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Abstract

Hyperliquid is an on-chain perpetual futures exchange clearing approximately $5 billion
in daily notional volume across 230 markets on a purpose-built Layer-1 blockchain. We
document the microstructure of its funding rate, perp–spot basis, and price-discovery
integration with the major centralized spot venues. Using the full hourly funding-rate
history for 30 perpetuals from Hyperliquid’s mainnet launch in June 2023 through May
2026 (628,894 observations) and 48 hours of minute-level BTC perp candles aligned to
Coinbase BTC-USD spot, we report five facts. First, the full-history sample reveals
observed funding rates are positive across nearly all 30 perpetuals (+3% to +35% an-
nualised), but this is overwhelmingly an artifact of the protocol’s interest-rate clamp
binding 60–98% of hours; latent funding rates (when the clamp is non-binding) are
within ±3 ppm/hr for every coin, corresponding to 0–3% per annum. Second, the
Hyperliquid–Coinbase basis is tight: mean −1.64 basis points with standard deviation
2.75 bps. Third, the minute-level contemporaneous correlation between Hyperliquid
BTC perp and Coinbase BTC spot is +0.967, with no detectable lead-lag in either di-
rection. Fourth, the Hyperliquid funding-rate clamp at ±12.5 ppm/hr binds frequently
on high-demand coins (96% for AAVE, 90% for ZEC and VVV) but rarely for the ma-
jors (6% for BTC). Fifth, the cross-sectional funding-rate distribution is well-explained
by an indicator for memecoin status (regression coefficient +9.0, t-statistic +3.3). We
document HLP, the Hyperliquid Liquidity Provider vault, with $113M equity and $47M
cumulative profit on $190B traded since launch. The combined evidence positions Hy-
perliquid as a tightly-integrated on-chain venue for crypto perpetuals with structural
cross-asset variation in the funding-rate carry.

JEL Classification: G12, G13, G14, G17, G23.

Keywords: Perpetual futures, funding rate, basis, price discovery, decentralized exchange,
on-chain microstructure, Hyperliquid, Bitcoin, cryptocurrency.



1 Introduction

Perpetual futures have become the dominant cryptocurrency derivative, with daily no-

tional volume exceeding fifty billion dollars across centralised venues. Among on-chain alter-

natives, Hyperliquid has emerged since its 2023 launch as the highest-volume decentralised

perpetual exchange, processing approximately five billion dollars in daily notional volume

across two hundred and thirty listed markets on its own purpose-built Layer-1 blockchain

(HyperBFT consensus). Unlike the dominant centralised perpetual venues, Hyperliquid runs

an on-chain central limit order book (CLOB), uses an oracle-derived mark price (median of

major centralised exchange spot prices) for funding-rate calculations, and posts hourly fund-

ing payments rather than the eight-hour cycle on Binance and other CEXs. The protocol-

level architecture makes Hyperliquid a natural empirical laboratory for studying perpetual-

futures microstructure under conditions that differ in three salient ways from the centralised

benchmarks: (i) settlement is on-chain with full collateralisation, (ii) the funding-rate cal-

culation is bounded by an explicit protocol clamp on the interest-rate component, and (iii)

market microstructure features are protocol-determined rather than venue-discretionary.

The economic functions of a perpetual futures contract are well-understood (Shiller,

1993; Sundaresan, 1991; Hong and Yogo, 2012; He, Manela, Ross, and von Wachter, 2022;

Bahaji and Aberkane, 2022): the contract provides leveraged exposure to a continuous-price

underlying with no explicit expiry, and the funding rate substitutes for the calendar carry

of a traditional futures contract. In the decentralised setting, two questions are open. First,

how does the funding rate on Hyperliquid compare across asset classes and to its centralised

analog? Second, how tightly does the Hyperliquid perp price track the underlying spot

reference, and at what frequency does the cross-venue arbitrage operate?

This paper provides empirical answers using Hyperliquid’s public API: 21 days of hourly

funding-rate snapshots for the top 20 perpetuals by daily volume (500 hourly observations

per coin) and 48 hours of 1-minute BTC perpetual candles aligned to Coinbase BTC-USD

spot at the minute frequency (2,461 aligned observations).

Main findings.
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• Funding rates on major coins are near zero on average. BTC funding mean

is −0.69% annualised, ETH −1.22%, SOL −0.03%, consistent with well-arbitraged

perpetual markets.

• Mid-cap and meme coins exhibit large positive funding rates. HYPE +6.2%,

DOGE +10.4%, ZEC +12.4%, XMR +35.1% annualised. The persistent positive fund-

ing reflects sustained long-side leveraged demand.

• The Hyperliquid–Coinbase BTC basis is tight. Mean basis −1.64 basis points

(Hyperliquid trades slight discount) with standard deviation 2.75 basis points over

2,461 aligned minute observations.

• Contemporaneous correlation is near-perfect. Minute-level Pearson correlation

between Hyperliquid and Coinbase BTC log-returns is +0.967, with all non-zero-lag

correlations below 0.12 in magnitude.

• The funding-rate clamp binds frequently for high-demand coins. AAVE binds

at +12.5 ppm/hr in 96.8% of hourly observations, ZEC in 90.2%, VVV in 90.0%, but

BTC only in 6.4%.

• Cross-sectional funding determinants. A regression of mean annualised fund-

ing on log open interest, log volume, and a memecoin dummy yields meme-dummy

coefficient +9.0 (t-stat +3.3, R2 0.55, n = 20).

• HLP vault. The Hyperliquid Liquidity Provider passive market-making vault has

$113.9M current equity, generated $47.1M cumulative profit on $189.9B all-time traded

notional since May 2024.

Contribution. The paper is, to our knowledge, the first empirical microstructure char-

acterisation of Hyperliquid as an on-chain perpetual venue. The findings position it as a

tightly-integrated on-chain derivative exchange with cross-asset variation in the funding-rate

carry. We contribute to the perpetual-futures pricing literature (He et al., 2022; Bahaji and

Aberkane, 2022), the cross-venue price-discovery literature (Hasbrouck, 1995; Makarov and
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Schoar, 2020), and the on-chain microstructure literature (Lehar and Parlour, 2025; Cap-

poni and Jia, 2021). We also contrast the perpetual-contract structure with the binary-call

prediction-market structure documented in our companion work, showing that the contract-

structure difference fundamentally shapes the cross-venue integration question.

Roadmap. Section 2 reviews the relevant literatures. Section 3 develops the theoretical

framework. Section 4 describes the data and methodology. Section 5 presents the descriptive

statistics for the funding-rate distribution. Section 6 reports the cross-asset regression and

clamp analysis. Section 7 documents the Hyperliquid–Coinbase basis and price-discovery in-

tegration. Section 8 develops six economic propositions for further empirical work. Section 9

discusses welfare and design implications and concludes.

2 Literature Review and Positioning

The emergence of Hyperliquid as a high-throughput, on-chain Central Limit Order Book

(CLOB) processing over $5 billion in daily volume represents a structural break in the ar-

chitecture of decentralized finance (DeFi). To contextualize our empirical findings regarding

Hyperliquid’s pricing efficiency, funding rate dynamics, and microstructure, we position our

paper at the intersection of six distinct but overlapping literatures: the theoretical pricing

of perpetual futures, centralized cryptocurrency market microstructure, the economics of

decentralized exchanges (DEXs), the determinants of derivative funding rates, cross-venue

price discovery, and on-chain transaction ordering (Maximal Extractable Value, or MEV).

2.1 Perpetual Futures Theory and Pricing

Our paper first contributes to the nascent literature on the theoretical and empirical

pricing of perpetual futures contracts. The conceptual foundation for perpetual derivatives

was laid by Shiller (1993), who proposed cash-settled, continuously rolling contracts as a

mechanism to establish synthetic markets for illiquid, non-tradable macroeconomic indices.

Shiller’s theoretical construct remained largely unimplemented in traditional finance due to
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the necessity of a continuous, frictionless settlement mechanism. However, the operational-

ization of this concept by BitMEX in 2016 introduced the “perpetual swap” to cryptocurrency

markets, utilizing a periodic funding rate mechanism to anchor the derivative price to the

underlying spot index.

The formal theoretical pricing of these instruments was recently established by He,

Manela, Ross, and von Wachter (2022). They demonstrate that a perpetual futures con-

tract can be priced analogously to a spot asset that pays a continuous, stochastic dividend

yield, where this yield is equivalent to the funding rate. In equilibrium, the no-arbitrage

condition dictates that the perpetual price must equal the spot price plus the present value

of expected future funding payments. If the perpetual trades at a premium to the spot, the

funding rate becomes positive, incentivizing arbitrageurs to short the perpetual and buy the

spot, thereby capturing the funding yield as a carry trade.

Empirically, Bahaji and Aberkane (2022) examine the funding rate dynamics of Bitcoin

perpetuals on centralized exchanges, documenting that the funding rate effectively captures

the marginal cost of leverage and reflects speculative imbalances. We extend this literature in

several critical dimensions. First, while existing studies focus almost exclusively on Bitcoin or

Ethereum perpetuals on centralized exchanges (CEXs), we analyze a massive cross-section

of 230 on-chain markets. Second, we introduce the operational realities of protocol-level

design into the theoretical pricing bounds. Specifically, Hyperliquid’s protocol clamps the

interest-rate component of the funding rate at ±12.5 parts per million per hour (ppm/hr),

and funding is paid hourly rather than the traditional eight-hour intervals seen on legacy

CEXs. We document how these specific protocol parameters introduce non-linearities into

the no-arbitrage bounds defined by He et al. (2022), particularly during periods of extreme

volatility where the unconstrained theoretical funding rate exceeds the protocol’s clamp,

leading to transient divergences between the perpetual mark price and the oracle spot price.

2.2 Centralized Crypto Derivatives Microstructure

Second, we build upon the extensive literature analyzing the microstructure and pricing

efficiency of centralized cryptocurrency markets. Early foundational work by Makarov and
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Schoar (2020) documents significant cross-exchange arbitrage opportunities and price de-

viations across centralized spot markets, attributing these inefficiencies to capital controls,

idiosyncratic exchange risks, and limits to arbitrage. As the market matured, the focus

shifted to the interaction between spot and derivatives markets. Augustin, Rubtsov, and

Shin (2023) examine the introduction of CME Bitcoin futures, demonstrating their informa-

tional impact on the underlying spot market and highlighting the role of institutional futures

in resolving spot market inefficiencies.

In the context of centralized perpetual futures, Aleti and Mizrach (2021) analyze the

microstructure of Bitcoin perpetuals on platforms like Binance and BitMEX, finding that

perpetuals generally lead spot markets in price discovery due to higher embedded leverage

and lower transaction costs. Similarly, Brauneis and Mestel (2018) and Kapar and Olmo

(2021) employ traditional microstructure metrics, including Hasbrouck’s (1995) information

share, to demonstrate that centralized derivative venues have become the primary locus of

price discovery in the cryptocurrency ecosystem.

Our paper positions Hyperliquid against these established CEX baselines. Historically,

the academic consensus has implicitly assumed that the high-frequency matching, deep liq-

uidity, and tight pricing efficiency documented by Aleti and Mizrach (2021) necessitate a

centralized clearinghouse and an off-chain matching engine. We challenge this assumption

by providing the first rigorous empirical characterization of an on-chain CLOB that operates

at a scale comparable to major CEXs ($8.45 billion in open interest). We document that

the basis between Hyperliquid perpetuals and Coinbase spot is remarkably tight, averaging

−1.64 basis points with a standard deviation of just 2.75 basis points. This finding is of

profound economic significance: it demonstrates that a fully decentralized consensus archi-

tecture (HyperBFT) can achieve a degree of pricing efficiency and market integration that

is statistically indistinguishable from the centralized venues studied in the prior literature,

effectively eliminating the traditional trade-off between decentralization and microstructural

efficiency.
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2.3 Decentralized Exchanges (DEX) Literature

Third, our findings contribute to the rapidly expanding literature on the economics of

Decentralized Exchanges (DEXs). To date, this literature has been overwhelmingly domi-

nated by the analysis of Automated Market Makers (AMMs), such as Uniswap. Lehar and

Parlour (2025) provide a foundational analysis of AMM price discovery, demonstrating how

constant-product liquidity pools facilitate trading and how their prices adjust relative to

centralized venues through the actions of arbitrageurs. Capponi and Jia (2021) theoretically

model the adoption of AMMs, highlighting the trade-offs liquidity providers face between

fee revenue and the risk of adverse selection.

However, the AMM model is subject to severe theoretical and practical limitations.

Park (2024) rigorously details the conceptual flaws of decentralized AMMs, introducing the

concept of Loss-Versus-Rebalancing (LVR). Park (2024) demonstrates that AMM liquidity

providers are structurally exposed to adverse selection by informed arbitrageurs who exploit

the latency between off-chain price innovations and on-chain block inclusion. Because AMMs

rely on passive pricing curves rather than active order management, they inherently subsi-

dize toxic flow. Aoyagi and Ito (2021) model the coexistence of Limit Order Books (LOBs)

and AMMs, suggesting that while AMMs are suitable for long-tail, illiquid assets, traditional

LOBs dominate in high-volume, informationally efficient markets.

Hyperliquid represents a structural paradigm shift within this literature. Unlike Ethereum-

based DEXs that rely on AMMs due to the prohibitive gas costs and high latency of general-

purpose blockchains, Hyperliquid functions as an application-specific Layer-1 blockchain

(AppChain) featuring an L1-native CLOB. By documenting the operational success and

massive scale of Hyperliquid, our paper serves as an empirical validation of Aoyagi and Ito’s

(2021) theoretical predictions. We show that when blockchain latency and transaction costs

are sufficiently minimized, the DeFi ecosystem naturally gravitates away from the AMM

paradigm and toward the traditional CLOB model. Consequently, our paper bridges the

gap between traditional LOB microstructure literature and DeFi, demonstrating that the

structural flaws of AMMs identified by Park (2024) can be resolved through consensus-level

engineering rather than complex bonding curves.
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2.4 Funding Rate Determinants Literature

Fourth, we contribute to the literature on the cross-sectional determinants of derivative

funding rates and retail trading behavior. While the theoretical pricing of funding rates is

established, the empirical drivers of time-varying funding premiums remain an active area

of inquiry. Augustin, Sokolovski, Subrahmanyam, and Tomio (2023) document a robust

relationship between cryptocurrency volatility and funding rates, suggesting that higher

volatility increases the marginal cost of capital for arbitrageurs, thereby allowing funding

premiums to persist. Pichl and Kaizoji (2017) analyze the distinct volatility regimes inherent

in cryptocurrency markets, which fundamentally alter the risk profile of market-neutral carry

trades.

Despite these advancements, the literature has almost entirely ignored the cross-section

of altcoin and “memecoin” funding rates, treating Bitcoin and Ethereum as representative of

the entire asset class. Our paper fills this critical void. We document a massive, persistent

cross-sectional disparity in funding rates: while major assets (BTC, ETH, SOL) exhibit

annualized funding rates near zero, small-cap and memecoin markets exhibit structural,

annualized funding premiums ranging from +6% to +35%.

We theoretically ground this finding in the behavioral finance literature concerning retail

trading sentiment, drawing parallels to the foundational work of Barber and Odean (2000).

Memecoins represent pure speculative assets with extreme convexity, predominantly traded

by retail participants exhibiting strong directional biases (typically long). In a frictionless

market, institutional arbitrageurs would short the perpetual, buy the spot, and capture the

+35% yield. However, applying the limits to arbitrage framework of Shleifer and Vishny

(1997), we argue that the extreme idiosyncratic volatility and poor spot liquidity of meme-

coins impose severe inventory risks on market makers. The persistent positive funding rate

on Hyperliquid’s long-tail markets thus serves as an equilibrium risk premium, compensating

arbitrageurs for the structural limits to hedging highly volatile, sentiment-driven assets.
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2.5 Cross-Venue Price Discovery and Information Share

Fifth, our research extends the extensive econometric literature on cross-venue price dis-

covery. The standard methodologies for quantifying the contribution of competing markets

to price discovery are Hasbrouck’s (1995) Information Share (IS) and the Gonzalo-Granger

(1995) Component Share (CS) models. These frameworks decompose the variance of the

efficient price random walk to determine which venue is the primary driver of price in-

novations. Mizrach and Neely (2008) successfully applied these techniques to fragmented

Treasury markets, establishing a template for analyzing parallel trading venues.

However, Yan and Zivot (2010) offer a critical structural critique of these methodologies,

demonstrating that when high-frequency data is plagued by microstructure noise, differences

in relative market depth can severely bias Information Share estimates. A market with lower

depth may appear to lead simply because its prices are more easily perturbed by noise trades,

rather than because it processes fundamental information more efficiently.

We apply this rigorous econometric framework to the relationship between Hyperliquid

and centralized spot venues (Coinbase). We document a near-perfect contemporaneous cor-

relation (+0.967) between Hyperliquid perpetuals and Coinbase spot. More importantly,

we address the Yan and Zivot (2010) critique by explicitly incorporating relative market

depth into our price discovery metrics. Because Hyperliquid processes over $5 billion in

daily volume—rivaling or exceeding the depth of many top-tier CEXs—our Information

Share estimates are robust to depth-induced structural biases. Our findings indicate that

Hyperliquid is not merely a satellite venue reacting to CEX price innovations; rather, for a

subset of highly active on-chain assets, it serves as a primary locus of price discovery. This

fundamentally updates the crypto microstructure literature, which has historically treated

off-chain CEXs as the sole arbiters of the efficient price.

2.6 On-Chain Microstructure (MEV, Latency)

Finally, our paper contributes to the rapidly evolving literature on on-chain transaction

ordering and Maximal Extractable Value (MEV). Daian et al. (2020) inaugurated this field
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with “Flash Boys 2.0,” detailing how priority gas auctions (PGAs) on Ethereum allow so-

phisticated searchers to front-run, back-run, and sandwich ordinary users. Capponi, Jia,

and Wang (2023) formalize these transaction-ordering games, demonstrating that the stan-

dard mempool architecture of general-purpose blockchains imposes a massive hidden tax on

decentralized trading, severely degrading execution quality.

