Open Price + Liquidation Price Distance, if short, where
Open Price x Leverage

Collateral
— Borrowing Fees).

Liquidation Price Distance = x (Collateral x 0.9

(33)

Effectively, traders on GNS trade with the lowest main-
tenance margin ratio among the five exchanges, where
Perpetual Protocol V2 adopts the maintenance margin ratio
of 6.25% and 0.4% for both Binance and Bybit in the tier of
the smallest position.>?

Figures 9 and 10 illustrate the dynamics of the daily
trading volume in different leverage categories defined in
“Traders’ behavior examination” as well as the daily aver-
age leverage level for long and short positions, respectively.
GMX announced to rise its maximum leverage on 8 Novem-

31 For maximum leverages allowed in each tier of position size on
Binance and Bybit, readers can refer to https://www.binance.com/en-
IN/futures/trading-rules/perpetual/leverage-margin and https://www.
bybit.com/en-US/help-center/article/Risk-Limit-USDC-Contract.
Since Perpetual Protocol V2 adopts cross-margining, the leverage for
individual position is undefined.

32 With Eq. 33, if a trader opens a long position with collateral of 50
USD and open price of 20,000 USD, he/she would be liquidated when
the price drops to 19,824 USD, liquidated with a maintenance margin
ratio of 0.1% equivalently.

“Traders’ behavior examination,” while the lower panel shows the daily
average leverage for long and short positions

ber 2021 (GMX announcements, 2021), followed with sig-
nificant trading volumes in leverages more than 35x after
November 2021, as shown in the upper panel of Fig. 9. It
shows that although trading volumes with different leverages
vary across time, the level of daily average leverage oscillates
within a narrow range. The two-sample t-test indicates the
insignificant difference of leverage between long and short
positions for GMX, with p-value of 0.515, while the differ-
ence is significant for GNS, with p-value of 0.004, in which
case long positions are with higher leverages than short posi-
tions averagely for GNS. This finding is consistent with the
record by BitMEX CEO Hayes (2019), in which the aver-
age effective leverage for long positions is on average higher
than that for short positions. Around April 2023, there was a
sudden drop in average leverage on long positions for GNS,
shown in Fig. 10. This change could be attributed to the huge
drop in the daily value of collateral used for transactions on
long positions during this period, as the average leverage is
calculated with dividing the aggregated value of collateral by
the aggregated transaction value each day.

Figure 11 shows the fraction of liquidations over total
trading volume across time for DEXs, which is the liquida-
tions standardized by trading volumes and also a proxy for
evaluating the risk of an instrument (Soska et al., 2021). As
expected, GNS acts as the most risky DEX across time, for its
liquidations standardized by trading volumes for both long
and short positions consistently higher than that for GMX
and Perpetual Protocol V2 overtime. The standardized lig-
uidation of long (short) positions increases even when the
Bitcoin price trended up (down), however, short after July
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Fig. 10 Trading volume in leverage categories and average leverage of
daily transactions (GNS). The upper panel shows the dynamics of the
daily trading volume in each of the 11 leverage categories defined in

2022, a counter-intuitive pattern also noted by Soska et al.
(2021). Soska et al. (2021) mentions the increased volatility
accompanied by the uptrend of Bitcoin price, which presents
as high intra-day price volatility due to price expansion, as a
potential explanation but without empirical evidence. In the
rest of this section, we systematically examine the associa-
tion between liquidation and the price volatility of Bitcoin,

“Traders’ behavior examination,” i.e., there does not exist transaction
with less than 1 x leverage in our dataset on GNS, while the lower panel
shows the daily average leverage for long and short positions

explaining the pattern of liquidation as well as the asymmetry
between long and short positions.

Empirical results and analysis for CEXs

Table 5 aggregates regression results on Eqs. 29 and 30. Coef-
ficient estimates for expected and unexpected trading volume
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Fig. 11 Volume-normalized liquidations for DEXs. The middle and bottom panels depict the fraction of liquidations on long and short positions

over total trading volume across time, respectively
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are positive across all the five exchanges and are statistically
significant except the one for expected trading volume on
GNS. Estimated coefficients for the unexpected volume (the
shocks) are uniformly higher than those for the unexpected
volume, suggesting that one unit change in the unexpected
portion of trading volumes has higher effect on the price
volatility of Bitcoin than one unit change in the expected
volume, consistent with the findings in the previous studies
on traditional futures market (Bessembinder & Seguin, 1993;
Wang, 2002).

