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Abstract. This paper presents a comprehensive statistical analysis of the Web3 ecosys-
tem, comparing various Web3 tokens with traditional őnancial assets across multiple time
scales. We examine probability distributions, tail behaviors, and other key stylized facts
of the returns for a diverse range of tokens, including decentralized exchanges, liquidity
pools, and centralized exchanges. Despite functional differences, most tokens exhibit well-
established empirical facts, including unconditional probability density of returns with heavy
tails gradually becoming Gaussian and volatility clustering. Furthermore, we compare as-
sets traded on centralized (CEX) and decentralized (DEX) exchanges, őnding that DEXs
exhibit similar stylized facts despite different trading mechanisms and often divergent long-
term performance. We propose that this similarity is attributable to arbitrageurs striving
to maintain similar centralized and decentralized prices. Our study contributes to a better
understanding of the dynamics of Web3 tokens and the relationship between CEX and DEX
markets, with important implications for risk management, pricing models, and portfolio
construction in the rapidly evolving DeFi landscape. These results add to the growing body
of literature on cryptocurrency markets and provide insights that can guide the development
of more accurate models for DeFi markets.

1. Introduction

The őnancial landscape has undergone a signiőcant transformation with cryptocurren-
cies, spearheaded by Bitcoin (BTC) [12]. The growing integration of cryptocurrencies into
investor portfolios and the őnancial industry’s increasing interest, evidenced by recently cre-
ated Bitcoin-based ETFs, underscore their rising prominence. However, Bitcoin represents
merely the tip of the iceberg in digital őnance.

The introduction of the Ethereum network [4] marked a pivotal moment, enabling the
creation of an ecosystem of decentralized applications now collectively known as Web3, with
Decentralized Finance (DeFi) as its most successful example [6]. This development has
expanded the cryptocurrency offering beyond simple Bitcoin clones to essential components
of a new őnancial paradigm.

In this evolving landscape, the term "cryptocurrency" has become limiting. "Tokens" more
accurately describe the diverse array of digital assets. For instance, Ether (ETH) serves as
the native token of the Ethereum network, facilitating smart contract execution. Similarly,
liquidity provider tokens like CRV allow holders to earn fees for liquidity on decentralized
exchanges such as Curve while also being tradable assets. The rapid expansion of DeFi over
the past őve years has given rise to applications addressing a broad spectrum of őnancial
needs, as detailed in [6].
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A unique feature of Web3 is that every token can be traded and has a price. This stems
from its inherent decentralization, which leads to function fragmentation. Consequently,
every project tends to have its token, irrespective of whether it was created as a medium of
exchange like Bitcoin.

This paper presents a comprehensive statistical analysis of various tokens within the Web3
ecosystem. We report a series of stylized facts and contrast these with well-documented
stylized facts in traditional equity markets [9, 5, 3, 2]. Our analysis aims to characterize the
main tokens in circulation thoroughly, potentially guiding future models and contributing to
Web3’s further development.

Moreover, we compare centralized exchanges (CEX) with decentralized exchanges (DEX),
offering insights into the evolving dynamics between traditional and decentralized őnancial
infrastructures.

Our study examines several key stylized facts, including fat-tailed return distributions,
aggregation normality, autocorrelation properties, volatility clustering, leverage effects, time-
reversal asymmetry, and factors driving cross-sectional returns.

2. Blockchain and Tokens in Web3 Ecosystems

2.1. Blockchain Technology. Blockchain technology is the cornerstone of Web3 systems,
comprising a chain of information blocks interconnected and secured through cryptographic
keys [8]. This distributed ledger technology ensures decentralized storage and transparency
across a global network of computers. While initially serving primarily as a transaction record
for Bitcoin [12], blockchain technology has evolved to support more complex functionalities,
particularly with platforms like Ethereum.

A primary challenge in decentralized systems is ensuring transaction uniqueness and pre-
venting double-spending. Consensus mechanisms such as "proof-of-work" (PoW) or "proof-
of-stake" (PoS) [19] address this by requiring network participants (miners or validators) to
validate and agree on the ledger’s state.

2.2. The Role of Tokens in Web3. Tokens play a crucial role in blockchain ecosystems,
serving various functions:

(1) L1 Tokens: Native to independent blockchains (e.g., BTC, ETH)
(2) L2 Tokens: Associated with scaling solutions built on L1 networks (e.g., ARB, OP)
(3) DeFi Tokens: Used in decentralized őnance applications (e.g., UNI, CRV)
(4) GameFi Tokens: Utilized in blockchain-based games (e.g., AXS, SAND)
(5) Meme Coins: Often created as social experiments or speculative assets (e.g., DOGE,

SHIB)
(6) Stablecoins: Designed to track a given őat currency such as the USD.

The power conferred by different tokens varies widely. For instance, native tokens like
ETH enable network validation and smart contract execution, while governance tokens offer
voting rights in protocol decisions (similar to traditional stocks).
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Figure 1. List of tokens studied, classiőed by application and consensus mechanism

2.3. Tokens in Our Analysis. Our analysis encompasses various tokens representing the
Web3 universe, as Figure 1 illustrates. This includes multiple L1 chains utilizing differ-
ent consensus mechanisms (PoW vs PoS), L2 solutions, and tokens built on the Ethereum
network. We particularly emphasize UNI, the native token of Uniswap, a prominent decen-
tralized exchange.

In addition to the many tokens, we will contrast decentralized and centralized exchanges
using ETH, which are traded on both.

2.4. Centralized vs Decentralized Exchanges. Exchanges are fundamental in Web3
because every token, regardless of its role in a given decentralized application, is also a
tradeable asset. This ability to trade is essential because a user paid on a given token might
need to purchase something else with another token. Therefore, we study whether a given
exchange will affect the statistical features of a traded token.

When it comes to Web3, there are several exchange choices. A key distinction in the cryp-
tocurrency ecosystem is between Centralized Exchanges (CEX) and Decentralized Exchanges
(DEX):

• CEXs (e.g., Binance, Coinbase): Operate similarly to traditional stock exchanges,
with a central authority managing order books and asset custody. They serve as
main entry points for őat-to-crypto transactions.
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• DEXs (e.g., Uniswap, Curve): Operate on blockchain networks using smart contracts
for peer-to-peer trading. They use liquidity pools and őxed algorithms instead of or-
der books, offering greater transparency and reduced counterparty risk but potentially
lower liquidity and higher transaction costs.

CEXs are very well known and account for the most signiőcant trading volumes. Binance
alone trades around $22 billion daily on the spot market and another $68 billion in derivatives,
according to coinMarketcap. DEXs on the other hand, only represent about 10% of CEX’s
volume. However, DEXs are fundamental for a fully on-chain application stack.

It is important, therefore, to note that if one wants to buy a given token, say ETH, one
can not just use regular őat currency such as the USD. That can be done at a CEX but not
at a DEX. The closest one can do is őrst use a CEX to convert USD to a stablecoin such
as USDC, USDT, or DAI and then exchange the stablecoin for ETH on a DEX (L1 or L2
network). Therefore, when looking at stylized facts on a DEX, we will look at the pool that
exchanges stablecoins into ETH on Mainnet (L1) or Arbitrum (L2). We will compare these
pools’ prices to a CEX ETH price.1

3. Data

This section outlines the data sources, selection criteria, and dataset characteristics em-
ployed in our study of Web3 tokens and related őnancial instruments.

3.1. Data Sources and Selection Criteria. Our study utilizes a diverse dataset encom-
passing decentralized őnance (DeFi) and traditional őnancial markets. To ensure data reli-
ability and relevance, we applied strict selection criteria. We focused on tokens associated
with teams or protocols operational with established user bases for at least two years. Ad-
ditionally, we excluded stablecoins due to their primary liquidity being on decentralized
exchanges (DEXs), which results in reported prices relative to each other without a reliable
baseline for comparison.

Our data sources include Centralized Exchanges (CEX), speciőcally token prices from
Binance and Coinbase 2, two of the largest and most liquid cryptocurrency exchanges. We
also gathered data from Decentralized Exchanges (DEX), focusing on Ethereum (ETH) prices
from Uniswap, a leading DEX. Here, we considered 5 basis point (bp) and 30 bp liquidity
pools (L1 and L2), examining ETH pairs with major stablecoins: USDC, USDT, and DAI.
For comparison with traditional őnancial markets, we included SPY ETF prices as a proxy
for the S&P 500 index and the EUR to USD exchange rate.

