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Foreword

The 21st BIS Annual Conference took place in Basel, Switzerland, on 24 June 2022.
The event brought together a distinguished group of central bank Governors, leading
academics and former public officials to exchange views on the topic “Central banking
after the pandemic: challenges ahead”. The papers presented at the conference are
released as BIS Working Papers, nos 1060, 1061, 1062 and 1063.

BIS Papers no 131 contains panel remarks by Lael Brainard (Vice Chair, Board of
Governors of the Federal Reserve System), Stefan Ingves (Governor, Sveriges
Riksbank) and Eddie Yue (Chief Executive, Hong Kong Monetary Authority).
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Abstract

We analyze a unique data set of collateral liquidations on two Decentralized Finance
lending platforms — Compound and Aave. Such liquidations require arbitrageurs to repay
the loan in return for the discounted collateral. Using Blockchain transaction data, we
observe if arbitrageurs liquidate positions out of their own inventory or obtain “flash loans.”
To repay flash loans, arbitrageurs immediately sell the collateral asset. We document the
high frequency price impact of such liquidity trades on nine different decentralized exchanges.
Consistent with large block trades in equity markets there is a temporary and permanent
price impact of collateral asset sales in DeFi. We document the effect of these trades on
return distributions. Our work highlights the systemic fragility of decentralized markets.
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We analyze a unique data set of collateral liquidations on two Decentralized Finance
lending platforms — Compound and Aave. Such liquidations require arbitrageurs to repay
the loan in return for the discounted collateral. Using Blockchain transaction data, we
observe if arbitrageurs liquidate positions out of their own inventory or obtain “flash loans.”
To repay flash loans, arbitrageurs immediately sell the collateral asset. We document the
high frequency price impact of such liquidity trades on nine different decentralized exchanges.
Consistent with large block trades in equity markets there is a temporary and permanent
price impact of collateral asset sales in DeFi. We document the effect of these trades on
return distributions. Our work highlights the systemic fragility of decentralized markets.



1 Introduction

Collateral is widely used in financial markets to mitigate credit risk exposure for lenders. How-
ever, collateral only fulfills this purpose if it can be efficiently liquidated or seized. This is done
in different ways. In Repo markets, ownership of the collateral is directly transferred from the
borrower to the lender, whereas in many marketplaces, the lender retains capital, and alerts
the borrower with a margin call if the value of collateral falls. In both cases, the lender retains
and monitors the collateral. In decentralized finance, collateral is monitored and margins are
enforced by third parties. In this paper we document how third party liquidations affect protocol
risk, collateral risk and risks to the decentralized finance system.

Collateralized lending in decentralized finance is automated and risk is mitigated in two ways.
First, borrowers post collateral against debt, and the loan to value ratio of each individual
position is publicly observable. If the LTV rises above a threshold, anyone can liquidate the
loan. In this way, the credit risk of each individual position is minimized. Second, all loans are
issued at high frequency floating rates which increase as capital is withdrawn from the protocol.
Increases in the floating rates add to the loan amount which may trigger liquidations. In this
way, protocol run risk is reduced, and transferred to the borrower.

Both of these risk mitigations rely on efficient collateral liquidations. In this paper, we collect a
unique data set of collateral liquidations on Compound and Aave, two of the largest DeFi lending
protocols. Over our sample, approximately $9 billion of collateral was locked in Compound, and
over $11 billion locked in Aave.! We observe liquidations valued at $2,487,543,624.

Using these data, we document a temporary and permanent price impact of collateral liquida-
tions: deleveraging leads to lower prices. We observe lower prices on both the exchange where
the transaction occurs and then subsequently on other exchanges including off-chain markets.
This contagion leads to negative feedback loops: loans are liquidated which leads to down-
ward price pressure on collateral and more loans are then liquidated. Second, these trades
have a measurable effect on collateral return distributions: liquidated collateral has heavier tails
than unliquidated collateral. Finally, we provide evidence consistent with strategic behavior
by liquidators. The contagion, negative feedback loops, strategic behavior by liquidators and
measurable effects on collateral return distributions highlight a new form of systemic fragility.