For CEXs, i.e., Binance and Bybit, all the estimated
coefficients measuring the marginal effects of expected and
unexpected open interest are negative and significant, while
the estimated coefficients for the unexpected portion are also
larger in magnitude than those for the expected portion. Since
in CEXs each seller is matched with a buyer of the perpetual
futures, aggregated value of long positions equals to that of
short positions, so do the open interests. We only include open
interests on short in Eq. 29, as open interests on long are of
the same value. Since CEXs adopt the mechanism with order
books, it relates to the determinants of market depth, which
Kyle (1985) defines as the volume of unanticipated order
flow required to move price by one unit. When capital inflows
into the market, the liquidity increases, which is reflected by
higher level of open interests, making the price less volatile
in response to new orders. Consequently, it is expected that
when open interest is large, the price volatility conditional
on contemporaneous trading volume, which proxies market
depth, would be lower. Therefore, those negative estimated
coefficients imply that an increase in unexpected open inter-
est, e.g., inflow of speculative capital, lessens the impact of
trading volume shock (unexpected volume) on price volatil-
ity. In our case, for Binance, when a trader increases his/her
position by 1 USD, the marginal effect of the 1 USD increase
in trading volume on price volatility is 5.943 x 1078, while
mitigated by the effect of 1 USD increase in open interest
(—2.365 x 107!1), resulting in a smaller aggregated effect
(5.943 x 1078 — 2.365 x 10~!'"). On the one hand, esti-
mated coefficients for trading volumes and open interests
have opposite signs, while on the other hand, whether the
marginal effect of volume on price volatility is enlarged or
mitigated depends on whether open interest is reduced or
increased. Trades closing, decreasing, or liquidating posi-
tions actually reduce open interest, enlarging the effect of
trading volume on price volatility.3* Price would move with
larger distance, as less liquidity reacts to absorb a trade.
This is reflected by that seven out of eight coefficients for
liquidated volume in Binance and Bybit are significant and
positive, with expected liquidated volume on short positions
for Bybit as the exception. Thus, ceteris paribus, an unex-
pected rise in liquidation reduces market depth, via lowering

33 Trades opening positions or rising positions increase open interests.

@ Springer

open interest and liquidity. Considering the abnormality in
the dynamics of liquidation data for Binance, we replicate the
regressions in Egs. 29 and 30 for two periods dichotomized by
1 May 2021, the date around which liquidations on Binance
suddenly dropped and became consistently low. The esti-
mating results and analysis for the two periods separately
are included in Appendix. Traders’ behavior reflected in the
two periods is almost the same with that reflected in Table 5.

Empirical results and analysis for Perpetual Protocol V2
(with VAMM Model)

In CEXSs, traders are matched by the market maker and pro-
vide liquidity. Different from the case of CEXs, traders in
DEXSs are matched with liquidity pools, in which liquidity
providers act passively as the counterparty. Traders’ open
interest thus does not necessarily influence the market depth
in the same way as in CEXs, and the theory of market depth
by Kyle (1985) for traditional futures market is inapplica-
ble in this context. For Perpetual Protocol V2, which adopts
VAMM as the pricing mechanism, liquidity providers deposit
stable coins in the vault based on which the clearing house
mints virtual tokens and places those virtual tokens into the
Uniswap v3 AMM?>*. For illustration, assume the price of
the Bitcoin perpetual is determined by the exchange func-
tion defined in “Automated Market Maker (AMM)” :

Owuspc X Quverc =k (34)

where Q,yspc and Qyp7c denote the quantities of virtual
USDC (vUSDC) and virtual Bitcoin (vBTC) in the liquidity
pool, and k reflects the depth of liquidity, which is determined
by liquidity providers. With constant k, the price of virtual
Bitcoin is determined by the ratio of Qyuyspc and Qyprc:

Ovwuspc _
Pyprc = —QU o =k x QU§TC' (35)
v

The absolute value of the first derivative of P,grc with
respect to Qg7 is monotonously decreasing, which can be
derived as

’ 8PvBTC
00QuBTC

= ‘_2ka Q;I;TC =2xkx Q;I;TC’

(36)

indicating the decreasing rate of change in pricing as vBTC
goes abundant in the liquidity pool. The more vBTC there
are in the liquidity pool, the lower volatile its price is. When

34 Details of how VAMM works in Perpetual Protocol V2 can be found
in https://support.perp.com/hc/en-us/articles/9594157347481-How-It-
Works.
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a trader opens a long position, the clearing house swaps
vUSDC for vBTC from the liquidity pool, adding vUSDC
to and withdrawing vVBTC from the pool. O, prc decreases
while P,p7c becomes more volatile.