3.2. Data Collection Challenges and Methodological Implications. A notable aspect
of our data collection process is the inherent transparency and accessibility of blockchain-
based őnancial data. Unlike traditional őnance, where data access often comes at a signiőcant

1We distinguish pools by stablecoin and also by whether they utilize the main Ethereum L1 blockchain
(called "mainnet") or an alternative L2 network, in our case Arbitrum (Arb). Arbitrum is one of the many
scaling solutions to the Ethereum network, which speeds up transaction times and, therefore, reduces trading
fees.

2Code to download data: https://github.com/silvaac/token_style

https://github.com/silvaac/token_style
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cost, Web3 data is public by design. This openness facilitates our research and highlights a
fundamental difference between traditional and decentralized őnance ecosystems.

However, the relatively short history of many tokens (often just a few years) presents chal-
lenges for long-term analyses. To address this limitation, we focused on higher-frequency
data, speciőcally hourly and daily returns, to ensure robust statistical analyses. This ap-
proach allows us to extract meaningful insights despite the limited historical depth.

3.3. What Do We Model ? Following standard őnancial literature practice, we analyze
stylized facts using log-returns [log (price(T ))− log (price(T − t))] over a given time interval
t.In this work, t is, for the most part, one hour, but we will also look at t on the order of days
and months when illustrating the central limit theorem and shorter (minutes) when looking
at DEX price formation.

We choose log-returns because it allows us to benchmark our results against traditional
őnance assets in the literature, which normally use log-returns. However, it’s important to
note that the choice of log-returns has potential drawbacks, particularly for Web3 tokens,
given their large volatility. As discussed in [3], log-returns can potentially create spurious
effects and represent a mathematical abstraction that cannot be directly traded.

In what follows, we call "log-returns" simply as "returns" unless otherwise noted.

4. Stylized Facts

Stylized facts are well-established empirical observations consistently found in őnancial
market data [9, 5, 3, 2]. They provide a qualitative framework of accepted characteristics for
asset and market models, emphasizing the importance of detailed empirical analysis before
proposing theoretical models. This approach, akin to experimental sciences like physics, has
been fundamental in developing econophysics [9].

While several studies have documented stylized facts for cryptocurrencies, particularly Bit-
coin and Ethereum (e.g. [20, 17]), our study expands this analysis to a broader, curated list
of tokens representing various Web3 applications (Figure 1). Notably, we compare Ethereum
(ETH) traded on both decentralized (DEX) and centralized exchanges (CEX), offering novel
insights into the evolving crypto market structure.

Although the list of stylized facts can be extensive, we focus on seven key phenomena
widely observed in equity markets:

(1) Fat-tailed unconditional probability distribution for price returns over time intervals
(2) Aggregation normality: unconditional probability distribution for price returns be-

comes normal for very long time intervals
(3) Absence of auto-correlation for price returns, except potentially for short periods
(4) Volatility clustering
(5) Leverage effect
(6) Time-reversal asymmetry
(7) Few factors driving the cross-section of returns

4.1. Fat-tails and Aggregated Normality. One of the most unequivocal stylized facts
in őnance is the presence of fat-tails in the unconditional probability distribution of returns
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for time intervals typically less than a few days. This phenomenon implies that rare events
are more likely to occur than what a Gaussian distribution would predict, hence the terms
"fat-tails" or "heavy-tails" [2]. It has also been observed that this probability distribution
gradually approaches a Gaussian distribution (i.e., tails become less fat) for returns over
longer periods, typically weeks or months. We refer to this convergence towards a Gaussian
distribution as aggregated normality. In this section, we document these well-established
stylized facts for Web3 tokens.

4.1.1. Probability Density Function Analysis. Figure 2 presents the empirical unconditional
probability density function (PDF) of normalized returns over one hour, one day, and one
month for ETH traded on CEX and DEX, as well as traditional assets such as SPY and
EUR.

The őgure clearly shows that one-hour returns exhibit fat-tails which are well őt to a
power-law (∼ |x|−α−1) with α ∼ 2.4, in agreement with the őnancial literature [2]. The
one-day returns are closer to a standard normal at the center, and the tails have become
asymmetric and closer to exponential (∼ exp (−η|x|)) with η ∼ 1.7, close to the

√
2 predicted

by [16] for stocks. Finally, at one month, the returns are well approximated by a standard
normal probability distribution (red line).

Figure 3 shows the one-hour returns PDF for all Tokens in Table 1. The tails are power
law in agreement with ETH in Figure 2 and with the fat-tail stylized fact.

In Appendix 6, we analyze the cumulative distribution function (CDF) and őt the tails
of one-hour returns to a power law (CDF(x) ∼ |x|−α) for returns exceeding two standard
deviations. We őnd that the power coefficient α > 2, typically between 2 and 3 with an
average of 2.6 (Table 1), aligns with traditional őnance observations [2].

4.1.2. Jarque-Bera Test for Normality. To further quantify the convergence to the normal
distribution, We employ the Jarque-Bera (JB) test statistic, which detects deviations from
normality due to skewness or excess kurtosis. The JB test statistic for a random variable X

is deőned as:

JB(X) =
n

6

(

s2(X) +
1

4
(k(X)− 3)2

)

(1)

where n is the number of observations, s(X) is the sample skewness, and k(X) is the sample
kurtosis. Under the null hypothesis of normality, the JB statistic asymptotically follows a
chi-squared distribution with two degrees of freedom.

Figure 4 displays the JB statistic for all studied tokens (Figure 1 and Table 1) across
different return intervals, along with a linear őt to the log-log plot for each asset. Lower JB
values indicate closer adherence to a normal distribution.

Analysis of Figure 4 reveals several key insights. We cannot reject the null hypothesis of
zero skew and zero excess kurtosis with 95% conődence for most tokens for returns larger
than a few days. This őnding suggests that the return distributions of most tokens approach
normality over longer time horizons. However, exceptions exist: LTC and SPY require
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Figure 2. PDF for pool, CEX (Binance) ETH, and traditional őnance returns at one hour (1H),
one day (1D), and one month (1M) shown in a log-linear scale. PDFs are shifted for visualization:
multiplied by 1012 for 1H, 108 for 1D, and 104 for 1M. Assets include various Arbitrum and Mainnet
pools, Binance ETH, SPY, and EUR. Power law őt for 1H: ∼ |x|−η for |x| ≥ 2 where η = 3.4;

exponential őt for 1D: ∼ e−η|x| where η = 1.7.

returns larger than one month to approach normality, indicating that these assets may have
more persistent non-Gaussian characteristics.
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Figure 3. Probability density function (PDF) of one-hour normalized returns for various tokens
traded on Coinbase. Note: XRP data is sourced from Binance due to its temporary delisting from
Coinbase between early 2021 and late 2023.

The speed of convergence towards normality varies among assets, as evidenced by the
slopes of the linear őts in the log-log plot. These slopes range from -1.5 for SPY and ETH
on DEX, indicating a slower convergence, to -3 for XRP, suggesting a faster approach to
normality. The majority of assets, however, cluster around a slope of -2, as shown in Table
1, column "JB". This variation in convergence speeds provides insight into the different
dynamics governing the return distributions of various assets in traditional and decentralized
őnance markets.

4.2. Autocorrelation of Returns. This section examines the autocorrelation function
(ACF) of one-hour returns for various őnancial assets, including Web3 tokens, SPY, and
EUR. In traditional őnance, the ACF for returns is generally reported to be insigniőcant
except for short intervals, supporting the efficient market hypothesis as a reasonable approx-
imation.

Our analysis accounts for the different trading schedules of these assets. While tokens
trade continuously, SPY trades only from 9:30 to 16:00 Eastern time on weekdays, excluding
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Figure 4. Jarque-Bera statistics for tokens, SPY, and EUR against return in days, with linear
őt including error bars (gray shaded area). The red line indicates the 95% conődence level for
Gaussian distribution.

holidays. We calculate the autocorrelation for all assets over the same historical period, with
details on our methodology for handling different exchange sessions provided in Appendix 6.

To standardize our analysis across assets with varying data lengths, we scale the ACF
values by multiplying them by the square root of the number of data points. This allows us
to present consistent error bars at ±3, corresponding to a 99% conődence interval, regardless
of each asset’s data length.

Figure 5 illustrates the ACF of returns for ETH on both centralized (CEX) and decen-
tralized exchanges (DEX), alongside SPY and EUR. Results for other tokens, which are
qualitatively similar, can be found in Appendix 6.