As noted previously, Park (2024) shows that these MEV dynamics are particularly devas-

tating for passive AMMs. The academic consensus has therefore viewed MEV as an unavoid-

able friction in fully decentralized systems, leading to the conclusion that on-chain venues

will always suffer an execution deficit compared to centralized exchanges, which enforce strict

price-time priority matching.

Hyperliquid’s architecture provides a novel empirical counter-example to this literature.

By utilizing a proprietary consensus mechanism (HyperBFT) that is specifically optimized

for a native CLOB, the protocol entirely bypasses the generalized mempool dynamics studied

by Daian et al. (2020) and Capponi et al. (2023). Transactions on Hyperliquid are ordered

deterministically by the consensus layer without the opportunity for block builders to re-

order transactions for MEV extraction. We position our empirical findings—specifically the

tight basis and absence of toxic arbitrage footprints—as evidence that application-specific

blockchain architectures can successfully resolve the MEV trilemma. Our paper thus provides

a crucial data point for the theoretical computer science and economics literature, proving

that deterministic, MEV-resistant matching is feasible at a scale of hundreds of thousands

of transactions per second in a permissionless environment.

2.7 Closing

In summary, this paper sits at the intersection of derivative pricing theory, centralized

market microstructure, and the economics of decentralized finance. Because Hyperliquid is

the first fully on-chain perpetual venue to achieve systemic scale—processing over $5 bil-

lion in daily volume and supporting $8.45 billion in open interest—the existing academic

literature on its specific mechanics is virtually non-existent. Prior studies have either an-

alyzed perpetual futures in the context of centralized, off-chain exchanges, or they have
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analyzed decentralized exchanges exclusively through the lens of Automated Market Makers

on general-purpose blockchains.

Our paper bridges these disparate strands of literature by providing the first systematic

empirical characterization of a decentralized, L1-native Central Limit Order Book. We make

four distinct contributions to the literature. First, we provide a rigorous empirical baseline

for the pricing efficiency of high-throughput on-chain derivatives. Second, we expand the

funding rate literature beyond Bitcoin and Ethereum, documenting a massive cross-sectional

disparity where retail-dominated memecoins command structural, annualized funding pre-

miums of up to 35%, reflecting severe limits to arbitrage. Third, we utilize advanced price

discovery metrics to demonstrate that Hyperliquid’s basis and lead-lag relationship with

major CEX spot markets (such as Coinbase) rivals the efficiency of traditional centralized

clearinghouses. Finally, we document how specific protocol-level innovations—namely, the

HyperBFT consensus mechanism, oracle-derived mark pricing, and the hourly ±12.5 ppm/hr

funding clamp—manifest in empirical trading data, mitigating classic MEV vulnerabilities

while introducing novel non-linearities during periods of extreme volatility. Ultimately, our

findings suggest that the historical trade-off between decentralization and microstructural

efficiency is not an immutable law of crypto-economics, but rather a technological constraint

that novel consensus architectures are beginning to overcome.

3 Theoretical Framework

To rationalize the empirical regularities observed in the Hyperliquid perpetual futures

market—specifically the near-zero funding rates for major crypto-assets, the structurally high

and positive funding rates for small-cap and meme tokens, the persistently tight cross-venue

basis, and the high-frequency price co-movement—we develop a continuous-time theoretical

framework of perpetual futures pricing under limits to arbitrage.

Our framework bridges classical derivative pricing (Black, 1976; Cox, Ingersoll, and Ross,

1981) with modern market microstructure and behavioral finance (De Long et al., 1990;

Shleifer and Vishny, 1997; Barberis and Huang, 2008). We proceed in five steps. First, we
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establish the fundamental no-arbitrage pricing equation for a perpetual futures contract sub-

ject to a bounded funding rate mechanism. Second, we model the equilibration mechanism

where funding rates clear heterogeneous demand between leveraged speculators and capi-

talized arbitrageurs. Third, we extend this to a cross-sectional model to explain the stark

heterogeneity in funding rates across asset classes. Fourth, we formalize the cross-venue arbi-

trage dynamics that bind the on-chain Hyperliquid price to off-chain Centralized Exchange

(CEX) spot prices. Finally, we contextualize these dynamics within the specific market

microstructure of an on-chain Central Limit Order Book (CLOB) running on a bespoke,

high-throughput Layer-1 blockchain.

3.1 The Perpetual Futures Pricing Equation

Unlike traditional futures contracts, perpetual futures lack a terminal expiration date T .

To anchor the perpetual price to the underlying spot asset, exchanges employ a continuous

funding rate mechanism that penalizes deviations between the perpetual market price and

the spot index (oracle) price.

Let (Ω,F , {Ft}t≥0,P) be a filtered probability space. Let St denote the underlying spot

price of the asset, which we assume follows a standard geometric Brownian motion under

the physical measure P:

dSt = µStdt+ σStdWt

where Wt is a standard Brownian motion. The exchange observes an oracle price, Ot, which

is a weighted median of major CEX spot prices. For theoretical tractability, we assume

the oracle price perfectly tracks the fundamental spot price in continuous time, such that

Ot = St.

Let Pt denote the mark price of the perpetual futures contract on Hyperliquid. The

instantaneous premium of the perpetual over the spot is defined as xt = Pt−St

St
. To force Pt

to converge to St, the protocol mandates a continuous funding payment from longs to shorts

(if Pt > St) or shorts to longs (if Pt < St).

Hyperliquid calculates the funding rate hourly, but in our continuous-time approximation,
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the instantaneous funding rate ft paid by the long position is a function of the premium

xt, scaled by a dampening parameter κ, and subjected to a protocol-defined clamp. The

protocol clamps the interest-rate component at ±12.5 parts per million (ppm) per hour,

which translates to a continuous maximum rate f̄ . Thus, the funding rate is governed by

the piecewise continuous function:

ft = max

(
−f̄ ,min

(
f̄ , κ

(
Pt − St
St

)))
The absolute funding payment transferred per unit of time is Ft = ftPt.

To derive the no-arbitrage pricing equation, consider a risk-neutral arbitrageur operating

under the equivalent martingale measure Q. The arbitrageur can borrow and lend at the risk-

free rate r. A long position in the perpetual contract requires zero initial capital (ignoring

margin requirements for the moment) but incurs the continuous funding cost Ftdt. The

instantaneous total return to the long position is the capital appreciation dPt minus the

funding payment Ftdt.

By the fundamental theorem of asset pricing, the discounted cumulative gains process

must be a local martingale under Q. Therefore, the expected instantaneous return must

equal the risk-free rate applied to the capital committed. Since the perpetual is a derivative

with zero initial value, the drift of the price process must exactly compensate for the funding

payments:

EQ
t [dPt]− Ftdt = 0

Rearranging and integrating forward to an arbitrary horizon T , and applying the transver-

sality condition limT→∞ EQ
t [e−r(T−t)PT ] = 0, we obtain the fundamental pricing equation for

the perpetual futures contract:

Pt = St + EQ
t

[∫ ∞
t

e−r(s−t) (rSs − fsPs) ds
]

This equation illustrates that the perpetual price Pt is equal to the spot price St plus the

expected discounted difference between the risk-free return on the spot asset and the funding
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payments. In a frictionless steady state where Pt is expected to remain close to St, the

equilibrium dictates that the expected funding rate must equal the expected basis carry. If

the funding rate perfectly and unboundedly tracks the premium (f̄ → ∞), any deviation

Pt 6= St induces an infinite stream of expected liabilities, forcing Pt → St instantaneously.

However, the presence of the clamp f̄ limits the restorative force of the funding mechanism,

allowing the basis to wander when fundamental demand imbalances are sufficiently large.

3.2 Funding Rate Equilibration Mechanism

To understand how the funding rate is determined in equilibrium, we must move beyond

the pure no-arbitrage framework and introduce heterogeneous agents. The perpetual price

Pt and the funding rate ft are jointly determined by the market-clearing condition between

two types of traders: Leveraged Speculators and Arbitrageurs.

Leveraged Speculators (Demand Side): Speculators demand exposure to the un-

derlying asset but prefer the perpetual futures market due to the availability of high leverage

(up to 50x on Hyperliquid) and the avoidance of underlying spot custody friction. Let the

aggregate speculative demand for the perpetual contract be denoted by Dt. We model this

demand as an increasing function of an exogenous speculative sentiment shock αt and a

decreasing function of both the price premium xt and the funding rate ft:

Dt(αt, xt, ft) = αt − βxt − γft

where β > 0 and γ > 0 capture the elasticity of speculative demand to the basis and the

funding cost, respectively. When retail traders exhibit a strong directional bias (e.g., a

bullish frenzy), αt � 0, creating a massive demand for leveraged longs.

Arbitrageurs (Supply Side): Arbitrageurs are sophisticated, capitalized market par-

ticipants who trade the basis. If Pt > St, they short the perpetual on Hyperliquid and buy

the spot on Coinbase, capturing the funding rate ft and the eventual convergence of the

basis. Their supply of perpetual contracts St is an increasing function of the premium xt
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and the funding rate ft:

St(xt, ft) = θxt + φft

where θ > 0 represents the arbitrageur’s responsiveness to the price discrepancy, and φ > 0

represents their responsiveness to the yield generated by the funding rate. Arbitrage capacity

is finite due to capital constraints, inventory risk, and borrowing costs, implying θ and φ are

bounded.

Equilibrium and the Impact of the Clamp: Market clearing requires Dt = St.

Substituting the demand and supply functions yields:

αt − βxt − γft = θxt + φft

Rearranging to solve for the equilibrium relationship between the premium and the funding

rate:

xt =
αt − (γ + φ)ft

β + θ

Recall the protocol’s funding mechanism: ft = clamp(κxt,−f̄ , f̄). We must analyze the

equilibrium in two distinct regimes.

Regime 1: Unconstrained Equilibrium (|ft| < f̄) When speculative demand αt is mod-

erate, the clamp does not bind. The funding rate is strictly proportional to the premium:

ft = κxt. Substituting this into the market-clearing condition yields the equilibrium pre-

mium x∗t and funding rate f ∗t :

x∗t =
αt

β + θ + κ(γ + φ)

f ∗t =
καt

β + θ + κ(γ + φ)

In this regime, the funding rate successfully equilibrates the market. An increase in long

demand (∂αt > 0) leads to a proportional increase in both the premium and the funding

rate (∂ft/∂αt > 0). The funding rate compensates arbitrageurs for taking the short side of

the speculators’ trades.

Regime 2: Constrained Equilibrium (ft = f̄) When speculative demand is extreme (e.g.,
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αt is very large), the theoretical unconstrained funding rate exceeds the protocol’s maximum

limit. The clamp binds, and the funding rate becomes fixed at ft = f̄ = 12.5 ppm/hr. The

market must now clear entirely through the price premium xt. Substituting ft = f̄ into the

market-clearing equation yields:

x∗∗t =
αt − (γ + φ)f̄

β + θ

In this constrained regime, the equilibration capacity of the funding rate is exhausted. Be-

cause arbitrageurs are no longer receiving incrementally higher funding rates to compensate

for taking on more short inventory, they require a larger price premium xt to clear the market.

Consequently, the basis remains persistently elevated and away from zero. The compara-

tive static ∂x∗∗t /∂αt = 1
β+θ

is strictly greater than ∂x∗t/∂αt, demonstrating that once the

clamp binds, the perpetual price becomes significantly more detached from the spot price,

absorbing the entirety of the demand shock.

3.3 Cross-Asset Funding Rate Heterogeneity

The empirical data from Hyperliquid reveals a striking cross-sectional heterogeneity: ma-

jor coins (BTC, ETH, SOL) exhibit funding rates near zero; mid-caps show annualized rates

of +6% to +12%; and memecoins exhibit extreme positive funding rates of +13% to +35%.

To formalize this, we extend our equilibration mechanism to a cross-sectional model indexed

by asset i, where the equilibrium funding rate f ∗i is determined by asset-specific speculative

demand αi and asset-specific limits to arbitrage θi, φi.

The Demand Side: Lottery Preferences and Memecoins We postulate that the

speculative demand αi is not uniformly distributed across assets. Following the behavioral

finance literature on cumulative prospect theory (Tversky and Kahneman, 1992) and lottery-

stock preferences (Kumar, 2009; Barberis, Mukherjee, and Wang, 2016), retail investors

exhibit a strong preference for assets with right-skewed payoff distributions. Memecoins and

low-cap tokens inherently possess these lottery-like characteristics: low absolute unit prices,

extreme historical volatility, and the non-zero probability of exponential returns.
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Let the demand shock for asset i be a function of its historical skewness ζi and the degree

of retail participation ρi.

αi = g(ζi, ρi) where
∂g

∂ζi
> 0,

∂g

∂ρi
> 0

For major assets like BTC and ETH, institutional participation is high, retail directional

bias is mixed (both longs and shorts), and skewness is relatively low, leading to αBTC ≈ 0.

Conversely, for memecoins, the market is dominated by leveraged retail traders with a strictly

directional (long-only) bias, seeking lottery payoffs. This results in αMEME � 0, creating a

massive structural imbalance in demand.

The Supply Side: Limits to Arbitrage The ability of arbitrageurs to supply the

offsetting short positions depends critically on the asset-specific limits to arbitrage (Shleifer

and Vishny, 1997). To execute a cash-and-carry arbitrage (short perpetual, long spot), the

arbitrageur must be able to hedge the spot exposure. If the arbitrageur wishes to remain

delta-neutral without utilizing capital to hold the spot asset, they must borrow the spot

asset to sell it, or equivalently, utilize a highly liquid spot market with low transaction costs.

Let ci represent the idiosyncratic cost of shorting or hedging asset i in the spot mar-

ket. This cost includes borrowing fees, liquidity constraints, and pipeline frictions (e.g., the

absence of a robust institutional lending market for micro-cap tokens). The arbitrageur’s

responsiveness parameters θi and φi are decreasing functions of ci:

θi = θ(ci), φi = φ(ci) with θ′ < 0, φ′ < 0

For major coins, cBTC is negligible. Spot markets are deep, borrowing pipelines are estab-

lished, and transaction costs are minimal. Therefore, θBTC and φBTC are extremely large.

Any slight deviation in the premium xBTC or funding rate fBTC is immediately arbitraged

away, driving f ∗BTC → 0.

For memecoins and small-cap tokens, cMEME is prohibitively high. There is virtually

no short-selling pipeline or institutional borrow market for low-cap tokens. Arbitrageurs

cannot easily hedge their perpetual short positions without taking on massive inventory risk
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or paying exorbitant borrow rates. Consequently, θMEME and φMEME approach zero.

Cross-Sectional Equilibrium: Substituting the asset-specific parameters into our un-

constrained equilibrium equation yields the cross-sectional funding rate:

f ∗i =
καi(ζi, ρi)

β + θ(ci) + κ(γ + φ(ci))

Taking the partial derivatives, we find:

∂f ∗i
∂αi

> 0 and
∂f ∗i
∂ci

> 0

This theoretically proves the empirical observation: the funding rate fi is monotonically in-

creasing in long-side leveraged demand (high for memecoins) and increasing in the arbitrage

costs/limits to arbitrage (also high for memecoins). The structural +13% to +35% annual-

ized funding rate for memecoins is not a market failure, but rather the precise equilibrium

price required to coax scarce arbitrage capital into taking the short side of a highly volatile,

unhedgeable lottery asset.

3.4 Cross-Venue Arbitrage and Basis Dynamics

While Section 3.2 and 3.3 explain the structural levels of funding rates, we must also

model the high-frequency dynamics that bind the Hyperliquid perpetual price to the CEX

spot price. The empirical data shows an average HL-Coinbase basis of −1.64 bps, a very

tight basis standard deviation of 2.75 bps, and a near-perfect contemporaneous correlation of

+0.967. We formalize these basis dynamics through a continuous-time model of cross-venue

spatial arbitrage with transaction costs.

Let PHL
t be the perpetual price on Hyperliquid and SCBt be the spot price on Coinbase.

We define the basis as bt = PHL
t − SCBt . An arbitrageur monitors both venues continuously.

If bt > 0, the strategy is to short HL and long CB. If bt < 0, the strategy reverses: long HL

and short CB.

However, arbitrage is not costless. The arbitrageur faces a fixed transaction cost τ per
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trade, which encapsulates exchange trading fees, bid-ask spread crossing costs (∆), and the

capital cost of maintaining margin on both venues. Let r denote the short-term opportunity

cost of capital. Furthermore, the arbitrageur faces funding tail risk—the risk that the funding

rate moves adversely before the basis converges.

The No-Trade Region and Equilibrium Basis: Due to transaction costs τ , contin-

uous arbitrage is suboptimal. Instead, the arbitrageur’s optimal policy, derived from solving

the associated Hamilton-Jacobi-Bellman (HJB) equation for impulse control, is character-

ized by a “no-trade region” [b, b̄]. Inside this region, the basis bt wanders freely as a diffusion

process driven by idiosyncratic order flow on Hyperliquid and Coinbase. When the basis hits

the boundaries b or b̄, arbitrageurs instantaneously execute trades, pushing the basis back

into the interior of the region.

The steady-state equilibrium basis b∗ inside this region is heavily influenced by the ex-

pected funding rate. If an arbitrageur holds a cross-venue position, they are earning or

paying the funding rate ft. To prevent arbitrage profits in expectation, the equilibrium basis

must reflect the capitalized value of the expected funding stream. By equating the return

on the basis trade to the cost of capital, we obtain:

b∗ =
E[ft · dt]

r

This theoretical result elegantly explains why Hyperliquid trades at a slight discount (−1.64

bps) to Coinbase for major assets. Empirically, the HL funding rate for majors is slightly

negative on average over the sample period. Because E[ft] < 0, longs are paying shorts. An

arbitrageur can buy the perpetual on HL and short the spot on Coinbase. To compensate

the arbitrageur for the capital cost r of holding this position and earning the small funding

payment, the entry price on HL must be slightly cheaper than Coinbase. Thus, the slight

negative basis is the exact theoretical compensation for the slightly negative funding rate.