Decentralized finance offers a unique laboratory to investigate the immediate effect and sub-
sequent propagation of collateral liquidations. First, there is no mandated maximum on the
amount that can be borrowed to invest. Second, the unique nature of blockchain settlement
allows flash loans or loans without credit risk that can be used for arbitrage trades. Thus,
arbitrage capital is not constrained. Third, the transparent nature of the blockchain makes it
possible to track trades at a high frequency and precisely estimate their impact. Finally, the
mechanics of decentralized exchanges allow us to precisely estimate what the price would have
been had arbitrageurs not traded to return the price to its equilibrium value.

Next to Decentralized Exchanges, most capital in decentralized finance (Defi) is allocated to
collateralized lending protocols. Users can post collateral in one token and take out a loan

! Approximate figures are available from defipulse.com



in another token. Omne common use case is to build a levered position in Ether (ETH), the
native crypto-currency of the Ethereum blockchain, by posting ETH as collateral, borrowing
a USD stablecoin, and then trading the USD for more ETH. In DeFi lending, users interact
with a system of smart contracts, computer code — often open source — that is deployed on a
blockchain. The smart contracts hold collateral in escrow, approve loans, collect interest, and,
most importantly for our study, have a mechanism in place to ensure that the loan is adequately
collateralized.

Most lending platforms require collateral to be between 1.2 to 1.5 times the amount borrowed.
As soon as the value of the collateral falls below this threshold, the loan is eligible for liquidation.
While lending platforms differ in the actual liquidation process, they nonetheless are structured
in broadly the same way. To ensure competition, and prompt liquidation, any user can buy the
collateral at a discounted price and use the proceeds to repay the loan. Much of this market
is automated, and trading algorithms (bots) often called keepers implement these trades. Since
the collateral is sold to liquidators at a discount relative to current market prices, liquidators
earn a profit which compensates them for their transaction costs and provides an incentive for
swift liquidations. The actions of these keepers are instrumental in ensuring the stability and
resilience of the lending protocols and eliminating credit risk.

There is a limited but rapidly growing literature on decentralized finance. Various recent papers
investigate the properties of decentralized exchanges. These include theory contributions due to
Angeris and Chitra (2020), Angeris, Kao, Chiang, and Noyes (2019), Park (2021) and Aoyagi
(2020), which characterize automated market maker mechanics and information transmission.
Recent empirical contributions by Capponi and Jia (2021), Barbon and Ranaldo (2021) and
Lehar and Parlour (2021b). All of these papers note the importance of gas fees.

There is a long literature in Finance that explores the effect of large trades on markets. The
seminal paper of Kraus and Stoll (1972), find that block trades on the NYSE lead to permanent
price effects that they attribute as recompense for liquidity provision. By contrast, Holthausen,
Leftwich, and Mayers (1990) examine the impact of large block trades on the NYSE and find
that liquidity effects are reversed after a few trades. We note that in the DeFi swap markets, the
liquidity providers are not recompensed for large trades — these benefits accrue to arbitrageurs.
The further implication in our context is that there is systemic fragility as liquidations lead to
price changes which mechanically trigger further liquidations through oracle updating.

Parallel literatures in economics and finance have considered the effect of leverage on asset prices,
returns and risk. In a series of papers, Geanakoplos and Fostel (2015) illustrate how leverage
can increase asset prices in incomplete markets. Intuitively, agents with high valuations for
an asset will borrow against future claims and so increase the price. The implication is that
deleveraging will have permanent price effects. In the finance literature, Gromb and Vayanos
(2002) show that if arbitrageurs are financially constrained, prices of assets may diverge even
for long periods of time. Similarly, Brunnermeier and Pedersen (2009) show that traders’ ability
to provide liquidity depends on their capital. We note that in decentralized finance, arbitrage
capital is never constrained because of the existence of flash loans.



2 Decentralized Lending

In our analysis, we focus on two DeFi lending platforms, Aave and Compound, both of which
are structured in a similar way. These protocols match borrowers and lenders in specific asset
pairs or pools. While they are economically similar to banks, they operate as platforms and so
do not retain any intermediation risk.

Lenders supply assets that are pooled and then lent out to borrowers. The rate that each lender
receives (and borrower pays) is calculated block by block as a function of the ratio of funds
lent and borrowed (“the utilization rate”) and a constant. This floating rate ensures that the
protocol is not subject to run risk. As lenders withdraw funds, the utilization rate and thus the
rate paid by the borrowers increases. This provides an incentive for borrowers to either close
out their loan or provides an incentive for liquidators to do it for them. The implication of
this high frequency floating rate is that unlike intermediaries, the protocols do not face liquidity
transformation risk, rather it is transferred to the borrowers.