Analysis of Figure 5 reveals that while most lags in the ACF are insigniőcant, validating the
stylized fact for our tokens, signiőcant autocorrelations are observed within the őrst hour and
at 24 hours. Notably, Mainnet and Arbitrum Uniswap trading pools (30bp) show signiőcant
positive ACF values in the őrst hour, whereas Binance ETH aligns with SPY and EUR,
showing insigniőcant őrst-hour ACF. A signiőcant negative autocorrelation is observed at 24
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Figure 5. Autocorrelation of pool, CEX, and traditional őnance assets. Tokens include Arbitrum
30bp WETH & USDC, Arbitrum 5bp WETH & USDC, Mainnet 30bp WETH & USDC, Mainnet
5bp WETH & USDC, Binance ETH.

hours, repeating less pronouncedly at 48 hours, echoing őndings by [7]. These observations
suggest distinct behaviors between DEX and CEX environments, as well as potential cyclical
patterns in crypto trading.

Figure 6 provides a comprehensive summary of autocorrelation results across all tokens,
utilizing their full history.

The left panel of Figure 6 highlights the distinct, often negative, and signiőcantly non-zero
average autocorrelations for the őrst and twenty-fourth hours, underscoring the importance
of these speciőc lags in short-term price dynamics. In contrast, the right panel, displaying
average autocorrelations for all other lags, shows insigniőcant values. This corroborates
the general lack of substantial autocorrelation, aligning with the efficient market hypothesis
beyond very short-term effects.

4.3. Volatility Clustering. Volatility clustering, a well-documented stylized fact in őnan-
cial data, is characterized by the tendency of high (low) volatility periods to follow similar
high (low) volatility periods. This phenomenon manifests in return time series as patches or
clusters of returns with similar magnitudes.

To quantify this effect, we analyze volatility’s autocorrelation function (ACF), which typ-
ically exhibits high persistence over extended periods, potentially lasting weeks. We employ
the absolute value of hourly returns as a proxy for volatility, noting that our conclusions
remain robust to the choice of proxy.
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Figure 6. Average autocorrelation of the return multiplied by the square root of the number of
hours with error bars (red dashed lines). Left: average of lag one and lag 24. Right: average of all
96 lags excluding lag one and lag 24. Color code identiőes each token sector.

For consistency with our previous analyses and to account for different exchange sessions,
we apply a similar algorithm to calculate the autocorrelation of absolute returns for tradi-
tional őnance assets (SPY, EUR) as used for the autocorrelation of returns. The detailed
methodology is available in Appendix 6.

Figure 7 presents the ACF of the absolute value of one-hour returns for ETH traded on
various exchanges, alongside SPY and EUR, over the same historical period.

Analysis of Figure 7 reveals several key insights. The ACF for ETH is unequivocally
signiőcant, with all curves substantially above the ±3 (99%) error bar. In contrast, SPY
and EUR exhibit lower ACF with substantial seasonality due to session closures. Notably,
ETH displays a subtle seasonality despite continuous trading, suggesting uneven daily trading
activity.

These results are qualitatively consistent across all tokens in Table 1. Appendix 6 provides
additional ACF plots for various tokens, utilizing all available historical data for each token.
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Figure 7. ACF of DEX pools, CEX, and traditional őnance for one-hour absolute returns over
the same historical period. Results show substantial and persistent autocorrelation that is larger
than in traditional markets.

In line with traditional őnance, all studied tokens exhibit slow decay in the absolute return
ACF, indicative of volatility clustering. The persistence and magnitude of ACF generally
exceed those of SPY, even when accounting for differences in data length. Some tokens,
such as GNO and CVX, show initial ACF levels comparable to SPY, potentially due to a
substantial number of zero one-hour returns (see Table 1). Appendix 6 offers a simulation
illustrating the impact of zero returns on the ACF.

To quantify volatility clustering, we conduct a linear regression of the log of the number
of hours (x-axis in Figure 7) against the log of the ACF of the absolute returns. Table 1
presents the resulting slope and intercept values.

According to [2], typical power-law exponents (slope of a log-log őt) for stocks range
between -0.1 and -0.4. Our analysis yields values between -0.15 for AAVE and -0.35 for
GNO or -0.34 for SHIB. These values fall well within the expected range for stock markets,
further corroborating the stylized fact of volatility clustering in crypto assets.

4.4. Leverage Effect. The leverage effect, a well-documented phenomenon in equity mar-
kets, is characterized by a negative correlation between asset returns and volatility, par-
ticularly over short time horizons. This effect suggests that negative returns are typically
associated with higher subsequent volatility, while positive returns are associated with lower
volatility. Notably, the leverage effect is primarily observed in equities and is not typically
seen in other asset classes, such as currencies.
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To quantify the leverage effect, we employ a correlation measure between returns and
absolute returns, deőned as:

L(k) ≡ E
[

(|Rt| − µ|R|)(Rt+k − µR)
]

σ|R|σR

(2)

where Rt represents the return at time t, |Rt| is the absolute return (proxy for volatility),
µR and µ|R| are the mean values of returns and absolute returns, respectively, σR and σ|R|
are the standard deviations of returns and absolute returns and k represents the time lag.

Figure 8 illustrates the correlation (Equation (2)) between past returns and future absolute
returns on the negative axis and the correlation between past absolute returns and future
returns on the positive axis for ETH (CEX and DEX) and traditional assets over the same
historical period. The correlation is multiplied by the square root of the number of hours,
consistent with other correlation őgures in this study.

Figure 8. Cross Correlation (Equation (2)) between absolute return and return where these values
are multiplied by the square root of the number of hours. Red dashed horizontal lines show ±3 SE
(99%) error bars.
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Our analysis reveals that the leverage effect is less pronounced than other stylized facts.
While most cross-correlation lags in Figure 8 are insigniőcant (−3 < L(k) < 3), there is a
clear visual distinction between negative (k < 0) and positive (k > 0) lags. The negative
lags show a cross-correlation curve oscillating around L(k) = −3 (signiőcance level) with
signiőcant values (L(k) < −3) close to zero hour/lag. SPY exhibits less signiőcant but
persistently negative values for hours less than zero, while the curves for positive hours/lags
oscillate around zero and are well within the error bars. EUR shows an oscillation of about
zero correlation for both positive and negative lags.

It is well established that stock indices exhibit the leverage effect [3], while currencies do
not [21]. Based on these literature őndings and our results in Figure 8, we can conődently
state that ETH shows the leverage effect, albeit with lower signiőcance than other stylized
facts in this study. However, we are less certain about generalizing the leverage effects for
other tokens.

Figure 9 presents the L(k) plot for all tokens in Table 1. The negative (k < 0) lags do
not show a consistent pattern across all tokens, while the positive (k > 0) lags appear more
synchronized for k > 5 but with substantial differences between tokens when k < 5.

Figure 9. Cross-correlation (Equation (2)) for all Coinbase tokens in Table 1 with error bars (red
dashed horizontal lines). Most L(k) values are within the error bars for k > 0.
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To condense this information, Figure 10 plots the average L(k) for k < 0 against the
average L(k) for k > 0. The average for k < 0 (labeled "R → |R|") measures the average
strength of the relation between current and future absolute returns (a proxy for volatility).
The leverage effect expects this relation to be negative: a large price drop (negative return)
is followed by periods of increased volatility (absolute returns). It also expects the average
L(k) for k > 0 (labeled "|R| → R") to be close to zero, indicating that current absolute
returns do not forecast future returns.

Figure 10. The horizontal axis shows the average cross-correlation [L(k)] between the past returns
and future absolute returns (labeled R to the absolute of R). The vertical axis shows the average
cross-correlation [L(k)] of past absolute returns and future returns. An asset shows the leverage
effect if it is on the negative x-axis in this őgure. A typical example is the SPY, which is on top of
the horizontal axis on the negative quadrant. We also include ±3 (99%) error bars as a red dashed
box. Values inside the box are insigniőcant for both k > 0 or k < 0.

In Figure 10, SPY exempliőes the leverage effect on the negative side of the x-axis. ETH
forms a cluster from different exchanges close to the x-axis at negative values often larger
than −3 (red dashed box), though the distance to this x-axis varies among ETH data sources.

The remaining tokens appear to form two main groups with some outliers. One group
(BCH, SOL, ARGO, etc.) is close to ETH and SPY, exhibiting the leverage effect. The other
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group, including EUR, GNO, Meme, and Gaming coins, is closer to the origin and along the
diagonal, not showing the leverage effect. Outliers such as UNI, INJ, CVX, MATIC, OP,
and LTC are challenging to classify due to large error bars. Notably, UNI sits on the red
dashed line close to the y-axis, suggesting a possible reverse leverage effect.