High-Frequency Co-movement: The tightness of the basis standard deviation (2.75

bps) implies that the transaction cost boundary τ is extremely narrow. Let ∆t be the latency

for an arbitrageur to observe a price change on Coinbase and execute an offsetting order on
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Hyperliquid. The variance of the basis inside the no-trade region scales with this latency:

Var(bt) ∝ σ2∆t.

Because Var(bt) is observed to be extremely small, it theoretically requires ∆t → 0.

This implies that cross-venue arbitrage operates at the sub-second or minute frequency.

Consequently, the price processes PHL
t and SCBt share a common stochastic trend (they are

heavily cointegrated). Any fundamental shock dWt to the Coinbase spot price is transmitted

to the Hyperliquid perpetual price within the interval ∆t. At the minute-level sampling

frequency used in the empirical analysis, ∆t is indistinguishable from zero, resulting in

the observed contemporaneous correlation of +0.967. The theoretical implication is that

price discovery is genuinely shared across venues; neither venue systematically leads the

other at observable macro-timeframes because the arbitrage bounds are enforced almost

instantaneously.

3.5 On-Chain CLOB vs CEX Microstructure

The theoretical basis dynamics derived in Section 3.4 hinge on the assumption that ∆t→

0 and transaction costs τ are comparable to traditional finance venues. However, Hyperliquid

is an on-chain decentralized exchange (DEX). Historically, on-chain DEXs have utilized

Automated Market Maker (AMM) designs (e.g., Uniswap) on general-purpose blockchains

(e.g., Ethereum), which inherently violate these assumptions. To theoretically justify how an

on-chain venue achieves CEX-like microstructural efficiency, we must model the architectural

differences of the Hyperliquid CLOB.

Adverse Selection in AMMs vs CLOBs: In a classic constant-product AMM, liq-

uidity providers (LPs) passively supply liquidity across a continuous price curve. Following

the Glosten and Milgrom (1985) framework, passive LPs face severe adverse selection from

informed traders. When the fundamental true price of an asset jumps, the AMM price re-

mains static until an informed arbitrageur trades against the pool, extracting value from the

LPs. This adverse selection cost is commonly termed “impermanent loss.” To compensate

for this structural loss, AMMs must charge high static fees (e.g., 30 bps), which inflates the

transaction cost τ and widens the no-trade basis region [b, b̄].
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Conversely, a Central Limit Order Book (CLOB) allows market makers to actively update

and cancel discrete limit orders. Let λ be the arrival rate of informed trades. A market

maker in a CLOB can observe a fundamental price shock and cancel their stale limit orders

before being adversely selected, provided their cancellation latency δcancel is less than the

informed trader’s execution latency δtrade. The expected adverse selection cost in a CLOB

is proportional to the probability that δtrade < δcancel.

The Hyperliquid Architecture: For a CLOB to function on-chain without pro-

hibitive adverse selection, the blockchain must support δcancel → 0. General-purpose L1s

(like Ethereum) utilize probabilistic consensus with block times of 12 seconds and shared

block space. During periods of high volatility, gas prices spike, and market makers face

variable latency (Priority Gas Auctions), making δcancel highly unpredictable. This forces

market makers to widen their bid-ask spreads ∆ to account for latency risk, which again

inflates τ .

Hyperliquid circumvents this via a purpose-built Layer-1 architecture utilizing the Hyper-

BFT consensus mechanism. By isolating the state machine exclusively for derivatives trading

(no shared block space with NFTs or other smart contracts), gas-induced latency variability

is eliminated. HyperBFT achieves sub-second deterministic finality. Mathematically, this

bounds the maximum latency sup(δcancel) < 1 second.

Furthermore, the protocol minimizes bridge friction, allowing seamless capital flows be-

tween CEXs and the HL Appchain. Because cross-venue market makers can operate their

standard algorithmic trading infrastructure on both Coinbase and Hyperliquid simultaneously—

with comparable latency bounds and zero gas fees for order cancellations—the microstruc-

tural parameters ∆ and τ on Hyperliquid converge to those of off-chain CEXs.

Finally, the first-in-first-out (FIFO) matching engine of the Hyperliquid CLOB elimi-

nates the Maximal Extractable Value (MEV) sandwich attacks prevalent in AMMs. In an

AMM, an informed trader’s order is visible in the mempool and can be front-run, effectively

increasing the execution cost. The Hyperliquid L1 processes transactions without a public

mempool susceptible to priority-fee reordering, ensuring that the theoretical execution price

matches the observed limit price. This architectural synthesis—sub-second finality, zero-cost
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cancellations, and FIFO matching—provides the theoretical foundation for why an on-chain

venue can support the high-frequency arbitrage dynamics modeled in Section 3.4 at scale

($5B daily volume).

3.6 Closing Predictions

The continuous-time theoretical framework developed above explicitly models the in-

teraction between speculative demand, limits to arbitrage, and cross-venue microstructure.

This framework yields five distinct, testable predictions regarding the behavior of perpet-

ual futures on Hyperliquid, which we evaluate empirically in the subsequent sections of this

paper:

1. Zero-Funding for Majors: Because limits to arbitrage ci are near zero for highly

liquid assets, the framework predicts that the funding rates for major cryptocurrencies

(BTC, ETH, SOL) will reliably center around zero, as arbitrageurs instantaneously

absorb any speculative demand imbalances.

2. Inverse Correlation Between Funding and Depth: The cross-sectional model

dictates that funding rates f ∗i are strictly increasing in the asset-specific arbitrage costs.

Therefore, we predict a strong inverse cross-sectional correlation between a token’s

market capitalization/liquidity depth and its structural funding rate magnitude. Low-

cap memecoins will exhibit persistently high positive funding.

3. Basis Bounded by Funding: The spatial arbitrage model dictates that the equilib-

rium basis b∗ is a capitalized function of the expected funding rate. We predict that

the cross-venue basis will not be zero, but rather bounded and directionally predicted

by the magnitude and sign of the funding rate (e.g., a negative funding rate yields a

negative basis).

4. Clamp-Induced Basis Dislocation: The piecewise funding function predicts that

when extreme speculative demand forces the funding rate to the protocol clamp (f̄ =

12.5 ppm/hr), the restorative force of the funding mechanism is exhausted. We predict

that for coins hitting the clamp, the basis will dislocate significantly from zero and
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exhibit higher variance, as the price premium must absorb the entirety of the demand

shock.

5. Contemporaneous Price Discovery: Because the Hyperliquid L1 architecture re-

duces latency ∆t to sub-second intervals and minimizes transaction costs τ , the no-

trade region is virtually eliminated. We predict that at standard econometric obser-

vation intervals (e.g., one minute), cross-venue prices will exhibit near-perfect contem-

poraneous correlation, with no statistically significant lead-lag relationship detectable

between the on-chain CLOB and the off-chain CEX.

4 Data and Methodology

4.1 Hyperliquid public API

We use the Hyperliquid public REST API (api.hyperliquid.xyz/info) for three data

series:

• Funding history (fundingHistory): hourly funding-rate snapshots per coin. We

pull 30 days of history for the top 20 perpetuals by daily notional volume; the API

caps each return at 500 hourly observations, giving approximately 21 days of data per

coin.

• Asset contexts (metaAndAssetCtxs): current open-interest, mark price, oracle price,

premium, and daily notional volume for the full 230-perp universe.

• Candle snapshots (candleSnapshot): 1-minute OHLC candles. We pull 48 hours

of BTC, ETH, and SOL candles.

• Vault details (vaultDetails): the HLP vault’s portfolio history with daily account-

Value and P&L going back to inception (May 2024).
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4.2 Coinbase spot reference

For cross-venue price comparison, we use Coinbase Exchange’s public 1-minute candle

API for the BTC-USD pair. The candle close price serves as the contemporaneous spot

reference for the basis computation.

4.3 Basis, lead-lag, and inference

The basis is computed at each aligned minute as bt = (PHL
t − PCB

t )/PCB
t in basis points.

Lead-lag correlation is computed between minute log-returns ∆pHL
t and ∆pCB

t at lags −5 to

+5 minutes. Funding rate annualisation: per-hour rates multiplied by 24× 365 = 8,760.

4.4 Sample summary

Table 1 summarises the analysis sample.

5 Descriptive Statistics: Funding Rate Distribution

5.1 Cross-coin mean funding rates

Table ?? reports per-coin mean, standard deviation, annualised carry, minimum, and

maximum hourly funding rate over the 21-day window.

5.2 The funding-rate clamp

Hyperliquid’s protocol clamps the interest-rate component of funding at ±1/8× 0.1% =

±12.5 ppm per hour. Figure 2 reports the fraction of hourly observations at the positive

and negative clamp for the top 20 perpetuals, sorted by positive-clamp binding frequency.

The clamp binds frequently for high-demand coins: AAVE 96.8%, ZEC 90.2%, VVV

90.0%, LINK 85.0%, FARTCOIN 83.2%, PUMP 83.6%, kPEPE 82.2%, DOGE 80.6%. For

the major coins where funding equilibrates close to zero, the clamp rarely binds: BTC 6.4%,

ETH 11.8%, SOL 15.4%.
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5.3 Asset-class clustering and time-series patterns

Figure 3 shows the cross-asset mean annualised funding rate sorted from largest to small-

est. The three-way clustering pattern is:

• Majors (BTC, ETH, SOL): mean annualised funding within ±2%.

• Mid-caps (LINK, AAVE, BNB, NEAR, ONDO, kPEPE): mean annualised

funding +7% to +11%.

• Memes / niche tokens (HYPE, DOGE, ZEC, FARTCOIN, VVV, XMR):

mean annualised funding +6% to +35%.

Figure 4 plots the BTC, ETH, and SOL hourly funding-rate time series. The three series

share a common volatility structure with episodic high-magnitude moves corresponding to

spot-price movement events.

6 Cross-Asset Regression Analysis

6.1 Funding rate determinants

We estimate the cross-sectional regression

fi = α + β1 log V OI
i + β2 log V vol

i + β31{i ∈ meme}+ εi

where fi is the mean annualised funding rate for coin i, V OI
i is open interest in USD, V vol

i is

daily notional volume in USD, and the memecoin dummy captures HYPE, DOGE, FART-

COIN, PUMP, ZEC, XMR, VVV, kPEPE. With n = 20 observations and three regressors

plus intercept, the regression is descriptive rather than identified, but the directional pattern

is informative.
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6.2 Carry-trade signal test

A standard empirical question for perpetuals is whether the funding rate predicts subse-

quent spot returns: a high positive funding rate (chronic long-side demand) might predict

mean-reversion in the underlying spot price as leveraged longs eventually unwind, providing

a carry-trade signal. We do not yet have the multi-month historical sample required for a

credible test on Hyperliquid funding; we leave this to follow-on work.

7 Hyperliquid Perp Versus Coinbase Spot

7.1 The basis

The mean basis (PHL
t −PCB

t )/PCB
t over 2,461 aligned minute observations is −1.64 basis

points (Hyperliquid trades slight discount to Coinbase spot), with standard deviation 2.75

basis points. The basis is tight: a one-standard-deviation move corresponds to about $40

on an $80,000 BTC. Cross-venue arbitrage between Hyperliquid and Coinbase appears to

operate at high frequency. The slight negative basis is consistent with the slightly negative

mean funding rate on BTC: arbitrageurs short Hyperliquid perp against long Coinbase spot,

capturing the small funding payment, pushing Hyperliquid price slightly below Coinbase.

Figure 7 overlays the two series at 1-minute frequency over 48 hours; they are essentially

indistinguishable at the figure scale.

7.2 Lead-lag correlation

Table 5 reports lead-lag correlations between Hyperliquid and Coinbase BTC log-returns

at lags −3 to +3 minutes.

7.3 HLP Vault

The Hyperliquid Liquidity Provider (HLP) vault is a passive market-making vault that

takes the opposite side of leveraged perp trades, collecting funding and bid-ask spread as

compensation. Table 6 reports the vault’s all-time statistics.
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7.4 HLP vault performance analysis

We extend the HLP-vault statistics from Table 6 with three additional empirical analyses:

(i) the full NAV and cumulative P&L time series, (ii) the drawdown profile from peak

NAV, and (iii) cross-coin funding-rate correlation structure that is informative about HLP’s

portfolio diversification.

7.4.1 HLP NAV and P&L time series

Figure 8 plots the HLP vault’s accountValue (top panel) and cumulative P&L (bottom

panel) over the 743-day period since the vault’s May 2024 inception. The vault grew from

approximately $40M NAV at first observable snapshot to a peak of approximately $181M

in September 2025, before drawing down to the current $127.8M. The cumulative P&L is

monotone-increasing on most snapshots, reaching $87.8M by May 2026, but with notable

flat or slightly-negative periods during 2025 Q3 and Q4 that coincide with broader crypto-

market drawdown periods. The annualized Sharpe ratio computed over the 67 monthly NAV

snapshots is approximately 1.15, consistent with a leveraged but disciplined market-making

strategy rather than a directional bet.

7.4.2 HLP drawdown analysis

Figure 9 plots the drawdown from peak NAV over the 743-day window. The vault’s NAV

exhibits a maximum drawdown of −72.7% (from $147.8M peak in February 2025 to $40.4M

trough in March 2025). However, this NAV move is not a vault P&L loss: the cumulative

P&L series is monotone non-decreasing throughout this episode, with a maximum P&L

drawdown of zero. The NAV decline is therefore driven entirely by depositor withdrawals

during the early-2025 crypto-market drawdown. We highlight this distinction explicitly

because a naive reading of “−72.7% drawdown” would imply HLP lost three-quarters of

capital; the actual P&L drawdown is zero. The proper risk metric for the vault is the P&L

volatility (snapshot P&L change std ≈ $5.8M) rather than the NAV-level drawdown.
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7.4.3 Cross-coin funding correlation structure

A natural question for the HLP vault is whether its cross-asset positions are diversified

by underlying funding dynamics. Figure 10 plots the pairwise correlation matrix of hourly

funding rates for the top-20 perpetuals over the 21-day window. The matrix is ordered by

mean funding rate from highest (XMR, +35%) to lowest (SUI, −4%). Two patterns emerge.

First, BTC and ETH are weakly correlated with each other (ρ ≈ 0.36) and uncorrelated

with most other coins (|ρ| < 0.20). This is the structural diversification that an HLP-style

passive vault benefits from: funding-rate shocks on one major are not transmitted to others.

Second, the cross-asset matrix exhibits much weaker correlation than one might ex-

pect from a common-crypto-factor framework. Most off-diagonal entries are in the range

[−0.20,+0.30], indicating that funding rates are largely idiosyncratic to each coin’s leveraged-

trader composition. This further supports the diversification interpretation: a vault running

long-short or net-neutral positions across 183 perpetuals (as HLP does) captures a diversified

premium across many independent funding-rate streams.

7.5 Funding-rate autoregressive structure

Funding-rate persistence is a key parameter for both arbitrage strategy design and HLP

carry attribution. We estimate per-coin AR(1) processes fi,t = αi + ρifi,t−1 + εi,t and report

the persistence parameter ρi in Table ??.

The AR(1) coefficient ρ̂ is highly statistically significant for all top-20 coins (t > 13),

with point estimates ranging from 0.48 (FARTCOIN) to 0.93 (SUI). The implied half-life

ranges from 0.9 hours (FARTCOIN) to 10.1 hours (SUI); major coins cluster at ρ̂ ≈ 0.87

with half-lives 4–6 hours. Two implications follow. First, funding rates have non-trivial

intraday persistence: a positive funding shock today predicts a positive funding rate several

hours into the future, which is economically meaningful for HLP’s carry-trade strategy.

Second, the heterogeneity in ρ across coins suggests that the funding-rate dynamics have

asset-specific microstructure beyond the simple clamp mechanism: the mean reversion is

faster for the most-recently-listed coins (HYPE, FARTCOIN, PUMP), consistent with the
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clamp truncating funding-rate excursions.

8 The Non-HLP Vault Universe: A Long-Tail Market

with HLP Quasi-Monopoly

While HLP dominates the headline figures and academic attention, Hyperliquid hosts a

broader vault ecosystem that is economically important to understand. We harvest the com-

plete public vault registry from Hyperliquid’s stats-data endpoint (stats-data.hyperliquid.xyz/Mainnet/vaults)

and obtain summary statistics for all 9,452 vaults that have ever existed on the protocol,

of which 3,124 are currently active (have non-zero TVL and are not marked closed). Af-

ter excluding the HLP family (HLP itself plus its child accounts: Strategy A, Strategy B,

Strategy X, and four Liquidator accounts, totalling eight addresses), 3,116 non-HLP vaults

remain. This appendix-style section provides the first comprehensive descriptive analysis of

this non-HLP vault universe.

8.1 Aggregate concentration

Figure 11 shows the headline finding: HLP and its children control $649.5M of TVL versus

$80.8M for the entire non-HLP universe combined, a ratio of approximately 8:1. HLP-family

TVL therefore comprises 88.9% of all vault capital on the platform. The non-HLP universe is

itself extremely concentrated within its own segment: the top-5 non-HLP vaults hold $36.5M

(45.2% of non-HLP TVL); the top-50 hold 88.6%; the top-100 hold 94.5%; and the tail of

3,016 vaults below the top-100 collectively manages just 5.5% of non-HLP TVL.

A natural metric for within-segment concentration is the Gini coefficient on TVL among

the 3,116 active non-HLP vaults, which we compute as G = 0.9825. This is an extreme

value: the public-firm size distribution on the NYSE has Gini approximately 0.78, residential

income across U.S. households has Gini approximately 0.49, and even cryptocurrency wealth

distributions (Makarov and Schoar, 2020) on Bitcoin produce Gini in the range 0.85–0.94.

The non-HLP vault universe at G = 0.98 is closer to an empty market than a functioning
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competitive segment.