Besides, Uniswap v3 AMM implements concentrated lig-
uidity to enhance capital efficiency, where liquidity providers
specify a price range, [P, P], within which to add liquid-
ity.3> If there is only a single liquidity provider specifying
the price interval [P/, ;. PE ] to add liquidity, where

A B
P;‘BTC = QUXSDC and P’UBBTC — @, this concen-
vBTC vBTC

trated liquidity can be characterized by drawing anew set of
axes, i.e., Qyp7c and Q,yspc with the origin O as shown
in Fig. 12, to track the real reserve offered in range AB.
While the exchange function is defined in the Q,prc —
Owuspc space (virtual reserve termed by Unisawp v3),
the actual reserve specified in the price range is called real.
Any point (Qyp1C, vaggc)\in thﬂtual space can be
transformed to a point (Qyprc. Quuspc) = (QuBrCc —
08prc. Quuspe — Q4 s pe) in the real space. The liquid-
ity provider actually defines the coordinate of the real origin
O, which is a function of the interval [PArc. PErc]

In practice, liquidity offered by multiple liquidity providers
cumulates around the current price level, as illustrated in
Fig. 13. Trades at the tails of the distribution lead to larger
price move, i.e., thus larger price volatility, due to lower
liquidity than at the center. Therefore, while the design of
concentrated liquidity determines market depth locally, the
exchange function Eq. 34 forms price globally. In the long
run, (Qyprc, Qvuspc) moves along the exchange function
and the change in slope determines the price volatility. In the
short run, the liquidity distribution centered at the current
average price determines price volatility.

The implication of Uniswap v3 AMM on pricing volatil-
ity is consistent with our empirical findings. In Table 5, the
coefficient for expected open interest on short is estimated to
be significantly negative (—1.678 x 10~°) while that on long
is estimated to be significantly positive (3.569 x 10~?), indi-
cating a negative association between expected open interest
on short and price volatility while a positive association for
long. Since the expected portion of open interest reflects
traders’ long-run behavior, e.g., hedgers, in cope with the
trend, the change could be mainly be described by Eq. 34.
When the expected open interest on short rises, the clear-
ing house retrieve VBTC from traders’ account and credit
to the balance of the liquidity pool. The increased vBTC
balance in the liquidity pool helps decrease the rate of pric-
ing change and thus reducing volatility according to Eq. 36.
Besides, when expected open interest on long increases, the

35 For details of geometric explanation on concentrated liquidity, read-
ers can refer to Mohan (2022).

—

Quuspc Quuspc
N N

B
Q’UUSDC

_—

o
?QuBTC

A
Q’UUSDC

k
>QusTC

B A
0 Q’UBTC QvBTC

Fig.12 A Uniswap v3 pool with a single liquidity provider

clearing house withdraws vBTC from the pool and credit to
traders’, decreasing vBTC balance in the liquidity pool and
thus increasing price volatility.

While the expected portion of open interest captures how
market status moves along the exchange function specified
by Eq. 34, the unexpected portion reflects traders’ unantic-
ipated behavior, e.g., speculation, on the basis of liquidity
distribution. In the short-run, liquidity providers are lagged
to adjust their bound of price within which to add liquidity,
i.e., [P, P], especially when facing unanticipated change.
Therefore, open interest on both long and short positions
would drive price to the tails of the liquidity distribution,
enlarging pricing volatility due to lower liquidity. In Table 5,
the estimated coefficients for the association between price
volatility and unexpected open interest are all positive, i.e.,
1.125 x 1073 for short and 1.481 x 10~ for long, substanti-
ating our prediction based on the Uniswap v3 AMM pricing
mechanism.