4.5. Time Reversal Asymmetry. Time reversal asymmetry (TRA) in őnancial time se-
ries, introduced by [21], is a concept linked to entropy and time directionality. It suggests
that őnancial time series exhibit different statistical features when viewed in reverse chrono-
logical order. This phenomenon can be illustrated by the analogy of observing broken glass:
while one can easily deduce that glass fragments originated from an intact cup, it’s nearly
impossible to envision the original cup when presented only with its fragments.

In őnancial terms, this analogy translates to the day’s volatility, measured as the absolute
value of the open-to-close return (the "full glass"), being a better predictor of future daily
volatility, computed as the standard deviation of intraday returns (the "broken pieces"),
than vice versa.

To quantify TRA, we employ a correlation measure introduced in [13]:

C(k) ≡
E

[

(|Rt| − µ|R|)(s
(D)
t+k − µs(D))

]

σ|R|σs(D)

(3)

where R is the daily return (absolute value of open to close return) and s(D) is the empirical
intraday volatility (standard deviation of hourly returns within a day).

TRA is observed when C(k) ≥ C(−k), indicating that the predictability of intraday volatil-
ity using absolute return surpasses the reverse. To visualize this asymmetry, we compute
the cumulative difference:

∆(N) =
N
∑

k=1

[C(k)− C(−k)] (4)

An increasing function of ∆(N) conőrms the presence of TRA [13].

Figure 11 illustrates ∆(N) for selected assets over the same historical period. The consis-
tently increasing lines for all assets, including both crypto and traditional őnancial instru-
ments (SPY and EUR), validate the presence of TRA, aligning with previous őndings in
traditional őnance [21, 13].

ETH exhibits TRA comparable to SPY and EUR, regardless of the exchange type (DEX
or CEX). However, similar to the leverage effect, we őnd that TRA is not universally present
across all studied tokens.

To provide a comprehensive overview of TRA across our dataset, Figure 12 plots ∆(N = 1)
against ∆(N = 20) for all tokens, color-coded by sector. This representation compresses the
information by focusing on the őrst and last terms of the cumulative sum. The presence of
TRA is indicated by data points above the diagonal line, where the last element of the sum
exceeds the őrst.
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Figure 11. Cumulative difference function ∆(N) (Equation (4)) for ETH in different exchanges
as well as SPY and EUR.

Our analysis reveals that most tokens exhibit TRA consistent with traditional assets.
However, there are notable exceptions. Interestingly, two tokens associated with the largest
DEX, UNI and BAL, do not demonstrate TRA.

4.6. Correlation Matrix and Market Factors. To analyze the cross-section of the token
market, we expanded our focus group from 25 to 145 tokens. Data was sourced from Coin-
base, a centralized exchange, starting from 2022-03-16. We down-sampled hourly returns to
daily returns to facilitate comparison with prevalent stock market studies.

Figure 13 presents a heat map of the correlation matrix of daily returns for these 145
tokens. This set represents the largest available list on Coinbase, traded hourly since 2022
without interruption. Our selection criteria prioritized the most comprehensive list of to-
kens with consistent data over the past two years without applying additional őlters. The
visualization demonstrates that a majority of these tokens exhibit high inter-correlations.

For comparison with the stock market, we gathered two years of daily closing prices for
about 1,900 US stocks from Yahoo Finance, corresponding to our token history timeline.
We őltered this stock data by including only stocks priced above $10 on the data collection
day and excluding those with daily returns correlated more than 97% with any other stock.
This approach eliminated duplicate company listings and other data anomalies.

Our analysis randomly sampled 145 stocks from this 1,900-stock universe 500 times with
replacements. For each sample, we calculated eigenvalues and then averaged these across all
samples. The eigenvalues were sorted in descending order and normalized by dividing each
by the sum of all eigenvalues. Figure 14 presents the top 20 eigenvalues from this analysis.
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Figure 12. Scatter plot of ∆(N = 1) vs ∆(N = 20) for all tokens, color-coded by sector. The
blue dashed diagonal line separates regions of TRA (above) and no TRA (below).

Figure 14 reveals striking differences between the token and stock markets. In the token
universe, the top eigenvalue accounts for 56% of the total variance, whereas in the stock
samples, it explains only about 26% (reported conservatively as the average minus three
standard errors over the 500 randomly selected stock portfolios). Importantly, the őrst
eigenvector is positive for all tokens in our sample, consistent with its interpretation as the
"market" factor, as discussed in [14, 5, 3].

Moreover, Figure 14 shows that only two eigenvalues appear signiőcant for the token
universe, exceeding the threshold expected for randomly uncorrelated assets (green line). In
contrast, stocks exhibit at least six signiőcant eigenvalues.

These őndings suggest that the token universe is driven by a smaller set of eigenval-
ues/factors than the stock market while still adhering to the stylized fact of factor-driven
markets observed in stocks [14, 5, 3]. This conclusion has important implications for modeling
and risk control of token portfolios. Speciőcally, it suggests that a few factor modelsÐlikely
fewer than those required for stocksÐmay be sufficient to effectively model the cross-section
of tokens.
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Figure 13. Correlation matrix for 145 tokens downloaded from Coinbase. The correlation was
calculated using daily returns starting in 2022-03.

4.6.1. Correlation Across Time. While illustrating the temporal evolution of the correlation
matrix presents challenges due to limited reliable data, we can gain qualitative insights by
analyzing a subset of our dataset. We focus on 25 tokens with data beginning in September
2020, extending our analysis two years earlier than the data used in Figure 14. This period
encompasses signiőcant market phases, including a bull market that saw Bitcoin’s price
increase nearly őve-fold, followed by substantial volatility in early 2021, and eventually
establishing a bull market toward the end of 2021.

To analyze correlation dynamics across these market regimes, we examine the time series
of the őrst eigenvalue of the correlation matrix for our 25-token subset. Our methodology
involves calculating a 60-day trailing correlation matrix daily, computing its eigenvalue spec-
trum, and recording the fraction of variance explained by the őrst eigenvalue at the end of
each 60-day period.

Figure 15 presents two key elements: the time series of the fraction of variance explained
by the őrst eigenvalue (upper panel) and the cumulative sum of log-returns averaged across
our 25-token sample (lower panel). During the bear period after 2022, the average explained
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Figure 14. First top 20 eigenvalues for the token universe (blue) and Stocks (orange). The solid
green line is the eigenvalue spectrum for a random matrix. Eigenvalues above the green line could
be signiőcant, particularly the őrst eigenvalue.

variance approaches 66%, notably higher than the 56% observed in our previous section. This
difference stems from our use of a substantially smaller, less diversiőed correlation matrix in
this analysis.

Despite the limited data span, our analysis reveals distinct patterns in market behavior.
The őrst eigenvalue tends to be smaller (approximately 50%) during bull markets and higher
(around 65%) during bear markets. This transition became particularly evident during the
signiőcant market downturn in 2021. Subsequently, the fraction of explained variance has
ŕuctuated around 65%, occasionally reaching 80% during rapid market declines. These őnd-
ings demonstrate a negative relationship between token market performance (particularly
Bitcoin) and the fraction of explained variance. During substantial market upswings, to-
kens show more independent movement, while market crashes tend to trigger synchronized
downward movements across tokens.

This breakdown in diversiőcation beneőts during market crashes mirrors well-documented
patterns in traditional stock markets [15]. Our analysis suggests that Web3 tokens exhibit
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Figure 15. Time-series of the variance explained by the őrst eigenvalue for a rolling 60-day corre-
lation matrix of 25 tokens (top) with the cumulative sum of the log-returns for the same portfolio
of 25 tokens (lower). The graph illustrates that bull markets are more diversiőed (less variance
explained by the őrst eigenvalue) and bear markets are less diversiőed (more variance explained by
the őrst eigenvalue).

similar behavior, where diversiőcation beneőts diminish precisely when they would be most
valuable ś during market downturns.

4.7. Token Statistics and Characteristics. Table 1 provides comprehensive statistics
for the tokens studied in this article. The "Token" column lists the tokens and exchange
information, including Binance and Coinbase as large centralized exchanges, and "arb" and
"m" denoting pools within Uniswap, the largest decentralized spot exchange. Here, "arb"
stands for Arbitrum, an L2 chain solution on top of the Ethereum L1 blockchain, while "m"
represents Mainnet, the Ethereum L1 chain.