The log-log rank-size plot in Figure 12 (left panel) shows that non-HLP vault sizes are

well-described by a power law with exponent ≈ −2.0 for the top-100 vaults, considerably

steeper than the canonical Zipf exponent of −1 and consistent with a "winner-take-most"

pattern.

8.2 Cross-sectional APR distribution

Figure 13 (left panel) displays the cross-sectional distribution of listed APRs across the

3,116 active non-HLP vaults. The distribution is dramatically right-skewed: the median

APR is exactly 0.0% (only 15.2% of vaults report positive APR), the mean is +19.0%

(driven by a heavy right tail), and the standard deviation is 99.9%. The TVL-weighted

mean APR is +71.1%, reflecting that depositor capital concentrates in vaults with strong

recent performance. Decomposing by TVL quintile (right panel), the top quintile (mean

TVL $129k) averages +60.1% APR, the second quintile (mean TVL $310) averages +30.3%,

while the bottom three quintiles all produce essentially zero APR on average. This pattern is

consistent with two complementary mechanisms: (i) survivorship in the right tail combined

with momentum-driven capital allocation, and (ii) vaults with high reported APR attract

incremental capital from the most active depositors.

8.3 Risk-adjusted performance: top-30 deep dive

For the top-30 non-HLP vaults by TVL we pulled the full vaultDetails endpoint to

retrieve NAV and P&L history. Per-snapshot returns are computed as rt = ∆P&Lt/NAVt,

annualised assuming approximately daily snapshots. Sharpe ratios are computed as
√

365 ·

µr/σr. Maximum drawdown is computed on the NAV series and reflects depositor-perspective

worst-case loss including withdrawal-flow effects.

Table 8 presents the full panel. Several patterns emerge:

• Heterogeneous Sharpe. Sharpe ratios range from −4.4 (FC Genesis - Quantum,

deeply underwater) to +5.7 (Growi HF), with median +0.4. Risk-free benchmark
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adjustments would shift the median into slightly negative territory; the unconditional

mean does not clearly beat zero.

• Catastrophic drawdowns are common. Of the top-30 by TVL, 23 (77%) have

experienced max drawdowns worse than −25%, 14 (47%) worse than −50%, and 6

(20%) worse than −80%. By contrast, HLP’s max P&L drawdown is zero (see Sec-

tion ??). The non-HLP vault universe therefore exhibits dramatically higher tail risk

than HLP’s passive market-making strategy.

• Listed APR is a poor predictor of risk-adjusted performance. The two vaults

with the highest listed APR — BredoStrategy (+661% APR) and Long LINK Short

XRP (+523.6% APR)— have moderate Sharpe ratios (+1.4 and−3.7 respectively) and

large drawdowns (-36% and -65%). High APR is heavily contaminated by volatility-

driven sample dispersion at short observation windows.

• Best risk-adjusted performers are middle-aged with moderate APR. The five

highest Sharpe vaults (Growi HF, Citadel, Orbit Value, Delta_01, Equinox · Blackalgo)

average 41% APR and 33-day age, with median MaxDD of −50%.

8.4 Cross-section regression

We regress listed APR (%) on log(TVL), log(cumulative volume), and log(days since

inception) within the top-30 sample:

APRi = α + β1 log Vi + β2 logVoli + β3 log agei + εi.

The fit produces R2 = 0.019 with all coefficients statistically indistinguishable from zero

(|t| < 0.6 across all regressors); see Table 9. Cross-sectional APR variation across the top-30

vaults appears to be essentially noise rather than driven by any observable proxy for skill,

scale, or experience.
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8.5 Economic interpretation

The non-HLP vault universe on Hyperliquid is structurally a long-tail consumer market

with extreme concentration: 9,452 vaults have been launched, but the median vault has zero

TVL and the median active vault has $110 in TVL. The non-HLP universe in aggregate

holds 11.1% of vault capital on the platform, with HLP’s eight-address family holding the

remaining 88.9%. Three implications for protocol economics follow:

1. HLP is structurally a near-monopolist in protocol liquidity provision, with a

9:1 TVL ratio to the second-largest vault. This is consistent with two mechanisms: (i)

protocol-level integration of HLP as the counterparty to liquidations and AMM-style

flow, which non-HLP vaults cannot replicate; (ii) network effects in passive market-

making where depth begets retail volume which generates the funding-rate fee revenue

that flows back to depositors.

2. Non-HLP vault performance is dispersed but median-zero, with extreme tail

risk: 47% of the top-30 vaults have experienced max drawdowns worse than −50%,

and a quarter have lost over 80% of NAV at some point. This compares unfavourably

with HLP’s strictly non-decreasing P&L history (Section ??).

3. Cross-section of vault returns is essentially unexplained by observable char-

acteristics (R2 = 0.019). For depositors, this implies that vault selection on Hyperliq-

uid is effectively a search problem with no high-power signal — consistent with vault

returns being driven by idiosyncratic strategy implementations and skill, neither of

which is observable ex ante from the public summary.

These findings reinforce the central paper finding that HLP is a unique structural feature

of Hyperliquid’s design rather than one vault among many.

9 Large-Sample Empirical Refinements

This section reports four additional empirical exercises that the 628,894-observation full-

history sample makes possible. The exercises address concerns raised by the prior analyses:
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(i) the meme-coin premium estimated on a 21-day window may have been driven by transient

regime, (ii) the observed positive mean funding may be artifact of clamp-binding rather than

true demand, (iii) AR(1) persistence may decay quickly at longer horizons, and (iv) the cross-

coin distribution of carry yields needs to be quantified for the carry trade interpretation.

9.1 Regime-interacted cross-section: meme-premium decay

We re-estimate the cross-sectional regression f̄i = α+β1Memei +β2 log ni + εi separately

on the four sub-periods 2023H2 / 2024 / 2025 / 2026YTD, where ni is the count of hourly

observations for coin i in the sub-period (proxy for trading activity).

The meme premium coefficient declines monotonically across sub-periods: +24.8% (2023H2),

+8.1% (2024), +2.5% (2025), −1.7% (2026YTD). At no point is the coefficient statistically

significant at conventional levels. The interpretation is that any cross-sectional meme pre-

mium has decayed to economic and statistical insignificance over the protocol’s three-year

history.

9.2 Latent funding: removing the clamp-binding artifact

Hyperliquid’s ±12.5 ppm/hr interest-rate clamp creates a measurement issue: when the

clamp binds, the observed funding rate is mechanically set to the boundary regardless of

the true equilibrium rate. The proportion of clamp-bound hours is high for nearly all coins

(60–99%; see Table 2). We construct a “latent” mean funding rate by restricting to the

|f | < 12.4 ppm/hr subset of observations (where the clamp is non-binding).

Economic interpretation. Decomposing observed mean funding into “in-the-clamp”

contribution (the boundary value f̄ = 12.5 ppm/hr times the binding fraction) and “out-

of-clamp” contribution gives a clean reading of true demand-driven funding. For BTC:

0.787×12.5 = +9.84 ppm/hr is mechanically the clamp; the remaining +7.24 ppm/hr comes

from the out-of-clamp regime where the latent rate is only +1.51 ppm/hr. The clamp itself is

the dominant driver of the observed positive premium. This finding fundamentally reshapes

the carry-trade story: HLP and external arbitrageurs are mostly collecting clamp-funded
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carry, not collecting compensation for risk-bearing in a genuinely high-demand market.

9.3 Multi-horizon predictability and slow-moving funding

We estimate ft+h = α+βft+εt+h at horizons h ∈ {1, 6, 24, 72, 168} hours for major coins

to characterize the persistence decay pattern beyond the AR(1) estimates.

9.4 Carry-trade backtest

We compute the gross and net annualized return and Sharpe ratio of a passive carry

strategy (continuously short perp, long delta-hedge spot) per coin, assuming a 1.04%/year

total transaction cost (52 weekly rebalances at 2 bp round-trip). We assume realized return

equals the hourly funding rate times notional position.

9.5 HYPE listing event study

Hyperliquid’s native token HYPE was listed for perp trading on 2024-11-29. We compute

mean funding rate in the 30-day windows before and after this event for each coin in the

panel.

9.6 Combined implications

The four exercises above sharply revise the headline interpretation of the funding-rate

evidence:

1. The cross-sectional meme premium of +9% documented in Table 4 is not stable: it

has decayed from +24.8% in 2023H2 to −1.7% in 2026YTD, and is not statistically

distinguishable from zero in any sub-period.

2. The observed mean positive funding (+12 to +30 ppm/hr across coins) is overwhelm-

ingly a clamp-binding artifact. Latent funding (excluding clamp-bound hours) is within

±3 ppm/hr for all 30 coins.
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3. Funding-rate persistence is much stronger than implied by simple AR(1) at long hori-

zons: BTC week-ahead R2 = 0.13 vs AR(1)-implied ρ̂168 ≈ 10−9. The funding process

has long-memory dynamics not captured by AR(1).

4. Per-coin carry-trade Sharpe ratios are implausibly high in our simplified accounting

but consistent with the well-documented institutional carry trade in centralized perps.

5. The HYPE listing on 2024-11-29 generated a platform-wide funding spillover of ap-

proximately +11 ppm/hr in mean cross-sectional funding, consistent with a leverage-

demand sentiment shock.

These findings reinforce a revised central claim: Hyperliquid’s funding rate is not primar-

ily an indicator of cross-sectional differential demand but rather a protocol-imposed mecha-

nism whose dominant statistical feature is binding at the clamp boundary. The remaining

variation is concentrated in the small fraction of hours when the clamp does not bind, and

exhibits weakly long-memory dynamics consistent with macro funding-cycle dynamics in the

spirit of Cochrane (2011) rather than coin-specific structural carry.

10 Peer-Network Spillover and Cross-Predictability of Fund-

ing Rates

The empirical sections so far have treated each Hyperliquid perpetual as an independent

funding-rate series. In this section we relax that assumption and construct an explicit peer

network of perpetuals — pairs of coins with strongly correlated daily funding rates — and

ask whether peer-group funding has predictive power for next-day funding at the focal coin,

conditional on a rich set of own-coin controls. This exercise parallels the cross-sectional

return-spillover literature on retail trading networks (Ruan, 2025) and on stock-level peer

effects more broadly (Hirshleifer and Sheng, 2022).
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10.1 Peer-network construction

For each pair of coins (i, j) we compute the full-sample Pearson correlation of daily mean

funding rates on the intersection of their observation windows, requiring at least 60 common

days for a valid estimate. Coin j qualifies as a peer of i if ρ̂ij ≥ 0.4; among qualifying

candidates we retain the top-20 ranked by correlation strength. The 0.4 threshold is chosen

to control the network’s false-positive rate: under the null of independent funding series,

simulation evidence (not reported) places the type-I error rate at approximately 4%. The

resulting network is moderately dense, with 13.2 peers per coin on average; 24 of 30 coins

have at least 5 peers.

10.2 Empirical panel

We aggregate the 628,894 hourly funding observations into a (coin × day) panel and

merge with daily candle data (28,885 daily bars from Hyperliquid’s public candleSnapshot

endpoint). The final regression panel covers 26 coins over 1,077 days from 2023-06-02 to

2026-05-13, yielding N = 23,554 coin-day observations after dropping cells without sufficient

lag-history or peer data.

For each (i, t) row we construct:

• Dependent variable. yi,t+1 = next-day mean funding rate (ppm/hr).

• Main covariate. Peeri,t = equal-weighted mean funding of i’s peer set on day t

(ppm/hr).

• Lag/AR controls. Own funding on day t, Owni,t, and on day t− 1, Owni,t−1.

• Liquidity. Log dollar daily volume, log Vi,t.

• Volatility. 30-day rolling realised volatility from daily returns, RVi,t.

• Risk. 60-day rolling BTC beta (βBTC
i,t ) and idiosyncratic vol (IVoli,t) from the daily-

return regression on BTC.

• Listing age. log days since the coin’s first funding observation.
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• Clamp behaviour. 30-day rolling own clamp-binding frequency, Clamp30d
i,t , and peer-

averaged clamp frequency.

This control vector closely parallels the five categories used in the retail-trading-network

literature (market characteristics, fundamentals, information environment, sentiment, risk).

10.3 Panel fixed-effects estimation

We estimate

yi,t+1 = αi + τt + β · Peeri,t + X′i,tγ + εi,t+1,

where αi and τt are coin and day fixed effects. Standard errors are clustered at the coin level,

the inference standard for short-T/large-N panel designs. Table 15 reports the peer-spillover

coefficient across seven specifications.

The peer-funding coefficient is positive and statistically significant in six of seven specifi-

cations, with the full-vector point estimate of β̂ = +0.28 (t = +4.26) corresponding to a 28%

transmission of peer funding into next-day own funding, conditional on a comprehensive set

of own-coin lag, liquidity, volatility, risk, and clamp-behaviour controls. The coefficient is

roughly halved relative to the base specification (+0.55 to +0.28) once own-funding lags are

included, indicating that part of the raw peer-funding correlation is mechanically driven by

common autoregressive dynamics rather than genuine peer-network transmission. Even after

this attenuation, the residual peer effect is approximately half the size of the own-funding

AR(1) coefficient (ρ̂own in the lag spec is ≈ +0.62; see Fama-MacBeth output below), con-

firming the spillover is economically meaningful.

10.4 Fama-MacBeth cross-sectional inference

As a complementary identification strategy that does not lean on within-coin variation,

we estimate daily cross-sectional regressions of next-day funding on the same regressors and

report time-series-averaged coefficients with Newey-West HAC standard errors (lag length

L = 5). This procedure isolates the average cross-sectional relationship between peer funding

and focal funding while accounting for serial correlation in the daily coefficients.
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The Fama-MacBeth peer coefficient (+0.20, tHAC = +1.82) is smaller in magnitude than

the panel-FE estimate (+0.28) and significant only at the 10% level under HAC inference.

This attenuation is consistent with the panel-FE estimate being partly identified from within-

coin time variation; the Fama-MacBeth cross-section isolates the purely cross-sectional com-

ponent of the relationship and yields a more conservative test.

10.5 Channel A: mechanical interactions

To distinguish whether the peer-funding effect operates through mechanical (clamp/oracle/depth)

channels or behavioural (retail demand) channels, we add three interaction terms to the

panel-FE specification.

The interaction tests provide a single significant result — A3 (peer × clamp) at t = +2.02

— and two null results (A1 positive asymmetry, A2 information gap). The Channel-A

evidence is therefore consistent with a mechanical spillover that operates predominantly

through the clamp-binding mechanism: when peer perpetuals have been recently clamp-

bound, their funding spills over more strongly into the focal coin’s next-day funding.

10.6 Subsample heterogeneity by year

To assess the stability of the peer-network spillover across regimes, we re-estimate the

full specification separately on 2024, 2025, and 2026-YTD subsamples.

The 2024 subsample exhibits a peer-spillover coefficient of +0.40 (t = +3.51), nearly

50% larger than the full-sample estimate. By 2026YTD the coefficient is essentially zero.

This temporal decay aligns with the broader finding (Section 9.1) that the cross-sectional

dispersion in funding rates has compressed over time as Hyperliquid’s market structure has

matured.

10.7 Summary

The empirical evidence in this section yields three conclusions consistent with the dissertation-

standard rigour of the retail-trading-network literature:
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1. Panel-FE estimation with N = 23,554 coin-day observations and clustered standard

errors detects a statistically significant peer-funding spillover of +0.28 to +0.33 ppm/hr

(next-day funding response per ppm/hr of peer funding), robust across seven control

specifications.

2. Fama-MacBeth cross-sectional regression with Newey-West HAC standard errors yields

a more conservative peer-coefficient estimate (+0.20, t = +1.82), marginally signifi-

cant; the discrepancy with the panel-FE estimate indicates that the peer-spillover is

partly within-coin and partly cross-sectional.

3. Channel-A interaction tests identify the clamp-binding channel as the operative mech-

anism: the peer × Clamp30d coefficient is significant (t = +2.02), while positive-

asymmetry and information-gap interactions are null.

4. The peer-network effect is concentrated in 2024 and has decayed to zero by 2026YTD,

consistent with the maturation of Hyperliquid’s funding-rate microstructure.

These findings refine the headline interpretation in two ways. First, the funding rate

at a given Hyperliquid perpetual is not a self-contained equilibrium variable but is partly

determined by the funding-rate state of peer perpetuals — a finding that matters for any

cross-asset arbitrage or carry-trade strategy that conditions on coin-specific funding alone.

Second, the strength of this spillover has been time-varying, with the strongest effect in the

protocol’s early phase and a fade to economic insignificance more recently.

11 Non-HLP Vault Universe: Deeper Analysis with Full

Sample

The cross-sectional regression of vault APR on observable characteristics presented in

Section 8 used only the top-30 vaults by TVL (N = 30, R2 = 0.019). This section deepens

the analysis on three fronts: (i) we expand the cross-sectional sample to the universe of active

non-HLP vaults with TVL ≥ $100 by pulling vaultDetails for each individually (current
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snapshot reports on Ndetailed = 338 vaults (filtered to N = 254 after applying minimum-

history filters); final sample of approximately 1,700 to be reported in v11); (ii) we add five new

explanatory variables (leader commission, number of followers, cumulative trading volume,

realised Sharpe, realised max drawdown); (iii) we estimate two additional models (Sharpe

cross-section, vault-survival linear-probability model) that exploit the broader N = 9,439

universe.

11.1 Cross-section regression of APR with rich controls

The R2 has tripled from 0.019 to 0.068 as the sample size grew from 30 to 120, but the

cross-sectional regression remains underpowered for detecting moderate-strength effects on

individual coefficients. As the deep-pull completes (target N ≈ 1,700) the same regression

will be re-estimated in subsequent revisions.

11.2 Sharpe-ratio cross-section: scale and volume matter

A more powerful test, given the same sample, is to model the realised Sharpe ratio (rather

than listed APR) as a function of observables. Sharpe is computed as
√

365 · µr/σr from

per-snapshot P&L returns (rt = ∆P&Lt/NAVt).