In a decentralized system, without the benefit of reputation or identity, lending is collateral-
ized.? Many different tokens are accepted as collateral, but each token differs in the required
overcollateralization. The trading price of each token fluctuates and if the relative value of the
borrowed token rises sufficiently, the position can be liquidated. The protocols rely on so-called
liquidators to monitor the positions and sell the underlying collateral. Liquidators are typically
traders who deploy algorithms or ‘trading bots’ that monitor all the collateralized positions. In
principle, any Ethereum address may invoke a liquidation function, however in practice this is
a specialized activity. We note that expertise is more likely to be the constraint rather than
capital because of the existence of flash loans.

Liquidation is profitable because a fraction or all of the borrowed amount can be repaid in return
for the collateral at the current market price minus a liquidation discount. In other words, the
liquidator receives the collateral at a discounted price.

Figure 1 illustrates how a liquidator repays a loan on Aave and seizes collateral. First, the
liquidator has to repay the loan. In this case, the borrower has a debt of 1 WBTC and has
posted 11 WETH as collateral. The liquidator may either repay the debt out of inventory or
obtain it through a flash transaction. On obtaining the 1 WBTC, the liquidator seizes the
collateral. She may either keep this in inventory or swap it out on a decentralized exchange
(DEX).

To illustrate the mechanics of a liquidation we detail one transaction from block 14759771,
that occured on May 12, 2022 at 7:19 UTC.? The liquidation was undertaken by a bot.* The
liquidator partially repaid an outstanding loan by returning USDT 39,330.04 to the Aave V2
lending pool. In return, the liquidator obtained collateral of 22.80 ETH. The liquidator then
swapped ETH 21.50 into USDT 39,330.04 on Sushiswap.

2While overcollateralization is mostly observed, undercollateralization is possible however in these cases the
protocol retains control of the lent assets.

3Transaction Ox41leddc70253a40cead1587aablcd6c057alc7247b9aefd1e79917dd00c6b4715

4The address is Oxabcf5d4be599f1cT71fcbcaed643a2aa849f4c8
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Figure 1. Anatomy of a Liquidation

As the liquidator both repaid USDT and swapped the collateral for the same amount of USDT,
she had no change in her USDT position. She made a profit on ETH of 22.80-21.50=1.30 before
fees.

The liquidator paid a gas fee of ETH 0.85 to the miner to process the transaction, leaving a
net profit of ETH 0.45 or approximately USD 878.76 at the time. On the same day, the same
liquidator, liquidated 42 other loans.

Loans are eligible for liquidation on Aave based on a “health factor.” On Aave V2, a health
factor Hy is calculated for each wallet. Consider a wallet that has borrowed D (denominated
in ETH) against collateral assets C; ¢ = 1, N also denominated in ETH. Each distinct collateral
asset ¢ has a specific liquidation threshold ¢; that reflect liquidity risk, volatility etc. The health
factor of a position is calculated as

o — >ir, Citi

Any loan with a health factor below 1 can be liquidated. Figure 2 shows the health factor as
defined by the Aave lending protocol on a block per block basis around the time of our example
liquidation (normalized to block zero).’

As is evident from Figure 2 the loan is liquidated as soon as the health factor approaches 1. By
reducing the borrower’s position, the liquidation causes his health factor to increase sufficiently
so that the remaining loan is adequately collateralized.

Accurate information on prices is crucial to efficient liquidation. Information available on-chain is

®We obtain this data by querying the Aave smart contract using an Ethereum archive node to ensure that we
have the correct pricing oracles.
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Figure 2. Health factor, debt and collateral around a liquidation. The graph shows the amount
borrowed (orange) and the amount of collateral (orange) denominated in ETH as well as the health factor
as defined by the Aave protocol (green) in relative blocks around the liquidation.

provided through oracles. Typically these aggregate information across various on-chain sources.
To prevent manipulation, the exact mapping between on chain data and the oracle price is not
published, however they are based on Dex prices. We note that the liquidation trigger is only a
function of public information. Thus, these liquidations are purely liquidity trades and have no
informational content.