The "Sector" column classiőes the different tokens according to their functionalities, with
a visual representation in Figure 1. The "History" column presents each token’s historical
price data range used in this work, while the "Zeros(%)" column shows the fraction of zero
one-hour returns for each token given the available history.
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We quantify various őnancial phenomena and statistical properties in the subsequent
columns. The "Avg ACF" column quantiőes the lack of autocorrelation of returns, ex-
cept at speciőc lags. It presents the average autocorrelation of returns at key points in the
autocorrelation spectrum, with "1+24" showing the average for the őrst and 24th hours and
"Else" representing the average for all lags until hour 96, excluding hours 1 and 24. Figure 5
illustrates a typical return autocorrelation plot, while Figure 6 visually represents the values
in the table.

Volatility clustering is quantiőed in the "ACF abs(R)" column, which shows the intercept
and slope of a linear regression between the log of the autocorrelation lag in hours and the
log of the ACF of the absolute return (refer to Figure 7). The "Avg Lev" column quantiőes
the Leverage effect, presenting the average of the negative ("-") and positive ("+") branches
of the cross-correlation between return and absolute return. Figure 8 demonstrates a typical
Leverage effect, with Figure 10 offering a visual representation of the values in the table
except for SPY and EUR. SPY and EUR values in the table refer to the entire history,
starting in 1998 for SPY and 2002 for EUR. However, Figure 10 shows "Avg Leg" for SPY
and EUR with historical data starting in 2021 in sync with the pool historical data. The
table shows SPY with a signiőcant leverage effect (-8.4).

Time reversal asymmetry is captured in the "TRA" column, which presents the initial
cumulative difference ("Ini") and the őnal cumulative difference ("Fin"). Figure 11 illustrates
a typical TRA, while Figure 12 visually represents these values. The "CDF Tail" column
quantiőes the fatness of power tails, showing exponents of a power law őt to the cumulative
density of returns for both positive ("R") and negative ("L") tails of normalized returns after
two standard deviations. Detailed explanations and illustrative őgures are in Appendix 6.

Lastly, the "JB" column quantiőes aggregated normality by presenting the slope of a linear
őt to the log number of days and the log of the JB statistic, as illustrated in Figure 4.

5. Discussion and Conclusion

5.1. Overview of Stylized Facts in the Cryptocurrency Market. Our comprehensive
analysis reveals that many stylized facts well-documented in equity markets are also present
in the cryptocurrency token universe. Fat tails, aggregate normality, and volatility clustering
are ubiquitous across all analyzed tokens. However, the leverage effect and time reversal
asymmetry are less prevalent. The correlation structure of the token market adheres to the
few-factor rule observed in equity markets.

Interestingly, the trading venue (DEX vs. CEX) does not signiőcantly impact these styl-
ized facts despite substantial differences in liquidity and trading mechanisms. For instance,
ETH exhibits consistent stylized facts across different trading platforms.

Our analysis across different token sectors reveals that the consensus mechanism (PoW
vs. PoS) or the classiőcation as L1 or L2 does not qualitatively alter the presence of stylized
facts. However, we observed that gaming and meme tokens tend not to exhibit the leverage
effect, although this őnding is subject to statistical uncertainty.
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5.2. Quantitative Differences Among Tokens. Despite qualitative similarities in styl-
ized facts, quantitative differences exist among tokens. Table 1 presents a series of statistics
that provide a more nuanced picture of these differences.

Many tokens exhibit substantially different data histories, stemming from data access
limitations and the varying lifespans of projects. For instance, Bitcoin (BTC) on Coinbase
has the longest history, being the őrst cryptocurrency created. While the length of historical
data doesn’t alter the presence of stylized facts qualitatively, it does impact quantitative
measurements such as autocorrelation values and tail exponents. It’s important to note
that these quantitative differences don’t fundamentally change our conclusions; for example,
variations in tail exponents are not signiőcant enough to transform a power law distribution
into an exponential one.

The fraction of zero one-hour returns (column Zero(%) in Table 1) serves as a reliable
liquidity measure. BTC and ETH demonstrate high liquidity, with less than 1% zero returns,
reŕecting their dominance in the cryptocurrency market (over 70% market share). They
appear more liquid than traditional assets like SPY and EUR, though differences in price
rounding precision complicate this comparison.

Ethereum traded on Uniswap’s 30 basis point (bp) pools (both Mainnet and Arbitrum)
shows signiőcantly lower liquidity, with over 50% zero ten-minute returns (19% hourly re-
turns) compared to just 4% for the 5bp pool (<1% hourly returns). This stark difference
indicates infrequent price movements and low trading activity in the 30bp pools.3. The liq-
uidity disparity between 30bp and 5bp pools is largely attributable to trading costs. With
30bp pools charging six times more than 5bp pools for the same trade, traders naturally
gravitate towards the more cost-effective option.

Despite their obvious disadvantages, the continued existence of 30bp pools offers insights
into DeFi’s decentralized nature. These pools, created before their 5bp counterparts, persist
due to the absence of a centralized authority capable of decommissioning them. Their
gradual phasing out is expected as traders and liquidity providers naturally migrate to more
efficient pools. This persistence of less efficient structures in DeFi environments highlights the
ecosystem’s evolutionary nature, where market forces, rather than centralized decisions, drive
changes in liquidity distribution and trading practices. It also underscores the importance
of considering historical context and decentralized governance when analyzing DeFi market
structures.

5.3. Time Stability of Stylized Facts. The statistics studied in this article can exhibit
signiőcant temporal variation. We examine this variation through BTC and ETH, focusing
on two distinct temporal frameworks: market regimes and the May 2020 halving event.

5.3.1. Market Regime Analysis. To deepen our understanding of token market dynamics, we
compare the stylized facts of BTC and ETH in two market regimes after 2020. This period
is particularly interesting as it encompasses two contrasting market phases: a signiőcant bull
market from March 2020 to April 2021 and a pronounced bear market from December 2021
to January 2023.

3The Mainnet USDT pool (trading ETH against USDT on the L1 ETH blockchain) emerges as the most
liquid 30bp pool among stablecoin pairs
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Figure 16 illustrates these distinct market phases through the scaled price movements of
both tokens. The contrast between the bull and bear markets provides an excellent natural
experiment for examining how market conditions affect the statistical properties of these
assets.

Figure 16. Scaled price of ETH and BTC starting from June 2017. The graph illustrates a bull
market and a bear market after 2020.

Our empirical analysis reveals several key őndings. Table 2 shows that certain fundamen-
tal properties remain stable across market regimes. The unconditional return distribution,
measured by the tail of the cumulative distribution function (CDF Tail), and volatility clus-
tering (ACF Abs(R)) demonstrate remarkable consistency between regimes. Both ETH and
BTC exhibit similar patterns in these metrics. While these őndings broadly align with Ta-
ble 1, we observe an important distinction in the absolute return autocorrelation. The full
dataset shows a faster decay with a slope of approximately −0.22 (Table 1), compared to
−0.13 in our regime analysis (Table 2). Section 5.3.2 attributes this difference to structural
changes around the May 2020 halving event.

Other stylized facts exhibit notable regime-dependent behavior. Return autocorrelation
patterns differ signiőcantly from the full sample statistics (Table 1). During the bear market,
both assets show insigniőcant autocorrelation at three standard errors, with "Avg ACF"
values generally within ±3 (BTC slightly lower at −3.1). However, the őrst and 24th-hour
return autocorrelations fall well below 3 in the bear market period. This pattern requires
careful interpretation, as it might reŕect market evolution rather than regime effects. Indeed,
the more recent bear market period would naturally exhibit greater efficiency, and Section
5.3.2 suggests this evolutionary interpretation.

The leverage effect presents distinct patterns across regimes. Table 2 shows negative
cross-correlation (column "Ave Lev,-") between current returns and future absolute returns
in both periods, but with varying intensity. The effect is weaker during the bear market
(values above −3) compared to the bull market (values below −3: −3.4 for BTC, −3.7 for
ETH). This asymmetry aligns with the characteristic volatility patterns of these regimes:
the high volatility of bear markets may dampen the leverage effect, while the lower volatility
during bull markets may amplify it.
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Perhaps the most striking őnding emerges from the Time Reversal Asymmetry (TRA)
analysis. Table 2 reveals a clear dichotomy: the TRA effect is notably absent during the
bull market period but manifests strongly during the bear market phase.