The Sharpe regression delivers two economically meaningful findings: TVL has a positive

Sharpe coefficient (larger vaults realise better risk-adjusted returns) and cumulative volume

has a negative coefficient (more active vaults realise worse risk-adjusted returns conditional

on size). This pattern is consistent with the structural advantage of passive market-making

over active discretionary trading on Hyperliquid.

11.3 Vault survival: the N = 9,439 large-sample test

To exploit the broader universe of non-HLP vaults — including the 6,178 that have been

closed — we estimate a linear-probability model for survival on the entire population of vaults

launched at least 30 days ago. The dependent variable is Alivei = 1[vault i is not closed];

the explanatory variables are coarse observables that are available for every vault from the
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public registry.

The survival regression is the most powerful test in this section, leveraging N = 9,439

vault observations and detecting four statistically significant (p < 0.001) explanatory vari-

ables with a combined R2 = 0.60. The dominant predictor is TVL: each 1-log-unit (≈ 2.7×)

increase in TVL raises the unconditional survival probability by +13.6 percentage points.

The follower-count negative coefficient is the most surprising finding and suggests an asym-

metric retail-flow channel: vaults that attract many small depositors are more likely to be

wound down, presumably because retail flow is more sensitive to drawdowns than concen-

trated capital.

11.4 New visualizations

Three new figure panels (8 subplots total) document the non-HLP vault universe in detail:

11.5 Implications

The deeper non-HLP vault analysis sharpens three claims:

1. APR is mostly idiosyncratic. Even with seven characteristics and N = 120, observ-

able scale, age, and prior performance variables explain only ∼ 7% of cross-sectional

APR variation. Vault selection is effectively a search problem with no high-power

public signal.

2. Sharpe is partially predictable from scale and turnover. The Sharpe regression

yields R2 = 0.20 with strongly significant TVL (+) and volume (−) coefficients. Higher

Sharpe is associated with the passive-LP profile.

3. Survival is overwhelmingly determined by TVL. The linear-probability model

achieves R2 = 0.60 on N = 9,439, dominated by the TVL coefficient (t = +106.5).

The follower-count negative effect is novel and merits further investigation as evidence

of retail-flow sensitivity.
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These results raise the empirical bar on Hyperliquid vault analysis from N = 30 to

N = 9,439 for the survival test and confirm that the dominant vault economics on Hyper-

liquid is structural (TVL-driven survival) rather than skill-driven (APR/Sharpe is mostly

idiosyncratic noise).

12 Economic Propositions and Test Designs

The empirical regularities documented in the preceding sections—specifically, the near-

zero funding rates for major assets (BTC, ETH, SOL), the highly elevated and volatile

funding rates for memecoins (+6% to +35% annualized), the tight Hyperliquid-Coinbase

basis (âĹŠ1.64 bps with σ = 2.75 bps), and the frequent binding of the ±12.5 ppm/hr fund-

ing clamp—demand a formal theoretical framework. To establish the economic mechanisms

driving perpetual swap pricing on the Hyperliquid L1, we formalize six testable propositions.

These propositions bridge market microstructure, behavioral asset pricing, and limits to ar-

bitrage. For each proposition, we provide the theoretical motivation, a formal mathematical

statement, a rigorous econometric test design, and explicit falsification benchmarks.

12.1 The Funding Rate as a Carry Trade Signal and Predictor of

Spot Mean-Reversion

Theoretical Motivation In traditional asset pricing, yield spreads and dividend-price

ratios serve as powerful predictors of future returns, reflecting time-varying discount rates

and risk premia (Cochrane, 2011). In the context of cryptocurrency perpetual swaps, the

funding rate functions as a continuous, endogenous yield. A persistently positive funding

rate indicates a structural imbalance: leveraged long demand exceeds short supply, forcing

longs to pay shorts to maintain the peg. Drawing on theories of crowded trades and margin-

induced liquidations, we posit that extreme funding rates signal an over-extended directional

consensus. When the capital required to sustain these leveraged positions is exhausted, the

inevitable unwinding of long inventory will cause the underlying spot price to mean-revert

downward. Consequently, the funding rate should possess predictive power for future spot
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returns, acting as an inverse signal for the “carry trade” direction.

Formal Hypothesis Let fi,t denote the annualized funding rate for asset i at time t,

and rspot
i,t+1 denote the future spot return over the subsequent period. The hypothesis posits

a negative predictive relationship:

E[rspot
i,t+k|fi,t] = αi − βfi,t

where β > 0. A positive funding rate (fi,t > 0) predicts a negative future spot return,

reflecting the unwinding of crowded long positions.

Empirical Test Design To test this proposition, we employ a predictive panel regression

framework. Because overlapping return windows induce moving-average structures in the

error term, we utilize a local projection method or standard predictive regressions with

Newey-West standard errors. The empirical specification is:

rspot
i,t→t+k = αi + β1fi,t + γ1σi,t + γ2r

spot
i,t−k→t + δt + εi,t→t+k

where k represents the forecast horizon (e.g., 1 hour, 24 hours, 7 days). We control for rolling

historical volatility σi,t and momentum rspot
i,t−k→t to isolate the unique predictive power of the

funding rate. Time fixed effects δt are included to absorb market-wide macro shocks, and

asset fixed effects αi control for unobserved time-invariant asset characteristics. The primary

coefficient of interest is β1.

Falsification Benchmark The proposition is falsified if we fail to reject the null hypoth-

esis H0 : β1 ≥ 0. If β1 = 0, the funding rate contains no predictive information regarding

future spot returns, implying that funding payments are either pure noise or represent a

perfectly compensated, time-invariant risk premium that does not necessitate price mean-

reversion. If β1 > 0 in the opposite direction (i.e., high funding predicts higher spot returns),

it would indicate that funding rates merely reflect a persistent momentum factor rather than

a crowding-induced mean-reversion mechanism.
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12.2 The Cross-Asset Funding Rate and Market Depth Hypothesis

Theoretical MotivationMarket microstructure theory, foundationalized by Easley and

O’Hara (1987) and Hasbrouck (1995), asserts that deeper markets are more resilient to asym-

metric information shocks and order flow imbalances. In the perpetual swap market, the

funding rate is the explicit cost of order flow imbalance. For highly liquid assets like BTC

and ETH, arbitrageurs possess sufficient capital and low-latency infrastructure to aggres-

sively trade against basis deviations, thereby driving the mean funding rate toward zero.

Conversely, for assets with shallow depth, arbitrage capital is constrained by inventory risk

and execution costs, leading to wider basis deviations and higher structural funding rates.

We hypothesize that the cross-sectional variation in mean funding rates is inversely propor-

tional to market depth, proxied by Open Interest (OI) and trading volume.

Formal Hypothesis Let E[fi] be the unconditional mean annualized funding rate for

asset i. We hypothesize that E[fi] is a decreasing function of the asset’s market depth, V OI
i :

E[fi] ∝ − log V OI
i

Formally, the derivative of the absolute funding rate with respect to market depth is strictly

negative: ∂|E[fi]|
∂V OI

i
< 0.

Empirical Test Design We deploy a cross-sectional regression across the universe of

Hyperliquid perpetual listings. To account for the time-varying nature of depth and funding,

we employ a Fama-MacBeth (1973) two-step procedure. First, for each day t, we estimate

the cross-sectional regression:

|fi,t| = λ0,t + λ1,t log(V OI
i,t ) + λ2,t log(V oli,t) + λ3,tD

meme
i + ηi,t

where V OI
i,t is the dollar-denominated open interest, V oli,t is the 24-hour trading volume,

and Dmeme
i is an indicator variable for memecoins (to control for asset-class specific retail

demand, detailed in Proposition 5). In the second step, we compute the time-series averages

of the coefficients λ̂1, λ̂2, λ̂3 and test their significance using Newey-West standard errors to
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correct for autocorrelation.

Falsification Benchmark The hypothesis is falsified if the time-series average of the

depth coefficient is non-negative: H0 : λ̄1 ≥ 0. If depth does not negatively correlate

with the absolute funding rate, it suggests that the funding mechanism does not equilibrate

via liquidity provision. Such a result would imply that the near-zero funding observed in

BTC/ETH is not a function of their superior market depth, but rather an exogenous artifact,

heavily challenging the assumption that arbitrage capital efficiently scales with market size

to enforce the spot-perp peg.

12.3 Funding Rate Clamp Binding Frequency and Latent Equilib-

rium

Theoretical Motivation Hyperliquid protocol rules impose a deterministic clamp on

the funding rate at ±12.5 parts per million per hour (approx. ±109.5% annualized). While

this mechanism protects traders from unbounded funding liabilities, it introduces a severe

non-linearity into the pricing of the perpetual contract. If the unconstrained “latent” equi-

librium funding rate, required to balance long and short demand, exceeds this clamp, the

observed funding rate becomes censored. Assets with high structural demand imbalances

(e.g., XMR, DOGE, WIF) will exhibit latent equilibrium rates that frequently breach this

threshold. Consequently, the probability of the clamp binding should be a monotonically

increasing function of the asset’s latent mean funding rate and volatility.

Formal Hypothesis Let f ∗i,t be the latent equilibrium funding rate, assumed to follow

a normal distribution N(µi, σ
2
i ). The observed funding rate is fi,t = min(max(f ∗i,t,−c), c),

where c = 12.5 ppm/hr. The probability of the upper clamp binding is:

P (fi,t = c|coin i) = 1− Φ

(
c− µi
σi

)
≡ g(µi, σi)

We hypothesize that the binding frequency g is monotonically increasing in the absolute

mean of the funding rate |µi|.

Empirical Test Design Because the latent mean µi is unobservable due to censoring,
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we estimate it using a Tobit maximum likelihood model. For each coin i, we estimate:

fi,t =


c if Xi,tβ + εi,t ≥ c

Xi,tβ + εi,t if − c < Xi,tβ + εi,t < c

−c if Xi,tβ + εi,t ≤ −c

Once the latent parameters µ̂i and σ̂i are recovered, we compute the empirical frequency of

hours where fi,t = +12.5 ppm/hr for each coin. We then run a cross-sectional regression of

the empirical binding frequency on the estimated latent mean µ̂i and standard deviation σ̂i.

We predict a strong positive coefficient on µ̂i.

Falsification Benchmark The proposition is falsified if the empirical clamp-binding

frequency is statistically independent of the estimated latent mean funding rate, or if the

clamp binds equally across all coins regardless of their underlying demand imbalances. If

P (clamp binds) does not scale with µi, it implies the protocol’s clamp is either non-binding

in practice, easily bypassed by market participants, or that our structural model of latent

funding equilibrium is fundamentally misspecified.

12.4 News-Shock Basis Asymmetry and Arbitrage Latency

Theoretical Motivation In frictionless markets, the perpetual-spot basis should remain

infinitesimally close to zero, bounded only by transaction fees. Our empirical data shows

a highly efficient lag-0 correlation of +0.967 and a tight basis of âĹŠ1.64 bps between Hy-

perliquid and Coinbase. However, theories of limits to arbitrage (Shleifer and Vishny, 1997)

suggest that arbitrage is neither costless nor instantaneous. When a sudden news shock hits

the market (e.g., a macroeconomic data release causing a ±1% move in BTC within 5 min-

utes), arbitrageurs face inventory risk, latency in cross-venue capital transfer, and exchange

API rate limits. During these acute windows, the arbitrage flow is temporarily disrupted,

leading to a transient widening of the basis, followed by a convergence back to the mean as

capital is reallocated.

Formal Hypothesis Let the basis at time t be bt = PHL
t − PCB

t . Define a news shock
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St as an event where the 5-minute spot return on Coinbase exceeds an absolute threshold:

|rCBt−5→t| > 1%. We hypothesize that the variance of the basis, V ar(bt+k|St), spikes imme-

diately during the shock (k = 0) and exhibits exponential decay, mean-reverting to the

unconditional variance σ2
b within a 30-minute window.

E[b2t+k|St] = σ2
b + θe−λk

where θ > 0 represents the magnitude of the basis dislocation and λ > 0 governs the speed

of arbitrageur rebalancing.

Empirical Test Design We conduct a high-frequency event study using tick-level or

1-minute resolution data. We identify all structural shocks St in the BTC/USD market over

the sample period. For each event, we extract the basis dynamics in an event window of

[−30,+30] minutes around the shock. We estimate the impulse response function of the

basis variance using JordÃă (2005) local projections:

b2t+k = α(k) + β(k)St +

p∑
j=1

γ
(k)
j b2t−j + εt+k

We plot the sequence of coefficients {β(0), β(1), . . . , β(30)}. The prediction is that β(k) is

significantly positive for k ∈ [0, 5], and decays to zero as k → 30.

Falsification Benchmark The hypothesis is falsified if β(k) ≤ 0 during the shock, mean-

ing the basis variance remains completely unchanged or tightens during extreme volatility.

Such a finding would imply that arbitrage between Hyperliquid and Coinbase is effectively

instantaneous and unconstrained by capital limits or latency—a direct contradiction of the

limits-to-arbitrage framework. If the basis does not widen during shocks, the assumption

that funding rates compensate for arbitrageur inventory risk must be rejected.

12.5 Memecoin Long-Side Concentration and Lottery Preferences

Theoretical Motivation Behavioral asset pricing literature demonstrates that retail

investors exhibit a strong preference for assets with lottery-like payoffs—specifically, high
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idiosyncratic volatility and positive skewness (Kumar, 2009; Barberis, 2018). In cryptocur-

rency markets, “memecoins” epitomize these characteristics. Because perpetual swaps allow

for highly leveraged directional bets, we theorize that retail traders disproportionately uti-

lize memecoin perpetuals to express leveraged long positions, seeking outsized returns. This

concentrated long-side demand forces market makers and arbitrageurs to take the short side,

demanding high funding rates as compensation. Therefore, even after controlling for market

depth and volume, memecoins should exhibit structurally higher mean funding rates, higher

funding variance, and more frequent clamp bindings than fundamentally driven tokens.

Formal Hypothesis Let Yi,t be a vector of funding characteristics for asset i, specifically

Yi,t = [µf,i, σ
2
f,i, P (clampi)]>. Let Dmeme

i be a binary indicator equaling 1 if asset i is a

memecoin. We hypothesize that:

E[Yi,t|Dmeme
i = 1, V OI

i , V oli] > E[Yi,t|Dmeme
i = 0, V OI

i , V oli]

indicating a positive, statistically significant premium in funding metrics driven purely by

the asset’s behavioral classification.

Empirical Test Design To isolate the “memecoin effect” from standard liquidity con-

straints, we employ a propensity score matching (PSM) and difference-in-differences (DiD)

framework. First, we match each memecoin to a non-meme, small-cap utility token with sta-

tistically indistinguishable market capitalization, open interest, and 30-day historical volatil-

ity. We then run a panel regression on the matched sample:

fi,t = α + β1D
meme
i + β2 log(V OI

i,t ) + β3σi,t + τt + εi,t

We estimate this system for the mean funding rate, the rolling variance of the funding rate,

and a logistic regression for the clamp-binding frequency. We predict β1 > 0 across all three

models.

Falsification Benchmark The proposition is falsified if β1 ≤ 0 after matching on depth

and volatility. If the memecoin dummy is zero or negative, it implies that the elevated

funding rates observed (+6% to +35% annualized) are entirely an artifact of low liquidity
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and high volatility, rather than a unique behavioral asset-class preference. Falsification would

reject the hypothesis that retail lottery preferences directly distort perpetual swap pricing.

12.6 HLP Vault Profitability as a Function of the Cross-Asset Fund-

ing Premium

Theoretical Motivation The Hyperliquid Liquidity Provider (HLP) vault operates as

an automated, passive market maker, democratizing liquidity provision. By design, market

makers take the opposite side of aggregate taker flow. If retail takers are structurally biased

toward leveraged longs (as posited in P1 and P5), the HLP vault will naturally accumulate

a net short inventory across the asset universe. Consequently, the vault acts as the primary

recipient of funding rate payments from long takers. We hypothesize that the profitability

(NAV growth) of the HLP vault is not merely a function of bid-ask spread capture, but is

fundamentally driven by the collection of the cross-asset mean funding rate. The vault’s

returns should therefore exhibit a strong positive correlation with aggregate funding rates.

Formal Hypothesis Let RHLP
t be the daily return of the HLP vault NAV. Let f̄t be the

open-interest-weighted cross-asset mean funding rate at day t. We hypothesize a positive

linear relationship:

RHLP
t = α + βf̄t + γRMKT

t + εt

where β > 0, indicating that higher aggregate funding rates directly translate into higher

vault profitability, controlling for the broader market return RMKT
t (which proxies for inven-

tory delta risk).

Empirical Test Design Testing this proposition requires extracting the daily NAV of

the HLP vault via the Hyperliquid API or on-chain event logs. We construct a daily time

series of RHLP
t . We also construct f̄t =

∑
iwi,tfi,t, where wi,t is the share of total platform

open interest for asset i. We estimate the time-series regression using OLS with Newey-West

standard errors to account for heteroskedasticity and autocorrelation. To ensure robustness,

we also include a control for aggregate trading volume V olt, as higher volume increases
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spread capture independent of funding:

RHLP
t = α + β1f̄t + β2V olt + β3R

MKT
t + εt

We predict β1 to be strictly positive and highly statistically significant.

Falsification Benchmark The proposition is falsified if β1 ≤ 0 or is statistically in-

distinguishable from zero. If HLP P&L is uncorrelated with the aggregate funding rate,

the theoretical mechanism of the vault is misspecified. It would imply either that the vault

perfectly delta-hedges off-platform (negating funding income), that taker flow is perfectly

balanced (yielding a net-zero funding collection), or that inventory depreciation completely

overwhelms the funding premium, rendering funding an insufficient compensation for liquid-

ity provision risk.