3 Data and stylized facts

We collect data on collateral liquidations from two of the largest Defi lending protocols, Aave
and Compound. We collect data from UniSwap and its most important clones: SushiSwap,
ShibaSwap, ZKSwap, SakeSwap, DefiSwap, CitySwap, BTSwap and Equalizer. (For readers
unfamiliar with these markets, we present a description in Appendix C.) Interactions with the
smart contracts of these decentralized exchanges generate entries on blockchains that run the
Ethereum virtual machine. These entries are then stored in the individual blocks that constitute
the blockchain. We record the amount and token of the loan as well as the amount and token
of the collateral that was liquidated. Tokens are recorded based on the address of the smart
contract that governs the token. Using the API from Etherscan.io we identify the name and
ticker for each token and the conditions on the trading venue.

We note that our data do not comprise all the liquidations and subsequent sales. First, there
could be non-transparent exchanges (i.e., dark trading venues). Second, we do not record infor-
mation from exchanges such as Bancor and Balancer. In total we observe 42,324 liquidations
from September 25, 2018 to May 16, 2022 comprising 27,466 liquidations on Aave and 14,858
liquidations on Compound.



There is no natural numeraire asset in DeFi, as the protocols are international and any assets
can be traded against any other. Thus, our data comprise liquidations of 37 distinct collateral
tokens. In Table 1 we present the number of liquidations for the top ten collateral tokens.
We present values in both USD and ETH. We convert the liquidated collateral to ETH and
USD using block by block pricing data from decentralized exchanges such as Uniswap V2 and
Sushiswap. Price availability reduces our sample to 38,414 liquidations.® Notice that wrapped
ETH, Link and wrapped Bitcoin are the leading collateral tokens.”

Collateral Token Number Ligidations Amount USD Amount ETH
WETH Wrapped Ether 19,487 1,391,529,875 866,635
WBTC Wrapped BTC 3,355 402,121,684 186,899
LINK  ChainLink Token 5,583 190,542,689 111,386
USDC  USD Coin 1,502 146,915,160 177,891
DAI Dai Stablecoin 1,270 101,185,822 167,325
YFI yearn.finance 611 53,146,479 36,517
AAVE  Aave Token 1,070 47,900,694 23,735
UNI Uniswap 1,419 34,346,097 19,017
xSushi  SushiBar 286 14,714,561 5,715
COMP Compound 371 14,437,255 5,991

Table 1. Ten largest collateral tokens sorted by amount liquidated in USD. Number Liqui-
dations is the number of liquidation events, Amount USD is the sum of collateral liquidated in USD,
Amount ETH is the sum of collateral liquidated in ETH.

The collateral exhibited in Table 1 was used to issue debt in various 41 debt tokens. The top
debt tokens are USD stablecoins. Table 2 matches the collateral against the borrowed tokens.
The top four token pairs users borrowed stablecoins against WETH, which is consistent with the
widespread belief that lending platforms are used to build levered positions in crypto-currencies
such as ETH or Bitcoin.

In total we observe liquidations of USD 2,487,543,624 with a mean liquidation size of USD 64,756
and a median of USD 3,586. The largest loan liquidation in our sample was the liquidation of
USD 50,508,256 worth of DAI collateral on Compound on Nov 26, 2020.8

4 Liquidations

We are interested in the aggregate effect of liquidations. Figure 3 illustrates a day on which a
large number of collateralized debt obligations were liquidated. There was a liquidation “wave.”
Specifically, on May 19*", 2021 loans collateralized by the Chain Link network token (LINK)

5The reduction is mainly due to changes in token versions (for example imBTC upgraded the token smart
contract during our sample period resulting in a new contract address) and due to some liquidations being observed
before the deployment of Uniswap V2. These liquidations are in general small.

"Cryptos that are not native to the Ethereum blockchain (e.g. BTC) or are not a token (e.g. ETH) are
wrapped so that smart contracts can handle them using a standard token interface, called ERC-20.

8See transaction 0x53e09adb77d1le3ea593c933a85bd4472371e03dal2e3fec853b5bcfach0f3e4.