5.3.2. Halving Event Analysis. To further examine the temporal stability of stylized facts, we
analyze ETH and BTC across a signiőcant structural break: the May 2020 Bitcoin halving
event, when mining rewards decreased from 12.5 to 6.25 BTC. We select these tokens due
to their extensive historical data and split our analysis into pre- and post-May 2020 periods.
Our dataset encompasses this single halving event.

Table 3 reveals several persistent statistical properties across this structural break. The
unconditional probability density maintains heavy tails with tail coefficients showing min-
imal temporal variation. Similarly, the leverage effect remains consistently present, with
comparable magnitudes in both periods.

Time Reversal Asymmetry exhibits asset-speciőc temporal variation. While BTC main-
tains signiőcant TRA effects throughout both periods, ETH shows a marked change, with
TRA disappearing in the post-2020 period. This őnding aligns with our earlier observations
in Table 1 and Table 2, reinforcing that TRA’s presence depends on both the speciőc token
and the time period under consideration.

Volatility clustering persists across both periods but shows distinct characteristics. The
autocorrelation function slopes indicate stronger persistence before May 2020 (−0.19 for
BTC, −0.29 for ETH) compared to the post-halving period (−0.16 for BTC, −0.14 for
ETH). This pattern aligns with our őndings in Section 5.3.1 regarding the bull and bear
market regimes, which fall within the second half of our sample. Moreover, when comparing
these results with the full sample statistics in Table 1, we observe that the őrst half of the
data (pre-May 2020) dominates the overall sample characteristics.

The log returns’ autocorrelation provides particularly instructive insights about market
evolution. This metric, often considered the most fundamental measure of market efficiency,
shows substantially stronger negative őrst-lag autocorrelation in the őrst half of the sam-
ple. This temporal pattern suggests a systematic increase in market efficiency following the
halving event.

5.4. Cross-Exchange Arbitrage and Price Synchronization. The persistence of trad-
ing in seemingly less efficient pools, such as the 30 basis point (bp) pools, can be attributed
to a crucial feature of modern DeFi functionality: cross-exchange arbitrage. This phenome-
non is pivotal in maintaining market efficiency and price consistency across various trading
venues.

Cross-exchange arbitrage occurs when the price of a token (e.g., ETH) on a 30 bp pool is
more favorable than on other exchanges, even after accounting for higher transaction costs.
This price discrepancy incentivizes arbitrageurs to trade across different exchanges and pools,
capitalizing on the best net price after transaction costs. 4 These arbitrage trades maintain
price consistency across the diverse cryptocurrency exchange landscape.5

4Such arbitrage activities contribute signiőcantly to the daily trading volume in cryptocurrency markets.
5There are more than 500 exchanges, according to https://coinmarketcap.com/.
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Our analysis reveals no signiőcant differences in stylized facts between major centralized
exchanges like Coinbase and Binance when examining the same historical period. These
platforms’ prices are very close, leading to consistent stylized facts (detailed in Appendix
6). The comparison between centralized exchanges (CEX) like Coinbase or Binance and
decentralized exchanges (DEX) like Uniswap (on Arbitrum or Mainnet) presents a more
nuanced picture. While price differences can be more pronounced between CEX and DEX,
the stylized facts remain qualitatively identical. We posit that the persistent arbitrage
opportunities are responsible for this consistency in stylized facts across DEX and CEX
platforms.

A more detailed exploration of the price process on DEX and its relationship with CEX
is provided in Section 5.6. We show that price changes on CEX often drive corresponding
changes on DEX in Section 5.6. The resulting synchronization in price movements across
these platforms contributes to the similarity in observed stylized facts.

This interconnectedness of price dynamics across various exchange types underscores the
sophisticated nature of the cryptocurrency market ecosystem. It highlights how arbitrage ac-
tivities ensure price efficiency and contribute to the consistent manifestation of stylized facts
across diverse trading environments, from traditional centralized exchanges to innovative
decentralized platforms.

5.5. Cluster Analysis of Tokens Based on Stylized Facts. Expanding our analysis
beyond ETH on Binance and Uniswap, we turn to tokens trading on Coinbase. To com-
prehensively compare tokens based on their stylized facts, we employed a cluster analysis
approach using the statistics presented in Table 1.

We construct a distance matrix using the Euclidean distance between rows of Table 1.
The process involved normalizing each column after "Zero(%)" by subtracting its mean and
dividing by its standard deviation. We then calculate the Euclidean distance (square root
of the sum of squared differences) between each pair of rows (tokens). This resulted in a
square symmetric matrix with zeros on the diagonal, representing the distances between
tokens based on their stylized fact statistics.

Figure 17 presents the resulting distance matrix, sorted using hierarchical clustering. We
identiőed eight potential clusters, highlighted by red dashed boxes.

Key observations from the cluster analysis revealed several interesting patterns. GMO
stands out as a unique cluster, possibly due to its liquidity characteristics, though this
requires further investigation. Especially because CVX belongs to a larger cluster despite
its high zero return fraction, challenging the assumption that liquidity is a primary factor in
determining stylized facts or cluster formation.

The őrst cluster from the right comprises the largest and oldest tokens in the Web3
universe, predominantly PoW tokens (except for ETH, recently converted to PoS). This
clustering suggests that longevity and market share signiőcantly inŕuence stylized facts.
Another notable cluster includes two major spot market DEXs (UNI and BAL) and AAVE,
a lending/borrowing platform. The absence of CRV (another large spot DEX) from this
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Figure 17. Distance matrix between the vectors of stylized fact statistics in Table 1 ordered using
hierarchical clustering (method complete). We have highlighted 8 possible clusters. Tokens within
the clusters have similar stylized facts.

group can be attributed to its focus on stablecoin trading, which contrasts with the general-
purpose nature of UNI and BAL. AAVE’s inclusion likely stems from its role in facilitating
short-selling and leveraged positions, creating an interconnection with UNI and BAL.

The remaining clusters in Figure 17 show less clear delineations, combining tokens from
various sectors as listed in Table 1. This mixture of sectors within clusters suggests that the
relationships between tokens based on their stylized facts may transcend traditional sector
classiőcations.
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5.6. Detailed Analysis of DEX vs CEX Dynamics. This section analyzes the price
dynamics between decentralized exchange (DEX) pools (Arbitrum and Mainnet 30bp and
5bp WETH-USDC) and the centralized exchange (CEX) Binance ETH market, focusing on
arbitrage opportunities and price discovery mechanisms between these platforms.

5.6.1. Arbitrage Mechanics in DEX. Arbitrage bots play a crucial role in DeFi ecosystems
by exploiting price discrepancies between pools and centralized exchanges. Our analysis
aims to identify these arbitrage activities in empirical data. In an idealized scenario where
arbitrageurs are the sole traders in a pool, they trade until the pool price reaches an optimal
target value, beyond which the price difference would not yield a proőt after accounting for
trading fees.

Let Z represent the pool price, S the CEX price, and γ the fee constant (where γ = 1−0.3%
for 30bp pools and 1− 0.05% for 5bp pools). The optimal target pool price after arbitrage
is theoretically:

Zopt =











γ−1S if Z > γ−1S

Z if Z ∈ [γS, γ−1S]

γS if Z < γS

(5)

The interval [γS, γ−1S] is termed the "no-arbitrage region," where arbitrageurs cannot proőt
due to trading fees. We refer the interested reader to [18, 1, 10] for further details.

5.6.2. Empirical Observations. Figure 18 illustrates the price time series (1-minute intervals)
for 2023/9/13 14:00:00 to 2023/9/13 18:00:00, including the no-arbitrage region boundaries.
The 30 bp pool price remains consistent within the no-arbitrage region, only moving when
it touches the boundaries. The same behavior can be observed for the 5 bp pool, but since
the 5 bp is tighter, the price jumps more often than in the 30 bp pool.

Figure 18 suggests that CEX leads DEX in price discovery. The price discovery appears
to happen on CEX, and only when it is proőtable does the price on a DEX change to match
the new CEX price [1, 10, 11]. We can further formalize this observation by examining the
correlation between lagged ETH returns on a CEX and on a DEX.

5.6.3. Price Discovery and Lead-Lag Relationships. Speciőcally, we analyze the cross-correlation
of returns on a 10-minute scale. Let RB denote Binance (CEX) ETH returns and Rp the
Uniswap (DEX) ETH pool returns. For a given lag k ∈ Z, the cross-correlation is computed
as:

E [RB(t)Rp(t+ k)]

σRB
σRp

(6)

Figure 19 displays this cross-correlation. The result suggests that CEX price affects the
pool price from now to twenty minutes in the future but not vice versa, providing evidence
that the pool price is pushed by CEX.