12.7 Closing Synthesis and Theoretical Implications

The six propositions developed in this section collectively bind the theoretical frame-

work of perpetual swap pricing on a high-throughput L1 order book. Propositions 1 and 5

establish the behavioral drivers of order flow, demonstrating how retail lottery preferences

and crowded directional consensus create structural imbalances. Propositions 2 and 3 map

these imbalances to the protocol’s specific microstructure, formalizing how market depth

and deterministic clamp parameters dictate the boundaries of the funding rate. Finally,

Propositions 4 and 6 test the limits to arbitrage and the compensation mechanisms for liq-

uidity providers, ensuring that the theoretical model accounts for latency, inventory risk,

and automated market-making profitability.

Among these, Proposition 4 (News-Shock Basis Asymmetry) serves as the most

critical falsification point for the entire framework. The foundational assumption of perpetual

swap design is that the funding rate incentivizes arbitrageurs to align the derivative price with

the spot index. If Proposition 4 is falsified—meaning the basis does not widen and revert

during acute volatility shocks—it implies that arbitrage capital is effectively infinite and

latency is zero. Such a finding would collapse the limits-to-arbitrage paradigm, suggesting
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that the funding rate is not a compensation for arbitrageur inventory risk, but rather an

exogenous protocol artifact.

Similarly, the failure of Proposition 1 (Carry Trade Signal) would sever the link

between derivative pricing and spot market mean-reversion, forcing a reevaluation of how

leveraged crowding impacts underlying asset prices. Follow-up empirical work must prioritize

high-frequency tick-level data collection to test Proposition 4, as the transient nature of

basis dislocations on an L1 blockchain like Hyperliquid may occur on sub-second timescales,

invisible to standard minute-level aggregates. Validating these propositions will provide

the first comprehensive empirical proof of how decentralized perpetual markets clear under

extreme behavioral demand and deterministic protocol constraints.

13 Discussion and Welfare Implications

13.1 The Funding Rate as a Demand Signal

The empirical results of this study reveal a fundamental distinction between the infor-

mational content of spot prices and that of perpetual futures funding rates. In traditional

asset pricing frameworks, the spot price is the ultimate aggregator of marginal valuation,

reflecting the discounted present value of expected future cash flows or utility. However, in

the context of crypto-assets, where fundamental valuation models are often indeterminate,

the spot price alone obscures the structural composition of market demand. We argue that

the cross-asset funding rate distribution serves as a critical, independent signal that explic-

itly quantifies long-side leveraged demand—information that the spot price cannot natively

reveal.

For major, highly liquid assets such as Bitcoin (BTC), Ethereum (ETH), and Solana

(SOL), the funding rate hovers near zero, and the basis remains tightly constrained. Because

these markets are populated by sophisticated institutional arbitrageurs with access to low-

cost capital, any deviation between the perpetual contract and the spot index is rapidly

eliminated. In these mature markets, both the spot price and the funding rate exhibit

behaviors consistent with efficient, well-arbitraged equilibria. The near-zero funding rate
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does not imply a lack of demand; rather, it indicates an equilibrium where the supply of

short-side arbitrage capital perfectly elastically meets the demand for long leverage.

Conversely, for smaller-cap assets and memecoins—such as DOGE, HYPE, and XMR—

the empirical data demonstrate a persistent, structural positive funding rate, ranging from

+6% to +35% annualized. While the spot price of these assets reflects the current clearing

price of immediate demand, the funding rate explicitly quantifies the structural long-bias of

the retail trading population. Retail participants in these markets exhibit a high marginal

propensity to assume leverage in pursuit of right-tail outcomes. Because institutional arbi-

trageurs face higher inventory risks, wider bid-ask spreads, and potential smart-contract or

venue risks when shorting these long-tail assets, the supply of arbitrage capital is inelastic.

Consequently, the funding rate must rise to induce market makers to take the other side of

retail’s structural long positions.

The welfare implications of this dynamic are substantial. In traditional finance, the cost of

leverage and the directional positioning of retail traders are often opaque, hidden within the

proprietary order flow of prime brokers or retail brokerages. In the Hyperliquid ecosystem,

the funding rate functions as a transparent, public-goods signal. It continuously broadcasts

the shadow cost of capital and the degree of speculative froth in real-time. For retail traders,

this provides a clear, observable metric of the carrying cost associated with going long.

For market makers and arbitrageurs, it quantifies the precise risk premium available for

providing short-side liquidity. By transforming proprietary order-flow imbalances into a

globally observable price (the funding rate), the mechanism reduces information asymmetry,

allowing market participants to make more efficient capital allocation decisions across the

digital asset spectrum.

13.2 Hyperliquid as On-Chain Infrastructure

The empirical performance of Hyperliquid, characterized by a daily trading volume ex-

ceeding $5 billion, challenges the long-held assumption that on-chain trading venues must

inherently suffer from higher friction and latency than centralized exchanges (CEXs). The

technical feasibility of this achievement is rooted in Hyperliquid’s architectural design, specif-
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ically its custom HyperBFT consensus mechanism, an entirely on-chain Central Limit Order

Book (CLOB), and an oracle-based mark price system. Together, these components en-

able the protocol to operate with a basis tightness that is strictly comparable to top-tier

centralized venues.

Historically, the evolution of decentralized exchanges (DEXs) has been constrained by the

limitations of underlying Layer-1 blockchains. First-generation protocols, such as Uniswap-

style Automated Market Makers (AMMs), solved the computational constraints of Ethereum

by replacing order books with passive liquidity pools. However, AMMs introduce significant

welfare costs, including impermanent loss for liquidity providers, high slippage for large

orders, and vulnerability to Maximum Extractable Value (MEV) attacks. Subsequent itera-

tions, such as early versions of dYdX (v3), utilized off-chain matching engines with on-chain

settlement to achieve CLOB functionality. While this improved capital efficiency, it retained

a degree of centralization in the matching process. By building an application-specific Layer-

1 blockchain (app-chain) optimized solely for derivatives trading, Hyperliquid processes up

to 100,000 orders per second with sub-second finality. This allows market makers to quote

with CEX-like tightness without the latency penalties that typically plague decentralized

venues.

The empirical evidence presented in this paper confirms the success of this architecture.

For the BTC market, the Hyperliquid-Coinbase basis averages a mere -1.64 basis points (bps)

with a standard deviation of 2.75 bps, and the contemporaneous correlation stands at a near-

perfect +0.967. These metrics indicate that Hyperliquid has achieved a level of cross-venue

integration previously reserved for centralized giants like Binance or CME. Arbitrageurs

face minimal friction in transmitting price signals between Coinbase spot and Hyperliquid

perpetuals, effectively tethering the on-chain derivative to the off-chain underlying.

This architectural proof-point carries profound implications for the future of derivatives

trading. From a regulatory perspective, on-chain venues offer a paradigm shift: they elimi-

nate the counterparty and custodial risks that led to the collapse of centralized entities like

FTX, substituting trusted intermediaries with verifiable cryptographic execution. From a

capital efficiency standpoint, the ability to execute cross-margining natively on-chain, sup-
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ported by a highly performant CLOB, allows traders to optimize their collateral across a

portfolio of 230 markets. However, these benefits are not without trade-offs. The reliance

on an application-specific validator set introduces novel security assumptions compared to

inheriting the security of a broader network like Ethereum. Furthermore, the oracle-based

mark price system, while robust, remains a theoretical vector for manipulation during ex-

treme network congestion. Nonetheless, Hyperliquid’s empirical success demonstrates that

the frontier of market microstructure has decisively shifted, proving that fully decentral-

ized CLOBs can compete directly with centralized incumbents on both liquidity and price

discovery.

13.3 The Clamp’s Welfare Cost

A critical feature of Hyperliquid’s mechanism design is the imposition of a Âś12.5 parts-

per-million per hour (ppm/hr) clamp on the interest-rate component of the funding rate.

While designed as a stabilizing mechanism, this clamp binds frequently, particularly in the

highly volatile altcoin and memecoin markets. The economic consequences of this boundary

condition present a classic mechanism design trade-off between market equilibration and

participant protection, carrying significant welfare implications for the ecosystem.

The primary rationale for the clamp is consumer protection and systemic stability. In

the absence of a maximum funding rate, a sudden, massive surge in directional demand—

often seen during speculative manias or targeted short squeezes—could drive the funding

rate to ruinous levels. Because perpetual futures lack a fixed maturity date, traders holding

positions against the prevailing trend would face exorbitant carrying costs, rapidly depleting

their margin. This could trigger a cascade of forced liquidations, artificially distorting the

mark price and threatening the solvency of the protocol’s insurance fund. By capping the

interest-rate component at Âś12.5 ppm/hr, the protocol designers explicitly prioritize the

survival of the trader and the stability of the system over instantaneous price efficiency. The

clamp acts as a circuit breaker, limiting the maximum wealth transfer from the minority

side of the market to the majority side.

However, this protection generates a measurable welfare cost in the form of deadweight
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loss and market inefficiency. When the directional imbalance is so severe that the shadow

equilibrium funding rate exceeds the Âś12.5 ppm/hr limit, the clamp binds. At this point,

the funding rate ceases to be a market-clearing price. Because arbitrageurs are artificially

capped in the compensation they receive for taking the contrarian position, the supply

of arbitrage capital becomes perfectly inelastic at the clamped rate. Consequently, the

mechanism prevents full equilibration, and a persistent basis between the perpetual contract

and the spot index emerges. The derivative price is forced to decouple from the underlying

spot price to absorb the excess demand that the funding rate is no longer permitted to

price in. This persistent basis degrades the utility of the perpetual contract as a hedging

instrument, as hedgers must contend with a distorted derivative price that no longer faithfully

tracks the spot market.

Comparing Hyperliquid’s approach to other venues highlights the diversity in mechanism

design. BitMEX, the pioneer of the perpetual swap, historically utilized highly aggressive

funding rate curves to force convergence, prioritizing strict spot-tracking over trader pro-

tection. Binance employs dynamic clamping that scales with market volatility, offering a

middle ground but introducing unpredictability into carrying costs. dYdX similarly adjusts

its bounds based on underlying liquidity profiles. Hyperliquid’s rigid Âś12.5 ppm/hr clamp

provides absolute predictability for traders but explicitly accepts the welfare cost of periodic

decoupling. Ultimately, this design choice reflects a philosophical stance: that the dead-

weight loss of temporary basis persistence is a strictly preferable outcome to the systemic

risk of unbounded liquidation cascades in a highly leveraged, decentralized environment.

13.4 Comparison with Prediction-Market Microstructure (Compan-

ion Paper)

The findings of this study gain further structural context when juxtaposed with our

companion paper, which examines the microstructure of Kalshi binary options. While both

Hyperliquid and Kalshi are novel trading venues offering derivative exposure to underlying

assets like Bitcoin, their empirical integration with the spot market diverges dramatically.

Hyperliquid’s BTC perpetual contract exhibits a near-perfect contemporaneous correlation
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of +0.967 with Coinbase spot. In stark contrast, the companion paper documents that

Kalshi’s daily and event-driven BTC binary calls exhibit a contemporaneous correlation of

only +0.353 with the same Coinbase spot market. This massive disparity in integration

cannot be explained by venue latency or retail participation alone; rather, it underscores

that cross-venue integration is fundamentally shaped by contract structure.

Hyperliquid offers a continuous-payoff, delta-one derivative. A perpetual future provides

linear exposure to the underlying asset, meaning that for every marginal move in the spot

price, the derivative’s value moves proportionally. This linearity allows for continuous, highly

precise delta-hedging. Arbitrageurs can effortlessly construct risk-neutral portfolios by buy-

ing the perpetual on Hyperliquid and selling spot on Coinbase (or vice versa), capturing the

funding rate or basis spread. Because this arbitrage can be executed at any granularity and

continuously adjusted, the theoretical bounds of the no-arbitrage condition are extremely

tight. The +0.967 correlation is the direct empirical footprint of this frictionless, linear

arbitrage channel.

Conversely, Kalshi offers a bounded [0, 1] binary option based on a specific threshold-

crossing event at a discrete expiration time. The payoff is highly non-linear, creating severe

structural frictions for arbitrageurs. The low +0.353 correlation is a function of moneyness-

dependent decoupling. When a Kalshi binary contract is deep in-the-money (probability near

1) or deep out-of-the-money (probability near 0), its delta approaches zero; the contract price

becomes entirely insensitive to small, contemporaneous fluctuations in the BTC spot price.

Furthermore, because the Kalshi contract resolves based on a discrete threshold at a specific

time, arbitrageurs cannot simply delta-hedge with spot BTC without assuming significant

gamma and vega risk, as well as jump risk near the expiration boundary. The capital required

to dynamically hedge a binary option is substantially higher, and the risk of the hedge failing

due to a sudden spot price movement across the strike threshold is severe.

Together, these two papers establish a critical principle in modern market microstruc-

ture: the geometric design of the derivative contract overrides the centralized or decentralized

nature of the venue in determining price discovery and market integration. Hyperliquid’s

decentralized, on-chain architecture does not prevent it from achieving a +0.967 correlation
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because the linear perpetual contract natively invites continuous arbitrage. Kalshi’s regu-

lated, centralized matching engine cannot force a correlation higher than +0.353 because the

binary payoff structure fundamentally repels continuous delta-hedging. Therefore, policy-

makers and market architects must recognize that the efficiency of a market is dictated first

by the mathematical reality of its payoff function, and only secondarily by the technological

infrastructure of its settlement layer.

13.5 Limitations and Future Work

While this paper establishes a robust framework for understanding Hyperliquid’s mi-

crostructure and the informational content of its funding rates, several empirical and method-

ological limitations warrant acknowledgment. These constraints define the boundaries of the

current analysis and provide clear, actionable avenues for future econometric research.

First, our analysis of the funding rate as a demand signal relies on a 21-day continuous

window. While sufficient to capture short-term structural imbalances and the cross-sectional

distribution between major caps and memecoins, this duration is insufficient for rigorously

testing multi-month carry-trade signals. A robust evaluation of the funding rate as a persis-

tent alpha-generating factor requires a longitudinal dataset spanning multiple market regimes

(e.g., bull, bear, and sideways markets) over several years. Future work should construct

extended panels to test whether the structural premium observed in long-tail assets decays

over time or persists as a permanent feature of retail leverage demand.

Second, the high-frequency basis and lead-lag analysis for BTC is restricted to a 48-hour

sample at minute-level frequency. While this captures the broader contemporaneous corre-

lation (+0.967), minute-level aggregation inherently masks the true sub-second dynamics of

price discovery. In highly efficient markets, lead-lag relationships are typically resolved in

milliseconds. Without tick-level or sub-minute order book data, our ability to definitively

identify whether Hyperliquid leads Coinbase or merely reacts to it remains constrained. Fu-

ture research equipped with high-fidelity, timestamped message data should employ Vector

Autoregression (VAR) or Information Share (IS) models at the millisecond level to precisely

map the direction of information flow.
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Third, our deep-dive into basis tightness and correlation is primarily focused on a single

asset: Bitcoin. While BTC serves as the benchmark for crypto-asset microstructure, it is

not perfectly representative of the broader market. Extending this high-frequency basis

analysis to a deep panel including ETH, SOL, and highly volatile altcoins would be highly

valuable. It is plausible that while Hyperliquid achieves CEX-comparable efficiency for BTC,

basis fragmentation and latency arbitrage may still be prevalent in less liquid, higher-beta

markets.

Fourth, this study does not empirically evaluate the performance of Hyperliquid’s na-

tive automated market maker vaults (HLP). The HLP vaults are critical to the platform’s

liquidity provision, acting as the counterparty of last resort. Analyzing the profitability,

risk-adjusted returns, and inventory management of these vaults requires granular on-chain

data and daily Net Asset Value (NAV) calculations, which were beyond the scope of this

paper. Understanding how decentralized liquidity pools manage adverse selection against

sophisticated flow is a vital next step.

Finally, a natural extension of this research is a direct, multi-venue cross-CEX compari-

son. While we benchmarked Hyperliquid against Coinbase spot, a comprehensive microstruc-

ture study should simultaneously analyze the Hyperliquid perpetual against the Binance

perpetual swap and the CME traditional futures contract. Such a multi-variate framework

would definitively isolate the specific liquidity premiums and latency costs associated with

on-chain versus off-chain, and regulated versus unregulated, derivative venues.

13.6 Closing

The emergence of Hyperliquid represents a critical juncture in the evolution of digital as-

set market microstructure. Historically, the academic and practitioner discourse surrounding

decentralized finance has been defined by a reluctant acceptance of compromise: the ideolog-

ical benefits of self-custody and transparent, on-chain settlement were assumed to require the

sacrifice of capital efficiency, execution speed, and price discovery. Hyperliquid shatters this

dichotomy. It is not merely another iterative Decentralized Exchange; it is an architectural

proof-point demonstrating that on-chain Central Limit Order Books can successfully inte-
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grate with continuous-payoff derivatives at a granularity that rivals the most sophisticated

centralized incumbents.

The empirical evidence—anchored by a $5 billion daily trading volume, a negligible -1.64

bps basis, and a +0.967 correlation with off-chain spot markets—confirms that Hyperliquid

has bridged the liquidity gap. It facilitates a frictionless environment where institutional

arbitrageurs can enforce the law of one price across disparate technological paradigms. Si-

multaneously, the protocol’s funding rate mechanism transcends its mechanical purpose of

anchoring the derivative to the spot price. It emerges as an explicit, highly visible cross-asset

signal that quantifies the shadow cost of leverage and the structural long-bias of the retail

market—an informational public good that traditional, opaque spot markets cannot natively

provide.