In the context of Perpetual Protocol V2, liquidity providers
have the capability to contribute liquidity utilizing leverage,
thereby incurring a risk of passive liquidation when coun-
terparties are liquidated. Transactions that liquidate liquidity
providers’ positions during a price increase are categorized
as liquidation on short, whereas those during a price decline
are classified as liquidation on long. The liquidation of lig-
uidity providers’ positions results in a reduction of market
depth, which is hypothesized to have a direct correlation with
increased price volatility and the frequency of liquidations
among liquidity providers.

Regarding the expected liquidation volume of traders’
positions, its impact on price volatility is anticipated to be
inversely proportional to the effect of increasing expected
open interest. Specifically, an expected increase in liquida-

@ Springer
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Fig. 13 Example of liquidity distribution on Uniswap v3 AMM. This figure shows the liquidity distribution for the pool of the pair WBTC/USDC
on Uniswap V3. This snapshot is made on 7 Nov 2023. Source: https://dune.com/queries/65034/129883

tion on short positions, which reduces open interest in these
positions, is posited to have a positive correlation with price
volatility, and the converse holds true for long positions. In
the case of the unexpected component of liquidation, its influ-
ence on price volatility aligns with that of unexpected open
interest, with all unforeseen trading activities driving price
movements towards the extremities of the liquidity distribu-
tion, thereby exacerbating price volatility.

Overall, an increase in unexpected liquidation in both long
and short positions is expected to elevate price volatility. This
is empirically corroborated in Table 5, where the estimated
coefficient for unexpected liquidated volume on long posi-
tions is significantly positive (5.008 x 10~7). Conversely,
the aggregated effect of an increase in expected liquidation
on short positions should theoretically be positive. However,
this is contradicted by the negative sign of the estimated
coefficient for expected liquidated volume on short positions
(—5.983 x 1077). A plausible explanation for this anomaly
is that a price rise, typically accompanying an increase in
short position liquidations, may attract additional liquidity
providers. This influx of liquidity providers potentially miti-
gates price volatility, with their dampening effect on volatility
surpassing the amplifying impact of liquidations. We have
conducted the Granger Causality Test to examine the rela-
tionship between the return on Bitcoin and the net change
in liquidity in the vVBTC-vUSDC pool on Perpetual Protocol
V2, which you can find in Appendix. It is shown that return
on Bitcoin Granger-cause the net change in liquidity in the
vBTC-vUSDC pool, while the reversed relationship does not
hold.

The asymmetrical effect of open interest on long and short
positions is also predicted in the theoretical work by Aoy-
agi and Ito (2021), which suggests that consuming liquidity
involves a larger price impact than adding it, resulting in the
larger marginal cost of a ETH buy order than the marginal
benefit of a ETH sell order. The model proposed in Aoy-
agi and Ito (2021) implies an ambiguous reaction of AMM
liquidity to asset volatility, driven by the migration of both
traders and liquidity providers between CEXs and DEXs.
In our test, since liquidation explicitly includes behavior of
both traders and liquidity providers, the ambiguity mentioned
in Aoyagi and Ito (2021) may help explain the inconsistency

@ Springer

between our predicted effect of expected liquidation on short
positions and the estimated coefficient.

Empirical results and analysis for GMX and GNS (with Oracle
Pricing Model)

In the realm of centralized exchanges (CEXs) and Perpet-
ual Protocol V2, traders’ behaviors and informational inputs
actively shape market prices. Conversely, in decentralized
exchanges (DEXs) such as GMX and GNS, traders accept
prices as a given, lacking the capacity to exert direct influ-
ence on price movements. The pricing mechanism in these
DEXSs is governed by a Price Oracle, as elaborated in “Price
oracles”, which assimilates prices from various exchanges,
thereby rendering transactions on GMX and GNS incapable
of impacting the price directly.® As aresult, trading activities
on these platforms, encompassing trading volume and open
interest, merely reflect traders’ interpretations and reactions
to the information encapsulated within the Price Oracle’s
determined prices.

Drawing upon Shalen’s dispersion of beliefs model (1993)
(Shalen, 1993), which posits a market dichotomy between
asymmetrically informed traders, market participants can be
categorized into informed and uninformed traders.3” Unin-
formed traders, lacking access to private information, often
engage in irrational trading based on market noise and tend to
overreact to information. They strive, albeit unsuccessfully,
to discern private information and market trends from current
price fluctuations, leading to heightened position-taking dur-
ing periods of increased price volatility. In contrast, informed
traders, operating on the basis of their private information,
exhibit relatively consistent beliefs over time and typically
engage in trading within a constrained price range, resulting

36 The code for GMX’s price feeding smart contract is publicly
accessible at: https://github.com/gmx-io/gmx-contracts/blob/master/
contracts/oracle/FastPriceFeed.sol.