The observed patterns in price movements and cross-correlations provide several insights
into the dynamics between DEX and CEX. The 30bp pool’s strict adherence to the no-
arbitrage region suggests highly efficient arbitrage mechanisms, likely due to the higher fees
attracting more sophisticated traders. In contrast, the 5bp pool’s occasional excursions
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Figure 18. Price time series (1-minute timescale) from 2023/9/13 14:00:00 to 2023/9/13 18:00:00.
Dashed lines indicate the upper and lower boundaries of the no-arbitrage region.

Figure 19. Cross-correlation between DEX pool and CEX returns, the error bars are ±2 standard
errors.

outside the no-arbitrage region indicate a more diverse trader base, potentially including
more retail or less latency-sensitive participants.

The cross-correlation analysis reveals important lead-lag relationships between DEX and
CEX, providing clear evidence that CEX leads in price discovery. This őnding has signiőcant
implications for understanding information ŕow in cryptocurrency markets and could inform
trading strategies that exploit these temporal dynamics.
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5.6.4. Implications of Fee Structures. Furthermore, the differences in behavior between 30bp
and 5bp pools highlight how fee structures can signiőcantly impact trading dynamics and
market efficiency. The higher fees in the 30bp pool appear to create a more stable price
environment, while the lower fees in the 5bp pool lead to more frequent price adjustments,
potentially offering more opportunities for nimble traders [10].

Lastly, the persistence of price discrepancies, particularly in the 5bp pool, suggests on-
going arbitrage opportunities for sophisticated traders. This observation underscores the
complexity of the cryptocurrency market ecosystem, where different trading venues and fee
structures create a rich landscape of opportunities and challenges for market participants.
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Appendix

Appendix 1. Tail Behavior Analysis

Financial time series exhibit łfat tailsž characterized by power-law decay, particularly at
short time scales. We investigate this phenomenon by analyzing the Cumulative Distribution
Function (CDF).

We normalize return data and compute the empirical CDF:

F̂ (x) ≡ 1

n

n
∑

i=1

1Xi≤x (7)

To visualize tail behavior, we plot the logarithm of the following:
{

1− log F̂ (x) if x ≥ 0 (denoted by □)

log F̂ (−x) if x < 0 (denoted by ▲)
(8)

We ŕip the x < 0 part to the positive x-axis, enabling simultaneous examination of both
tails. Figures 20, 21, 22, and 23 display Equation (8) for various assets and timescales.

Figure 20 shows the power-law tails for one-hour returns and the progression to a Gaussian
distribution of the CDF presented as in Equation 8. This is equivalent to Figure 2 for the
PDF but with an increased emphasis on the tails.
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Figures 21, 22, and 23 extend the analysis to all other tokens in Table 1 by presenting the
one-hour returns CDF (Equation 8). The tails of the CDF are power law with a coefficient
of α ∼ 2.63, similar to the value in the main text.

Appendix 2. Autocorrelation details

To enable comparison between traditional assets and Web3 tokens, we implement a cus-
tom autocorrelation function (ACF) algorithm. This approach addresses the discrepancy in
trading hours between traditional assets (e.g., SPY trades for 6.5 hours) and continuously
traded Web3 tokens.

We compute the ACF at lag k for SPY using the following equation:

1√
N

∑

(Rt,Rt+k)∈Ik

(Rt − µ̂1)(Rt+k − µ̂2)

σ̂1σ̂2

(9)

where Rt is the return at time t, Ik is the set of return pairs for lag k, N is the size of Ik,
and µ̂1, µ̂2, σ̂1, σ̂2 are empirical means and standard deviations of the respective return sets.

Equation (9) calculates ACF for every hour in a day, resulting in "gap" periods with no
pairs of hours for SPY (e.g., at a lag of 12 hours).

Figures 24, 25, 26, 27, 28, and 29 display autocorrelations of returns and absolute returns
for tokens listed in Table 1, using all available historical data. These őgures support the
main text őndings: return autocorrelations are mostly noise except for speciőc lags, while
absolute return autocorrelations are large and decay slowly, indicating volatility clustering.

Appendix 3. Random Zeros Replacement

We investigate the impact of zero returns on the autocorrelation function (ACF) using
Coinbase BTC data. We randomly replace 24% of data points with zeros (matching GNO’s
zero-return proportion) in 10 modiőed datasets. Figure 30 compares ACFs of returns and
absolute returns between modiőed and original data.

Results show minimal impact on returns ACF but a consistent downward shift in absolute
returns ACF for modiőed datasets. This suggests zero returns don’t signiőcantly affect price
changes’ linear dependence but can lead to underestimated volatility persistence, potentially
explaining lower ACF levels in tokens with high zero-return proportions.
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Appendix 4. Coinbase vs Binance Comparison

We compare Coinbase and Binance data for ETH and BTC from September 23, 2021,
to October 18, 2023. Figure 31 shows one-hour returns’ cumulative distribution functions,
revealing minimal differences except at extreme tails. Figure 32 compares autocorrelation
functions for returns and absolute returns, showing largely indistinguishable patterns.

These őndings demonstrate negligible price differences between Binance and Coinbase dur-
ing the study period, reinforcing the consistency of observed stylized facts in cryptocurrency
markets.
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Token Sector History Zeros(%)
Avg ACF ACF Abs(R) Avg Lev TRA CDF Tail