This combination—hyper-performant on-chain settlement, tight CEX integration, and

the generation of an explicit demand signal—constitutes a fundamentally new microstruc-

ture regime. It proves that the geometric structure of the contract (linear perpetuals) and

the optimization of the consensus layer (HyperBFT) can override the traditional frictions

associated with decentralized ledgers. As regulatory pressures mount on centralized interme-

diaries and capital allocators increasingly demand transparent execution environments, the

Hyperliquid model offers a blueprint for the future of derivatives trading. The mechanisms

documented in this study not only validate the viability of high-frequency on-chain finance

but also open a rich, unexplored frontier for economic research into how permissionless sys-

tems price risk, manage leverage, and aggregate global demand.
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Figure 1: Figure (full-history). Hyperliquid funding rate dynamics, 2023-06 to
2026-05. Top-left: 7-day rolling mean funding for BTC/ETH/SOL. Top-right:
HYPE/DOGE/AAVE/LINK with the HYPE listing event marked. Mid-left: quarterly mean
funding by coin. Mid-right: rolling 30-day upper-clamp binding frequency. Bottom-left:
pooled distribution of all hourly funding rates across 30 coins (log y-scale). Bottom-right:
annual mean ± 1 std per coin showing cross-time stability.
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Figure 2: Funding-rate clamp binding frequency. Stacked-bar chart of the fraction
of hourly funding-rate observations at the positive (+12.5 ppm/hr, red) or negative (-12.5
ppm/hr, green) protocol clamp, for the top 20 Hyperliquid perpetuals over the 21-day win-
dow, sorted by positive-clamp binding frequency. The clamp binds in over 80% of observa-
tions for many mid-cap and memecoin perpetuals.
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Figure 5: Cross-coin funding rate distribution boxplot. Top 20 Hyperliquid perpetuals
over the 21-day window. The upper whiskers concentrated at +12.50 ppm/hr reflect the
protocol’s interest-rate clamp binding for most coins.

65



102 103

Open interest (notional, $M, log scale)

5

0

5

10

15

20

25

30

35

M
ea

n 
an

nu
al

iz
ed

 fu
nd

in
g 

ra
te

 (%
)

BTCETH

HYPE

SOL

ZEC

XRP

DOGE

TON

SUI

VVV

FARTCOIN

NEAR

AAVE

PUMP
LINK

kPEPEONDO BNB

XMR

TAO

Open interest vs mean funding rate, Hyperliquid top-20 perps
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smaller-open-interest coins exhibit funding rates ranging from +7% to +35%.
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Figure 8: HLP vault NAV and cumulative P&L, May 2024 – May 2026. Top
panel: account value in USD millions over 67 NAV snapshots (approximately monthly ca-
dence). Bottom panel: cumulative P&L. The vault reaches a peak NAV of approximately
$181M in September 2025 before drawing down; cumulative P&L grows monotonically with
intermittent slow periods.
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Figure 9: HLP vault drawdown from peak NAV. Drawdown computed as (NAVt −
maxs≤tNAVs)/maxs≤tNAVs using the NAV series (which combines P&L and net deposit
flows). The maximum NAV drawdown of −72.7% occurs at the 2025-03-26 snapshot (NAV
$40.4M, peak $147.8M), and is driven entirely by depositor withdrawals, not by HLP losses:
the cumulative P&L series is monotone non-decreasing throughout this period (max P&L
drawdown is $0). The chart therefore shows the depositor-base dynamics, not the vault’s
trading performance.
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Figure 10: Cross-coin funding-rate correlation matrix. Pairwise Pearson correlation
between hourly funding rates across the top-20 Hyperliquid perpetuals (21-day window,
500 common observations per coin). Coins ordered by mean funding rate, descending. The
diagonal is +1.0 by construction. Off-diagonal entries are predominantly within [−0.2,+0.3],
indicating that funding-rate shocks are largely idiosyncratic and that a passive multi-coin
vault collects a diversified funding premium.
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Figure 15: Figure (v10-a). Vault launch cohorts and survival (top-left); TVL distribution
by age cohort (top-right); APR vs Sharpe scatter with OLS fit (bottom-left); max drawdown
distribution (bottom-right).
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Figure 16: Figure (v10-b). Leader-vault concentration (number of vaults per leader, log-
scale, top-left); cumulative vault-launch timeline (top-right); top-20 vaults’ NAV trajectories
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77



Table 1: Sample summary

Variable Value

Total perpetual markets on Hyperliquid 230
Aggregate daily notional volume (USD) $5.32B
Aggregate open interest (notional, USD) $8.45B
Funding-rate history per coin 500 hourly observations
Funding-rate history window approximately 21 days
BTC 1-min candles (Hyperliquid) 2,881
BTC 1-min candles (Coinbase) 2,470
Aligned minutes for basis/lead-lag 2,461
HLP vault all-time observations 64 monthly snapshots
HLP vault all-time notional traded $189.9B

Hyperliquid sample assembled May 2026 via the platform’s public REST API. The top-20 most-actively-
traded perpetuals by daily notional volume cover the major centralized-listing coins (BTC, ETH, SOL, BNB)
and Hyperliquid-specific assets including HYPE, FARTCOIN, kPEPE, and PUMP. The HLP (Hyperliquid
Liquidity Provider) is the platform’s passive market-making vault, with on-chain custody and pro-rata profit
distribution to depositors.
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Table 2: Table 2. Hyperliquid funding rate distribution, full sample (2023-06-01 to 2026-
05-14).

Coin n Mean Std Ann.% Min Max Up clamp% Pos%
(ppm/hr) (ppm/hr) (ppm/hr) (ppm/hr)

BTC 25,246 +17.08 27.50 +14.96 -167.3 +598.1 74.0 87.0
ETH 25,746 +17.76 28.24 +15.56 -385.6 +723.1 71.0 86.4
SOL 24,746 +14.64 46.00 +12.82 -2051.4 +389.4 63.8 75.3
HYPE 12,614 +26.63 54.22 +23.33 -1866.2 +886.3 89.3 94.0
XRP 24,486 +12.27 32.44 +10.74 -1247.0 +317.7 67.4 79.2
DOGE 25,246 +21.39 55.25 +18.74 -1213.7 +856.9 65.7 78.8
BNB 25,246 +3.48 40.27 +3.05 -510.9 +406.9 61.6 72.1
AAVE 23,766 +20.37 37.61 +17.84 -209.4 +1650.7 82.8 88.3
LINK 24,746 +19.24 41.30 +16.85 -399.8 +1653.9 78.4 86.9
AVAX 25,746 +10.17 45.34 +8.91 -899.2 +434.3 63.1 71.8
kPEPE 25,746 +27.64 75.24 +24.21 -1513.6 +808.9 75.1 82.8
INJ 25,746 +7.50 82.51 +6.57 -2795.6 +684.1 63.1 71.8
SUI 25,246 +9.57 56.41 +8.38 -853.0 +860.6 60.2 72.8
ARB 25,246 +14.49 34.92 +12.69 -378.5 +371.5 66.8 78.2
OP 25,246 +12.64 43.11 +11.07 -517.8 +610.5 65.4 74.4
LTC 25,246 +16.01 30.71 +14.02 -990.3 +452.5 75.0 85.5
BCH 25,194 -1.74 38.11 -1.52 -600.9 +347.2 47.9 61.1
WLD 24,608 +9.42 55.35 +8.26 -531.3 +666.4 66.9 74.7
TRX 24,294 +3.99 30.89 +3.50 -510.5 +475.2 62.9 73.2
TON 22,457 +22.11 81.69 +19.37 -1702.6 +1157.6 74.8 82.8
NEAR 22,206 +25.13 45.18 +22.02 -967.6 +869.8 84.7 91.0
TIA 22,012 +18.09 117.28 +15.85 -4888.9 +3651.5 60.1 69.9
JUP 20,954 +17.62 234.45 +15.44 -1279.8 +17520.2 65.3 74.5
ONDO 19,788 +11.91 61.48 +10.44 -1240.5 +660.5 63.6 73.8
TAO 19,069 +30.65 80.42 +26.85 -2150.1 +1179.2 84.8 89.5
VVV 11,327 -30.67 169.56 -26.87 -4341.1 +4097.1 60.0 65.1
FARTCOIN 11,252 +29.21 70.77 +25.59 -5516.3 +787.7 96.4 98.1
PUMP 7,412 +18.20 65.62 +15.94 -2272.1 +2683.7 86.5 93.3
ZEC 5,386 +2.01 63.79 +1.76 -1317.1 +2151.6 70.1 78.2
XMR 2,871 +27.35 36.94 +23.96 -88.3 +382.9 98.1 98.7

Hourly funding rates from Hyperliquid for 30 perpetuals, 2023-06-01 to 2026-05-14. Mean and standard
deviation in parts-per-million per hour. Annualised percentage assumes 8,760 hours per year. Up-clamp%
is the fraction of hourly observations at the upper protocol clamp (+12.5 ppm/hr); Pos% is the fraction
of hours with positive funding. Some coins (HYPE, FARTCOIN, PUMP, VVV, XMR, ZEC) have shorter
samples reflecting later listing dates. The full sample reveals that the upper clamp binds in 60–98% of hours
for most perpetuals, with mid-cap and memecoin perpetuals (NEAR 84.7%, TAO 84.8%, HYPE 89.3%,
FARTCOIN 96.4%, XMR 98.1%) showing the most extreme bindings.
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Table 3: Table 2b. Hyperliquid mean funding rate by year (selected coins).

Coin 2023H2 2024 2025 2026YTD
Mean (Std) Mean (Std) Mean (Std) Mean (Std)

BTC +18.76 (31.7) +26.79 (35.3) +12.14 (14.2) +2.88 (10.3)
ETH +27.59 (40.2) +25.17 (30.2) +9.74 (15.1) +4.13 (10.6)
SOL +16.19 (65.6) +31.62 (44.7) +6.06 (33.9) -5.52 (18.5)
HYPE — +135.60 (124.8) +25.19 (45.6) +8.94 (10.9)
XRP +8.74 (48.6) +21.53 (31.7) +9.88 (25.9) -2.46 (14.8)
DOGE +14.37 (75.9) +42.37 (64.9) +10.02 (24.1) +4.19 (11.1)
BNB -7.38 (64.7) +9.33 (40.1) +3.09 (23.4) +5.80 (10.4)
AAVE +7.53 (50.1) +34.32 (42.2) +15.25 (23.7) +9.01 (8.5)
LINK +12.37 (64.2) +33.73 (43.5) +13.55 (22.4) +10.33 (6.0)
NEAR +83.47 (79.0) +34.73 (52.1) +11.24 (20.4) +10.53 (14.9)
TAO — +63.80 (110.3) +12.15 (27.2) -0.09 (57.4)
AVAX -0.01 (70.5) +21.19 (48.5) +6.49 (24.4) +5.90 (12.6)

Mean (and standard deviation) of hourly funding rate (ppm/hr) by calendar year. “2023H2” is 2023-06-01
onward; “2026YTD” is 2026-01-01 to 2026-05-14. Three regime patterns emerge: (i) major coins (BTC,
ETH, SOL) show structurally positive but volatile funding throughout, with the 2024 bull market exhibiting
the highest variance; (ii) memecoins and mid-caps generally show declining funding intensity as the protocol
matures and arbitrage participation rises; (iii) HYPE (launched November 2024) shows funding intensity
comparable to mid-cap perps from inception. “—” indicates the coin was not yet listed in that period.
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Table 4: Cross-section regression of mean annualised funding

Variable Coefficient t-stat

Intercept +14.84 (+0.72)
log Open Interest +5.17 (+1.52)
log Daily Volume −5.99 (−2.14)∗∗

Memecoin dummy +9.03 (+3.30)∗∗∗

R2 0.553
n 20

OLS cross-sectional regression of mean annualised funding rate (percentage) on log open interest (USD), log
daily notional volume (USD), and a memecoin indicator. Sample is the top 20 Hyperliquid perpetuals by
daily volume. Heteroskedasticity-uncorrected t-statistics in parentheses. Stars: ∗10%, ∗∗5%, ∗∗∗1%. Inter-
pretation: holding open interest and volume constant, memecoin perpetuals carry +9% higher annualised
funding on average. The log-volume coefficient is significantly negative: deeper-volume markets equilibrate
funding closer to zero. The log-OI coefficient is weakly positive in this small sample, opposite the naive
prediction; a larger panel would clarify the direction.
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Table 5: Lead-lag correlation between Hyperliquid and Coinbase BTC

Lag (minutes) ρ

−3 +0.020
−1 +0.073

0 +0.967
+1 +0.115
+3 +0.014

Lead-lag correlations between Hyperliquid BTC perpetual log-returns and Coinbase BTC-USD log-returns at
lags−3 to +3 minutes, over 2,461 aligned minute observations during a 48-hour window in May 2026. Positive
lag means Coinbase leads Hyperliquid; negative means Hyperliquid leads Coinbase. The contemporaneous
correlation of +0.967 is by far the largest; all other-lag correlations are below 0.12. The two venues move
synchronously at minute frequency without a detectable lead in either direction.
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Table 6: HLP vault statistics

Metric Value

Inception date 2024-05-01
Days since inception 743
Latest NAV (USD) $127,791,915
All-time cumulative P&L (USD) $87,845,073
All-time notional volume traded (USD) $189,994,901,868
Active perpetual positions 183
Annualized Sharpe ratio (NAV) 1.15
Maximum NAV drawdown (incl. withdrawals) −72.7%
Maximum cumulative P&L drawdown 0% (monotone non-decreasing)
NAV snapshots in API 67

HLP vault statistics as of May 2026, pulled via the Hyperliquid vaultDetails endpoint. HLP is a passive
market-making vault that takes the opposite side of leveraged perp trades; it collects funding payments and
bid-ask spread as compensation. The accountValue history shows a steady accumulation since launch in
May 2024 with monthly fluctuations.
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Table 7: Table 4. AR(1) funding-rate persistence, full sample.

Coin n ρ̂ t-stat Half-life (hr)

ETH 25,746 +0.8648 +276.6 4.77
AVAX 25,746 +0.9232 +386.8 8.67
kPEPE 25,746 +0.8971 +325.8 6.38
INJ 25,746 +0.9104 +354.9 7.39
BTC 25,246 +0.8781 +291.8 5.33
DOGE 25,246 +0.9072 +343.5 7.12
BNB 25,246 +0.8931 +315.6 6.13
SUI 25,246 +0.9338 +415.3 10.12
ARB 25,246 +0.8963 +322.5 6.33
OP 25,246 +0.9034 +335.3 6.82
LTC 25,246 +0.8841 +301.4 5.63
BCH 25,194 +0.9199 +379.2 8.31
SOL 24,746 +0.8749 +284.2 5.19
LINK 24,746 +0.8635 +269.9 4.72
WLD 24,608 +0.9312 +401.3 9.73
XRP 24,486 +0.8807 +291.2 5.46
TRX 24,294 +0.8839 +294.6 5.62
AAVE 23,766 +0.8368 +235.6 3.89
TON 22,457 +0.8739 +269.4 5.14
NEAR 22,206 +0.9062 +319.3 7.03
TIA 22,012 +0.8342 +224.4 3.82
JUP 20,954 +0.8776 +264.9 5.31
ONDO 19,788 +0.8680 +245.9 4.90
TAO 19,069 +0.7836 +174.5 2.84
HYPE 12,614 +0.6386 +93.5 1.55
VVV 11,327 +0.8239 +154.7 3.58
FARTCOIN 11,252 +0.4771 +57.6 0.94
PUMP 7,412 +0.6787 +103.8 1.79
ZEC 5,386 +0.5987 +55.1 1.35
XMR 2,871 +0.7918 +69.4 2.97

Per-coin AR(1) regression ft = α + ρft−1 + εt on full sample hourly observations. All ρ̂ estimates highly
significant (t > 55). Persistence is dramatically stronger than the 21-day sample: major coins (BTC, ETH,
SOL) show ρ̂ > 0.86 with half-lives of 4–5 hours; mid-caps (AVAX, BNB, AAVE) show ρ̂ > 0.83 with
half-lives 4–9 hours; only the most recent listings (HYPE, FARTCOIN, ZEC) show ρ̂ < 0.7, consistent
with shorter sample windows providing less precise estimates. The strong long-run persistence supports the
carry-trade interpretation of funding rate as a slow-moving state variable.
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Table 8: Top-30 non-HLP vaults on Hyperliquid: TVL, performance, and risk metrics.

Vault name TVL ($M) APR Sharpe Max DD Days Vol ($M)

[ Systemic Strategies ] Hyp 10.08 -1.1% +1.35 -53.9% 253 517
Growi HF 8.38 +38.8% +5.66 -69.4% 673 350
[ Systemic Strategies ] L/S 6.81 -4.4% +1.27 -80.6% 470 666
drkmttr 6.04 +295.1% +0.04 -37.7% 155 92
Ultron 5.22 +65.3% -0.40 -52.2% 162 236
Bitcoin Moving Average Long/Sh 3.35 -1.1% -0.25 -22.9% 218 100
Orbit Value Strategies 3.18 +85.7% +3.16 -11.1% 148 47
AIQuantPulse 2.36 -8.0% -3.27 -14.9% 99 25
FC Genesis - Quantum 2.19 +0.5% -4.36 -21.7% 239 99
Long HYPE & BTC / Short Garba 2.17 +58.3% +1.25 -90.3% 400 93
Martyrbit 1.58 -1.7% -0.50 -68.3% 484 74
BredoStrategy 1.55 +661.0% +1.43 -35.9% 85 173
Hyperrr 1.53 -19.7% +2.47 -87.0% 505 2,536
Long LINK Short XRP 1.46 +523.6% -3.71 -64.7% 295 18
pmalt 1.39 +18.6% +2.32 -99.8% 575 187
Black Ops 1.07 +55.0% -0.75 -25.5% 127 23
Equinox Blackalgo 1.03 +38.0% -0.76 -22.7% 113 44
Scott Phillips Trading Vault 0.98 -0.8% -1.67 -59.8% 442 106
Delta_01 0.70 +19.2% +3.07 -49.0% 624 44
Hyperliquidity Trader (HLT) 0.69 +285.3% -1.67 -88.4% 743 341
Citadel 0.62 +32.2% +3.85 -74.9% 743 25
+convexity 0.56 +6.2% +1.30 -24.2% 260 38
Edge & Hedge 0.55 +97.5% -1.00 -25.6% 155 44
OnlyShorts 0.55 -15.2% +1.65 -41.9% 211 49
Enjoyooor V3 0.53 -7.4% -1.32 -22.0% 27 9
Satori Quantum HF Vault 0.52 +41.2% +2.19 -51.0% 435 102
BULBUL2DAO 0.48 +109.6% +0.56 -78.5% 512 15
Darkframe 0.45 +113.5% -2.21 -49.2% 323 8
Elsewhere 0.43 +8.3% -1.55 -96.0% 673 413
prof’s ai vault 0.40 -0.7% -1.77 -4.2% 78 6

Top-30 non-HLP vaults by current TVL. APR is the listed annual rate from the protocol leaderboard. Sharpe
is annualized as

√
365 ·µr/σr from per-snapshot returns rt = ∆P&Lt/NAVt. Max DD is the NAV drawdown

(includes depositor withdrawals). Days is days since inception. Vol is cumulative trading volume.
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Table 9: Cross-section regression: APR on observable vault characteristics, top-30 non-HLP
vaults.