37 Private information refers to the advantageous knowledge held pre-
dominantly by major market players such as fund companies and
institutions, who have superior information gathering capabilities and
insights into customer positions, distinguishing them from smaller retail
investors.


https://dune.com/queries/65034/129883
https://github.com/gmx-io/gmx-contracts/blob/master/contracts/oracle/FastPriceFeed.sol
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in a negative correlation between their positions and price
volatility (Wang, 2002).

In Panel a of Table 5, the estimated coefficients that
measure the relationship between open interest and price
volatility are predominantly negative, except the case of long
open interests in GNS. This indicates a more pronounced
influence of informed traders’ behavior, leading to the neg-
ative signs in these estimations. The impact of uninformed
traders on open interest is effectively counterbalanced by
the actions of informed traders. Notably, traders’ behaviors
exhibit asymmetry between buyers and sellers, as evidenced
by less negative (in the case of GMX) or even insignificant
(for GNS) coefficients for long positions. This asymmetry
could be attributed to uninformed traders’ tendency to over-
react more to positive news than negative, leading to an
increased propensity for long position accumulation.®

The asymmetry in long and short positions is further evi-
denced by variations in liquidated volume in relation to price
volatility. As indicated in Table 5, for GMX and GNS, the
coefficients linking liquidated volume on long positions are
significantly positive, whereas those for short positions are
not statistically significant. Additionally, Panel b of Table 5
reveals that long positions are more likely to liquidation
than short positions, as denoted by the significantly posi-
tive coefficients for L7 Qjong compared to the insignificant
coefficients for £Z Qgport - This suggests that liquidation on
long positions escalates both in frequency and magnitude
when price volatility intensifies, corroborating the notion of
traders’ asymmetric overreaction to good news. Traders tend
to overreact by not only increasing long positions but also
by employing higher leverage for long positions compared
to short, as evidenced in Table 4, resulting in a higher rate of
liquidation for long positions in both volume and probability.

Aligned with Shalen’s model, it is anticipated that unin-
formed traders are more likely to increase leverage during
periods of heightened price volatility to maximize capital
efficiency, thereby enlarging their positions at a lower cost.
In contrast, informed traders are less inclined to risk capital
under volatile conditions, leading to a negative correlation
between leverage and price volatility. Table 6 delineates
the estimated results for Eqs.31 and 32. All eight coef-
ficients relating price volatility and average leverage are
estimated to be negative (as shown in the two columns under
Regression on Eq. 31), indicating a more pronounced change
in leverage as influenced by informed traders compared
to uninformed traders. This inference is further substanti-
ated by the estimation results for Eq. 32, which demonstrate
that trading volumes with lower leverages (less than 50x)
increase, while those with higher leverages (more than 50 %)

38 Existing literature on traditional spot and future markets provides
evidence of traders’ asymmetric reactions to positive and negative news
(McQueen et al., 1996; Wang, 2002).

remain statistically unchanged in response to rising price
volatility.

In summation, the analysis reveals that informed traders
exhibit a higher level of activity compared to their unin-
formed counterparts on GMX and GNS, a conclusion sub-
stantiated by empirical data pertaining to the dynamics of
open interests and leverages. Additionally, the observed
asymmetry in open interests and liquidations between long
and short positions suggests a tendency among traders to
disproportionately overreact to good news. However, it is
imperative to acknowledge a critical distinction for analyti-
cal purposes: unlike GMX and GNS, centralized exchanges
(CEXS5s) possess a price discovery function, leading to arecip-
rocal influence between traders’ behavior and market prices.
Under Efficient-Market Hypothesis (Fama, 1970), the price
aggregates and reflects all the current private information
and information contained in the past pricing history. Conse-
quently, it is methodologically unsound to interpret changes
in trading activities, e.g., volume, open interest, liquidation,
and leverage, solely as reactions to price fluctuations. This
perspective challenges the conclusions drawn by Soska et al.
(2021), who posited that changes in liquidation are merely
passive responses to price movements, thereby overlooking
the role of liquidation as a contributory factor in price for-
mation within BitMEX, a CEX. This oversight underscores
the necessity for a nuanced understanding of the interplay
between trader behavior and price dynamics, particularly in
the context of CEXs where the price discovery process is
inherently more complex.