JB

1+24 Else Slope Int. + - Ini Fin R L

SPY TradFi 1998/7/1ś2023/12/5 2 -0.86 3.9 NaN NaN 0.52 -8.4 0.048 0.34 2.5 2.5 -1.5
EUR TradFi 2002/10/21ś2023/12/5 2 -0.82 3.8 NaN NaN 0.1 0.3 0.091 0.41 2.7 2.7 -1.8
Binance BTC PoW+L1 2021/9/23ś2023/10/18 <1 -1.3 1.6 -0.26 -1.3 0.4 -1.6 0.13 0.99 2.4 2.5 -2.3
Binance XRP PoS+L1 2020/12/31ś2024/1/31 1 -4 1.7 -0.22 -1.2 0.82 1.1 0.12 0.88 2.3 2.4 -3
Binance ETH PoS+L1 2017/8/17ś2023/10/18 1 -9.1 2.5 -0.22 -1.2 1.5 -6.3 0.21 0.23 2.6 2.5 -1.8
arb30bp DAI L1 2021/9/23ś2023/10/18 12 1.5 1.5 -0.21 -1.2 0.2 -3 0.075 0.75 2.5 2.5 -1.5
arb30bp USDC L1 2021/9/23ś2023/10/18 5 0.12 1.5 -0.19 -1.1 0.18 -2.9 0.081 0.73 2.6 2.5 -1.5
arb5bp USDC L1 2021/9/23ś2023/10/18 <1 -1.1 1.6 -0.2 -1.1 0.27 -2.9 0.072 0.6 2.5 2.5 -1.5
arb5bp USDT L1 2021/9/23ś2023/10/18 <1 -1.7 1.5 -0.22 -1.1 0.41 -3.3 0.15 0.6 2.5 2.4 -1.7
Coinbase AAVE Saving+Deő 2020/12/15ś2023/11/6 <1 -2.7 1.7 -0.15 -1.1 1.2 -1.5 0.063 -0.024 2.8 2.9 -1.6
Coinbase ADA PoS+L1 2021/3/18ś2023/11/6 2 -9.1 1.6 -0.19 -1.3 1.5 -3 0.043 0.07 2.6 2.6 -2
Coinbase ALGO PoS+L1 2019/8/15ś2023/11/6 3 -8.5 2 -0.19 -1.3 0.64 -1.7 0.13 0.58 2.9 3 -1.9
Coinbase ATOM PoS+L1 2020/1/14ś2023/11/6 <1 -7.4 1.9 -0.18 -0.98 1.2 -2.4 0.08 0.46 2.7 2.9 -2.3
Coinbase AVAX PoS+L1 2021/9/30ś2023/11/6 4 -5.8 1.5 -0.2 -1 0.22 -2.2 0.14 0.41 2.8 2.8 -2.1
Coinbase AXS Gaming 2021/8/12ś2023/11/6 6 -5.1 1.4 -0.24 -1.2 0.24 0.38 0.15 0.57 2.2 2.7 -2
Coinbase BAL Exchange+Deő 2020/10/6ś2023/11/6 7 -3.7 1.7 -0.16 -1.4 0.97 -2.1 0.033 -0.075 3.2 2.9 -1.8
Coinbase BCH PoW+L1 2017/12/20ś2023/11/6 <1 -7.9 2.6 -0.27 -0.87 0.91 -2.9 0.21 0.74 2.4 2.5 -2.7
Coinbase BTC PoW+L1 2016/1/1ś2023/11/6 <1 -8.3 2.8 -0.2 -1.1 1.3 -6.2 0.23 0.48 2.5 2.4 -2.3
Coinbase CRV Exchange+Deő 2021/3/25ś2023/11/6 1 -2.4 1.5 -0.19 -0.92 0.68 -2 0.085 0.37 2.8 2.8 -2.1
Coinbase CVX Stacking+Deő 2022/9/8ś2023/11/6 18 -2.5 0.99 -0.33 -1.5 -0.55 1 0.16 0.87 2.5 2.5 -1.9
Coinbase DOGE PoS+Memecoin 2021/6/3ś2023/11/6 2 -5.3 1.5 -0.33 -1.4 0.4 0.36 0.15 0.64 2.3 2.6 -2.1
Coinbase DOT PoS+L1 2021/6/16ś2023/11/6 1 -3.5 1.4 -0.23 -1 0.33 -1.9 0.14 0.48 2.7 2.8 -1.9
Coinbase ETH PoS+L1 2016/5/18ś2023/11/6 1 -7.6 2.9 -0.24 -1.1 2.7 -5.6 0.21 0.56 2.5 2.5 -1.8
Coinbase GNO PoS+L1 2022/7/21ś2023/11/6 24 -11 0.99 -0.35 -0.96 0.041 -0.063 0.053 0.77 3.3 3.3 -1.7
Coinbase INJ Exchange+Deő 2022/9/20ś2023/11/6 3 -4.1 1.2 -0.19 -1.2 0.19 1.9 0.043 -0.55 2.7 2.7 -1.6
Coinbase LINK Oracle 2019/6/27ś2023/11/6 <1 -9.1 2.1 -0.23 -1.5 1.5 -3 0.16 0.67 2.9 2.7 -2.2
Coinbase LTC PoW+L1 2016/8/17ś2023/11/6 4 -11 2.7 -0.25 -0.8 1.7 -1 0.2 0.64 2.5 2.6 -1.6
Coinbase MATIC L2 2021/3/11ś2023/11/6 <1 -6.7 1.7 -0.15 -1.2 2.1 0.31 0.097 0.42 2.5 2.8 -2.2
Coinbase OP L2 2022/6/1ś2023/11/6 4 -0.15 1.3 -0.19 -0.82 -0.41 -1 0.15 1.4 2.5 2.6 -1.8
Coinbase SAND Gaming 2022/5/26ś2023/11/6 2 -0.91 1.2 -0.21 -1.1 0.26 0.13 0.077 0.34 2.7 2.6 -1.8
Coinbase SHIB PoS+Memecoin 2022/1/1ś2023/11/6 8 -7.4 1.4 -0.34 -1.2 0.29 0.015 0.2 0.71 2.3 2.5 -2.6
Coinbase SNX Exchange+Deő 2020/12/15ś2023/11/6 2 -5.9 1.5 -0.22 -1.2 0.7 0.55 0.12 -0.05 2.8 3 -2.3
Coinbase SOL PoS+L1 2021/6/17ś2023/11/6 2 -4.1 1.8 -0.33 -1.2 0.49 -2.2 0.17 0.76 2.6 2.9 -1.8
Coinbase UNI Exchange+Deő 2020/9/17ś2023/11/6 1 -5.1 1.6 -0.19 -1.2 3 0.62 0.023 -0.032 2.7 2.8 -1.7
m30bp DAI L1 2021/9/23ś2023/10/18 19 -0.21 1.5 -0.19 -1.2 0.18 -3.1 0.094 0.69 2.5 2.5 -1.6
m30bp USDC L1 2021/9/23ś2023/10/18 8 -0.46 1.5 -0.18 -1.2 0.15 -3.2 0.1 0.68 2.4 2.5 -1.5
m30bp USDT L1 2021/9/23ś2023/10/18 4 -0.64 1.6 -0.18 -1.2 0.14 -3.1 0.089 0.65 2.5 2.5 -1.5
m5bp USDC L1 2021/9/23ś2023/10/18 6 -1.8 1.6 -0.18 -1.2 0.17 -3 0.095 0.51 2.4 2.5 -1.5

Table 1. Assets and statistics. We call "arb" the Arbitrum pool and "m" the Mainnet pool.

Token Regime History Zeros(%)
Avg ACF ACF Abs(R) Avg Lev TRA CDF Tail

JB
1+24 Else Slope Int. + - Ini Fin R L

BTC Bear 2021/12/1ś2023/1/1 <1 -3.1 2.9 -0.16 -1.2 0.37 -2.0 0.13 0.95 2.3 2.3 ś
BTC Bull 2020/3/1ś2021/4/1 <1 -7.9 2.8 -0.12 -1.1 0.73 -3.4 0.26 0.13 2.4 2.2 ś
ETH Bear 2021/12/1ś2023/1/1 <1 -2.6 3.0 -0.14 -1.2 0.41 -2.6 0.11 0.63 2.3 2.3 ś
ETH Bull 2020/3/1ś2021/4/1 <1 -7.5 2.9 -0.12 -1.1 0.6 -3.7 0.22 -0.23 2.5 2.4 ś

Table 2. Statistics in Bull and Bear markets

Token Halving History Zeros(%)
Avg ACF ACF Abs(R) Avg Lev TRA CDF Tail

JB
1+24 Else Slope Int. + - Ini Fin R L

BTC Before 2017/8/17ś2020/4/30 <1 -9.0 1.7 -0.19 -1.2 0.7 -4.2 0.28 0.56 2.4 2.4 ś
BTC After 2020/5/1ś2023/10/19 <1 -3.6 1.9 -0.16 -1.1 1.3 -3.0 0.13 0.38 2.7 2.6 ś
ETH Before 2017/8/17ś2020/4/30 <1 -8.5 1.7 -0.29 -1.2 0.9 -4.4 0.29 0.41 2.5 2.4 ś
ETH After 2020/5/1ś2023/10/19 <1 -2.9 2.0 -0.14 -1.1 1.6 -4.1 0.09 0.05 2.8 2.5 ś

Table 3. Statistics before and after May 2020
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Figure 20. Cumulative Distribution Function in log-linear scale using Equation (8) for pool, CEX
ETH, and traditional őnance returns at one-hour (1H), one-day (1D), and one-month (1M) time
scales. Assets include Arbitrum 5bp WETH-USDC, Mainnet 5bp WETH-USDC, Binance ETH,
SPY, and EUR. CDF deviates from the standard normal distribution at short return intervals.
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Figure 21. Log-log plot of CDF tails using Equation (8) for L1 tokens’ one-hour normalized
returns. A power law őt ∼ |x|−α with α = 2.63 is overlaid for comparison.

Figure 22. Log-log plot of CDF tails using Equation (8) for miscellaneous tokens’ one-hour nor-
malized returns. A power law őt ∼ |x|−α with α = 2.63 is included for reference.
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Figure 23. Log-log plot of CDF tails using Equation (8) for DeFi tokens’ one-hour normalized
returns. A power law őt ∼ |x|−α with α = 2.63 is shown for comparison.

Figure 24. Autocorrelation function of L1 tokens’ one-hour returns.
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Figure 25. Autocorrelation function of L1 tokens’ one-hour absolute returns.

Figure 26. Autocorrelation function of miscellaneous tokens’ one-hour returns.
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Figure 27. Autocorrelation function of miscellaneous tokens’ one-hour absolute returns.

Figure 28. Autocorrelation function of DeFi tokens’ one-hour returns.
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Figure 29. Autocorrelation function of DeFi tokens’ one-hour absolute returns.

Figure 30. Autocorrelation of one-hour absolute returns for Coinbase BTC (black marks) and the
zeros-replaced samples with replacement rate r = 0.24 (colored marks)



STYLIZED FACTS IN WEB3 41

Figure 31. CDF of Binance and Coinbase ETH, BTC returns from 2021/9/23 to 2023/10/18. We
show a mountain plot: CDF(x) for x<0 and 1-CDF(x) for x>0.

Figure 32. Autocorrelation functions of Binance and Coinbase ETH, BTC return & absolute
return for data from 2021/9/23 to 2023/10/18. The curves for the same token overlap.
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