Variable Coefficient Std. Error t-stat

Constant +126.97 504.6 +0.25
log(TVL) +7.55 39.3 +0.19
log(Cumulative Volume) −0.39 30.5 −0.01
log(Days since inception) −25.72 45.2 −0.57

R2 0.019
N 30

Dependent variable is listed APR in percent. Sample is the top-30 non-HLP vaults by TVL,
with HLP and its eight child accounts excluded. R2 = 0.019 implies that less than 2% of
cross-sectional APR variation is explained by these observable vault characteristics. The
null of joint zero coefficients cannot be rejected.
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Table 10: Table 8. Regime-interacted cross-section regression: meme premium by year.

Coefficient 2023H2 2024 2025 2026YTD

Const +1093∗∗∗ +251∗∗∗ +15 +254
Meme dummy +24.84 (t = +1.20) +8.09 (t = +1.22) +2.51 (t = +0.74) −1.73 (t = −0.36)
log ni −114.5∗∗∗ −23.64∗∗∗ +0.61 −24.38

N 22 26 29 30
R2 0.825 0.742 0.021 0.031

Annualised mean funding (%) regressed on a memecoin dummy and log sample size, separately for each sub-
period. Sample sizes vary across periods because some coins were listed mid-sample. The meme premium
coefficient declines from +24.8% in 2023H2 to −1.7% in 2026YTD, and is statistically indistinguishable from
zero in all four regressions. The log ni coefficient pattern — strongly negative in 2023–2024, near-zero in
2025–2026 — suggests that early-listed coins commanded a sample-size-correlated funding premium that has
since dissipated. Combined, the data reject the hypothesis of a stable, sample-period-invariant cross-sectional
funding premium driven by memecoin status. ∗∗∗1%, ∗∗5%, ∗10%.
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Table 11: Table 9. Observed vs latent (no-clamp) mean funding rates.

Coin Observed mean Latent mean ∆ (Observed–Latent) Clamp-bound share
(ppm/hr) (ppm/hr) (ppm/hr) %

BTC +17.08 +1.51 +15.57 78.7
ETH +17.76 +2.07 +15.69 75.8
SOL +14.64 +0.45 +14.19 78.5
HYPE +26.63 +1.72 +24.91 92.2
AAVE +20.37 +0.84 +19.53 90.0
LINK +19.24 +2.85 +16.39 87.1
DOGE +21.39 +1.05 +20.34 77.1
XRP +12.27 +1.15 +11.12 79.3
BNB +3.48 +0.61 +2.87 80.4
FARTCOIN +29.21 +2.53 +26.68 97.5
NEAR +25.13 +1.50 +23.63 89.4
TAO +30.65 +1.07 +29.58 91.6
XMR +27.35 +0.99 +26.36 98.9

“Observed mean” is the full-sample mean hourly funding rate; “Latent mean” restricts to hours where
|f | < 12.4 ppm/hr (clamp non-binding); ∆ is the difference. The dramatic compression — BTC observed
+17.08 vs latent +1.51 ppm/hr, a 91% reduction — reveals that the observed positive mean funding rate
is overwhelmingly an artifact of clamp binding rather than evidence of true positive demand. The same
conclusion applies across all 30 perpetuals in the sample: latent funding is within ±3 ppm/hr for every
coin, while observed funding ranges from +3.5 (BNB) to +30.7 (TAO). Annualised, the latent funding rates
correspond to 0–3% per annum, much closer to the prior literature’s prediction that competitive equilibrium
funding should be close to zero on liquid coins.
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Table 12: Table 10. Multi-horizon predictability of funding: ft+h ∼ ft regression coefficient
by horizon.

Coin h = 1 hr h = 6 hr h = 24 hr h = 72 hr h = 168 hr

BTC +0.878 (R2=0.77) +0.679 (0.46) +0.556 (0.31) +0.448 (0.20) +0.363 (0.13)
ETH +0.865 (0.75) +0.618 (0.38) +0.506 (0.28) +0.401 (0.18) +0.347 (0.13)
SOL +0.875 (0.77) +0.655 (0.43) +0.548 (0.32) +0.433 (0.20) +0.345 (0.13)
DOGE +0.907 (0.82) +0.740 (0.55) +0.628 (0.40) +0.534 (0.29) +0.450 (0.21)
AAVE +0.837 (0.70) +0.680 (0.46) +0.588 (0.35) +0.506 (0.26) +0.418 (0.18)
HYPE +0.639 (0.41) +0.427 (0.18) +0.341 (0.12) +0.253 (0.07) +0.277 (0.09)

Regression of h-step-ahead funding rate on current funding, by coin. The R2 values in parentheses give the
fraction of ft+h variance explained by ft. For BTC, current funding explains 77% of variance at h=1 hr;
31% at one day; 20% at three days; and 13% at one week. The persistence is much stronger than implied
by AR(1) iterated forecasts (BTC: ρ̂168 = 0.878168 ≈ 7.5 × 10−10, vs observed R2 = 0.13), indicating long-
memory dynamics beyond the AR(1) approximation. HYPE shows the fastest decay, consistent with its
shorter sample window. Most coins exhibit week-ahead predictive R2 of 0.10–0.21, which is economically
meaningful for medium-frequency carry trading.
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Table 13: Table 11. Per-coin carry-trade backtest: gross and net annualized returns and
Sharpe ratios.

Coin Gross Ann.% Hourly Std (%) Gross Sharpe Net Ann.% Net Sharpe

XMR +23.96 0.35 +69.29 +22.92 +66.29
ETH +15.56 0.26 +58.86 +14.52 +54.92
BTC +14.96 0.26 +58.12 +13.92 +54.08
NEAR +22.02 0.42 +52.07 +20.98 +49.61
AAVE +17.84 0.35 +50.69 +16.80 +47.73
LTC +14.02 0.29 +48.78 +12.98 +45.17
HYPE +23.33 0.51 +45.97 +22.29 +43.92
LINK +16.85 0.39 +43.60 +15.81 +40.91
DOGE +18.74 0.52 +36.23 +17.70 +34.22
SOL +12.82 0.43 +29.78 +11.78 +27.37

Per-coin Sharpe of a passive short-perp/long-spot carry trade, using observed hourly funding rate as period
return and assuming 1.04%/year transaction cost. Gross Sharpe ratios above 50 are implausibly high and
reflect three modelling simplifications: (i) realized 8-hour funding payment as Bernoulli random variable
rather than hourly average, (ii) zero basis risk, slippage, or market impact, (iii) zero margin/financing cost.
The realistic Sharpe of an institutional carry-trade implementation is likely 3–8 for the top-ranked coins after
accounting for execution friction. The cross-sectional ranking is informative: structural funding-rate carry
concentrates in mid-cap perpetuals (XMR, NEAR, AAVE) where the clamp binds frequently. Combined
with Table 11, this implies the carry is primarily a clamp-binding-funded structural transfer from leveraged
longs to passive sellers rather than a compensation for risk.
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Table 14: Table 12. HYPE listing event study: pre/post 30-day funding rate changes.

Coin Pre-event funding Post-event funding ∆ (Post–Pre)
(ppm/hr) (ppm/hr) (ppm/hr)

JUP −0.72 +37.90 +38.62
WLD +27.14 +55.30 +28.16
ARB +25.77 +46.13 +20.36
INJ +27.08 +43.18 +16.10
LTC +42.22 +56.63 +14.41
LINK +38.68 +50.94 +12.26
TRX +19.23 +29.80 +10.57
AVAX +32.00 +41.78 +9.78
BTC +27.77 +33.45 +5.67
ETH +40.56 +37.56 −3.00
NEAR +47.09 +43.22 −3.87

Mean funding rate (ppm/hr) in [−30, 0] days vs (0,+30] days surrounding the HYPE listing on 2024-11-29.
Most coins show +5 to +38 ppm/hr increases in mean funding post-listing. The spillover pattern — not
unique to memecoins — is consistent with increased platform-wide leverage demand following the high-profile
native-token listing. ETH, NEAR, and XRP show small post-listing declines, suggesting capital reallocation
toward HYPE and high-beta L1/altcoins rather than a uniform rise. The 11 ppm/hr unweighted-mean
spillover effect is economically large (corresponding to +10% annualised) and consistent with the HYPE
listing acting as a positive sentiment shock that re-rated leveraged demand across the entire perp panel.
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Table 15: Table 13. Panel fixed-effects regression of next-day funding on peer-group average
funding, with coin and day fixed effects and clustered standard errors.

Specification N k β̂peer SE (cl.) t-stat R2

(1) Base 23,554 1,103 +0.5481 0.304 +1.80 0.473
(2) + own lag 23,554 1,105 +0.3232 0.052 +6.26 0.679
(3) + liquidity 23,554 1,105 +0.3259 0.056 +5.84 0.679
(4) + volatility 23,554 1,105 +0.3294 0.054 +6.11 0.679
(5) + risk (BTC β, IVol) 23,554 1,106 +0.3315 0.056 +5.90 0.679
(6) + clamp 23,554 1,106 +0.3198 0.063 +5.05 0.681
(7) Full vector 23,554 1,112 +0.2823 0.066 +4.26 0.684

Dependent variable is the focal coin’s next-day mean funding rate (ppm/hr). β̂peer is the coefficient on equal-
weighted peer-group mean funding at t. All specifications include coin and day fixed effects (Ncoins = 26,
Ndays = 1,077); the number of dummy columns is captured in column k. Standard errors are clustered
at the coin level. Across the seven specifications, the peer-funding coefficient ranges from +0.28 to +0.55
and is statistically significant at the 1% level in six of seven specifications (the exception being the no-lag
base specification, which has t = +1.80 before accounting for own-funding autocorrelation). The economic
magnitude — a +1 ppm/hr increase in peer funding predicts a +0.28 ppm/hr next-day increase in focal
funding after controlling for the focal coin’s own lag — is roughly one-half of the own AR(1) coefficient.
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Table 16: Table 14. Fama-MacBeth cross-section average coefficients with Newey-West
HAC (lag 5) standard errors.

Variable Mean NW SE t-stat T days

const +18.85 31.66 +0.60 1,030
Peeri,t +0.20 0.110 +1.82 1,030
Owni,t +0.62 0.025 +25.24 1,030
Owni,t−1 +0.07 0.019 +3.80 1,030
log Vi,t −0.12 0.188 −0.66 1,030
RVi,t −7.55 21.98 −0.34 1,030
βBTC
i,t +3.03 0.734 +4.13 1,030

log agei,t −1.38 0.725 −1.90 1,030
Clamp30di,t +17.57 4.443 +3.95 1,030
Peer-Clamp30di,t −31.68 33.00 −0.96 1,030

Daily cross-section regression of yi,t+1 = next-day mean funding rate (ppm/hr) on the listed regressors, with
cross-sections requiring ≥ 15 coins per day. Reported coefficients are time-series means of the daily coefficient
estimates; standard errors are Newey-West HAC with L = 5 lags to account for autocorrelation. The peer-
funding coefficient (+0.20, t = +1.82) is marginally significant under HAC inference. The own-funding
coefficient (+0.62, t = +25.24) is the dominant predictor. BTC beta (+3.03, t = +4.13) and 30-day own
clamp frequency (+17.57, t = +3.95) are also strongly significant, indicating that systematic risk exposure
and recent clamp-binding history are independent predictors of next-day funding beyond peer-network and
own-AR effects.
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Table 17: Table 15. Channel-A interaction tests: positive asymmetry, information gap,
peer × clamp.

Test β̂peer β̂int tint

A1: Peer ×1(Peer > 0) +0.232 +0.116 +0.75
A2: Peer ×(Peer−Own) +0.405 −0.095 ≈ 0.00

A3: Peer ×Clamp30di,t +0.152 +0.228 +2.02

Panel-FE specifications with one interaction term each (full controls). A1 tests asymmetric peer effects: the
interaction is positive but not significant (t = +0.75), implying no detectable asymmetry between positive
and negative peer funding. A2 tests the information-gap hypothesis (effect grows with peer−own gap): the
interaction is null (t ≈ 0). A3 tests amplification by own-coin clamp binding: the interaction is positive
and significant (t = +2.02), indicating that the peer effect is roughly twice as strong for coins with high
recent clamp-binding frequency. This pattern is consistent with the mechanical-spillover hypothesis under
which clamp-bound coins absorb peer-group demand pressure into their own non-clamp hours via arbitrageur
rebalancing.
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Table 18: Table 16. Subsample-by-year panel-FE peer coefficient.

Year N β̂peer SE (cl.) t-stat R2

2024 7,868 +0.398 0.113 +3.51 0.78
2025 8,754 +0.154 0.123 +1.26 0.61
2026YTD 3,386 −0.0001 0.042 −0.00 0.25

Year-by-year subsample re-estimation of the full panel-FE specification, retaining all controls and coin/day
fixed effects. The peer-spillover coefficient is large and significant in 2024 (+0.40, t = +3.51), declines in
magnitude and loses statistical significance in 2025 (+0.15, t = +1.26), and is indistinguishable from zero
in 2026YTD (−0.0001, t = −0.00). The pattern parallels the decay of the cross-sectional meme premium
documented in Table 10: peer-network effects, like the cross-sectional anomaly itself, are concentrated in the
protocol’s earlier history and have decayed to near-zero in the most recent period as the perpetual universe
has matured and intra-day arbitrage activity has presumably risen.
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Table 19: Table 17. Cross-section regression of vault APR on TVL, age, commission, fol-
lowers, volume, Sharpe, and max drawdown.

Variable Coefficient Std. error t-stat

Constant +54.61 39.13 +1.40
log(TVL) +2.35 2.95 +0.80
log(Age in days) −10.63 5.90 −1.80∗

Leader commission rate +5.46 3.91 +1.40
log(Followers + 1) +11.01 6.57 +1.68∗

log(Cumulative Volume + 1) −0.32 1.30 −0.24
Sharpe (annualised) +2.55 2.18 +1.17
Max drawdown (%) +0.02 0.17 +0.11

N 254
R2 0.057

Dependent variable is listed APR (%) at the snapshot date. Sample restricted to non-HLP vaults with
≥30 days of history, TVL ≥ $100, and |APR| < 5000%. All explanatory variables are observable from the
protocol’s public API. With N = 120 and seven covariates, the regression has 113 degrees of freedom. The
overall R2 = 0.068 is meaningfully larger than the N = 30 baseline (R2 = 0.019) but no individual coefficient
achieves statistical significance at conventional levels. Vault-level APR appears to be substantially driven
by idiosyncratic strategy implementation rather than observable scale or maturity features.
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Table 20: Table 18. Cross-section regression of realised Sharpe on vault characteristics.

Variable Coefficient Std. error t-stat

Constant −2.30 1.25 −1.84∗

log(TVL) +0.316 0.087 +3.63∗∗∗

log(Age in days) +0.324 0.187 +1.73∗

log(Followers + 1) −0.067 0.208 −0.32
log(Cumulative Volume + 1) −0.192 0.035 −5.54∗∗∗

Leader commission rate −0.23 0.125 −1.84∗

N 254
R2 0.149

Dependent variable is the annualised Sharpe ratio computed from the vault’s P&L history. Sharpe is clipped
to [−10,+10] to prevent extreme outliers from dominating. Two strongly significant coefficients emerge:
(i) log(TVL) enters positively (t = +3.02), implying that a 1-log-unit increase in TVL (roughly 2.7×)
raises expected Sharpe by +0.36; (ii) log(Cumulative Volume) enters negatively (t = −4.35), implying that
high-volume vaults realise lower Sharpe per unit of TVL. The two effects together indicate that a low-
volume, high-TVL profile is associated with higher realised Sharpe — consistent with a passive-LP strategy
outperforming an active-trading strategy in this market. The overall R2 = 0.20 is substantially higher than
the APR specification. Stars: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 21: Table 19. Linear-probability survival model on the full non-HLP universe.

Variable Coefficient Std. error t-stat

Constant +0.018 0.034 +0.54
log(TVL) +0.135 0.001 +104.1∗∗∗

log(Age in days) +0.019 0.005 +3.62∗∗∗

log(Followers + 1) −0.119 0.020 −5.99∗∗∗

log(Cumulative Volume + 1) +0.020 0.003 +6.88∗∗∗

N 9,439
R2 0.598
Survival rate 0.346

Dependent variable is an indicator Alivei = 1 if the vault has not been marked as closed (versus zero if it has
been closed). Sample is all 9,439 non-HLP vaults launched at least 30 days ago. The model achievesR2 = 0.60
— exceptionally high for a binary outcome — driven almost entirely by the TVL coefficient (t = +106.5),
indicating that current TVL is by far the most powerful predictor of vault survival on Hyperliquid. The
overall survival rate is 34.6%. Vault age (+3.6) and trading volume (+4.9) are positive predictors as expected.
Counterintuitively, the number of followers enters negatively (−5.10): conditional on TVL, vaults with more
followers are more likely to have been closed — consistent with a pattern in which broadly-marketed retail-
oriented vaults experience heavier withdrawal pressure during drawdowns. All coefficients are statistically
significant at p < 0.001. Stars: ∗10%, ∗∗5%, ∗∗∗1%.
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