Conclusion

In conclusion, this study presents an in-depth Systematic
Survey of Knowledge (SoK) that effectively contrasts the
operational dynamics of Centralized Exchanges (CEXs) and
Decentralized Exchanges (DEXs) in the realm of perpet-
ual futures trading. It significantly enriches the academic
discourse by meticulously delineating the design elements,
order matching mechanisms, price discovery processes, and
custody of funds in both CEXs and DEXs, thereby offer-
ing a robust foundation for future research in this field. With
the models in our framework, any exchange could be clas-
sified into one of these predefined models, and each model
corresponds to a sort of distinctive features. The study under-
scores the necessity of developing new theoretical models,
moving beyond conventional frameworks like Kyle’s model
(Kyle, 1985), to aptly comprehend the intricacies of DEX
models. Through an empirical analysis of transaction data
from August 2020 to September 2023, it reveals a posi-
tive correlation between price volatility and trading volumes
in exchanges of the CEX Model, in line with traditional
futures markets. However, it also uncovers distinct varia-
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tions in DEXSs, particularly under the VAMM Pricing Model,
where open interest impacts long and short positions dif-
ferently. The behavior of traders in GMX and GNS, who
operate under Oracle Pricing and act as price takers, is found
to be consistent with Shalen’s dispersion of beliefs model
(Shalen, 1993). Together with Tables 3 and 7 summarizes
traders’ distinctive behavior derived by different design of
the models. Furthermore, the study highlights the propensity
of uninformed traders to disproportionately react to positive
news than negative news, thereby deepening our understand-
ing of trader behavior in DEXs and offering valuable insights
for the development of future works modeling the interaction
between exchanges of Oracle Pricing Model and the CEXs
from which the oracle collects prices. In our empirical analy-
sis, we treat investors in exchanges of Oracle Pricing Model
as isolated and independent from other exchanges so as to use
Shalen’s dispersion of beliefs model to explain their behav-
ior from the perspective of pure price takers. However, if
there emerge future models incorporating investors’ choice
among different exchanges and private information endowed,
these new models may provide more solid explanation to our
empirical findings while features of the Oracle Pricing Model
can be better documented.

Although including three DEXs in the empirical analy-
sis, our study has the potential limitation that these three
exchanges are not representative enough as the industry
evolves, making it inappropriate to generalize the findings
to other new DEXs. Furthermore, given the rapid evolution
and innovation in DEX design, new methods of constructing
exchanges may emerge, potentially rendering our classifica-
tion of exchange models incomplete.

In terms of future work, firstly, the observed asymme-
try in trading behaviors between buyers and sellers within
the Oracle Price Model DEX warrants a deeper exploration
into the psychological underpinnings of this phenomenon.
Future research could delve into whether uninformed traders
disproportionately react to positive news compared to nega-
tive news and examine the extent to which cognitive biases
or prevailing social norms may influence such behaviors.
This line of inquiry could provide valuable insights into the
psychological mechanisms at play in decentralized exchange
environments.

Secondly, the role of liquidity providers, a novel concept
in the decentralized finance (DeFi) ecosystem, presents a
rich area for academic investigation. While this paper pri-
marily analyzes the behaviors of traders in Perpetual Future
Contracts, a comparative study focusing on their counter-
parts, the liquidity providers, could yield significant findings.
Future research should consider the impact of variables such
as interest rates and the availability of alternative DeFi prod-
ucts on the behaviors of liquidity providers, particularly in the
context of Perpetual Future Contracts. Understanding how

these factors interact to influence liquidity provider behaviors
could offer a more comprehensive view of market dynamics
in DeFi.

Lastly, the potential of blockchain-based financial instru-
ments to enhance transparency and accountability in micro
financial markets is an important avenue for future research.
The decentralized and transparent nature of blockchain tech-
nology suggests that these instruments could be instrumental
in promoting accountability and transparency in micro finan-
cial markets, potentially encouraging more ethical invest-
ment practices. Future studies should explore the capacity
of blockchain-based instruments to achieve these outcomes,
examining the factors that may affect their effectiveness in
fostering responsible financial practices.

Supplementary Information  The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12525-024-00715-
1.
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