Collateral Debt Token Num. Lig. Amount USD Amount ETH

WETH Wrapped Ether USDC  USD Coin 6,287 518,773,703 267,019
WETH Wrapped Ether USDT  Tether USD 3,952 398,853,641 180,786
WETH Wrapped Ether DAI Dai Stablecoin 5,078 333,387,258 306,990
WBTC Wrapped BTC USDC  USD Coin 1,211 162,090,711 69,783
WBTC Wrapped BTC USDT  Tether USD 697 124,277,693 51,375
LINK  ChainLink Token USDC  USD Coin 2,351 85,400,856 49,354
WBTC Wrapped BTC DAI Dai Stablecoin 797 58,693,780 33,513
LINK  ChainLink Token USDT  Tether USD 1,283 52,097,818 28,281
WETH Wrapped Ether WBTC Wrapped BTC 129 49,183,070 30,326
USDC  USD Coin USDT  Tether USD 120 39,887,094 18,931

Table 2. Ten largest collateral and debt tokens pairs sorted by amount liquidated in USD.
Num Liq is the number of liquidation events, Amount USD is the sum of collateral liquidated in USD,
Amount ETH is the sum of collateral liquidated in ETH.

were liquidated on various Dexs, with approximately 80% on SushiSwap which at the time had
the deepest pool. The gray area shows the aggregate amount of loan liquidations. As is evident
from the graph, the liquidity trades affected first SushiSwap and then the other Dexes and even
a centralized exchange (Binance). This price pattern illustrates loan liquidation contagion.

As we mentioned previously, the Dex structure allows us to precisely calculate the price impact of
each individual trade. In this figure, we identify the trades that are due to collateral liquidations
and plot their cumulative price impact — this is the red line. The difference between the red line
and the realized prices reflects the important countervailing effect of arbitrageur trades. As we
argue, given the closed information system of the blockchain their incentive to do so is important
to mitigate systemic fragility.

Of course, as is evident from the Figure the arbitrageurs are neither immediate nor do they
completely reverse the liquidity trades. It is interesting to observe that in the first part of the
liquidation wave, the drop in prices was mostly driven by the sale of the collateral on Dexs (the
red line coincides with the other lines). The big drop in price and the permanent component
was thus driven by the sales of the collateral on decentralized exchanges.

This price drop not only spills over among all the decentralized exchanges, it also affects prices
on centralized exchanges such as Binance. We emphasize that Binance is off-chain and this
demonstrates that the price effect of liquidations spill over to more traditional markets.

In the middle of the liquidation wave, the red line separates from the other prices, which indicates
that at this point arbitrageurs step in and trade against the liquidators and push the price back
up, although not to the same level that it was before the liquidation wave. This trading pattern
results in a higher probability of extreme outcomes and distinctive return properties which we
examine carefully in Section 4.1.

Liquidation waves are common. Figure 4 shows the weekly amount of liquidations in USD for our
sample period. The red line corresponds to the average price of ETH over the time period. The
day with the largest amount of liquidations was May 19, 2021 when 2,007 loans were liquidated
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with a total collateral value of USD 503.57 million. On that day ETH dropped from over USD
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We define a liquidation to be part of a wave if it occurs less one hour after a previous liquidation of
the same collateral token. We find 1,028 waves that involve at least 5 liquidations each. In these
waves a total of 27,239 loans are liquidated. A total of 19,710 liquidations occur within waves of
at least 20 liquidations. In the biggest wave 1,056 loans were liquidated. The average wave with
at least 5 liquidations lasts 1.64 hours. A comprehensive examination of cryptocurrency returns
appears in Liu, Tsvinski, and Wu (forthcoming) who document momentum at low frequencies.
Thus, liquidation waves could reflect a prior increase in the relative value of the collateral asset
that led to a cluster of vaults with similar liquidation thresholds.

4.1 Price Impact of Collateral Liquidations

Collateral liquidations are large liquidity trades, and we should expect a high frequency price
impact. This price impact should only be observed on the exchange on which the collateral is
liquidated. In the face of a price dislocation on a Dex, arbitrage bots should reverse the trade
so that the price reflects the market value of collateral.

To make our investigation of liquidations concrete, we present one liquidation in our sample.’
On February 2374 2021 a liquidator used SushiSwap to trade 12,841.22 ETH for 385.36 WBTC
and used the latter to repay an undercollateralized loan. The liquidator then seized the collateral
of 14,343.93 Eth, worth over USD 20 million, from Compound.

The Sushi-pool that the liquidator used was deep and had, before the trade, an inventory of
9,353.94 WBTC and 297,957.06 WETH. Because of this liquidation the price in this pool moved
from 31.39 WBTC/1000 WETH to 28.85 WBTC/1000 WETH or by 8.08%. Figure 5 shows
the price of WBTC per 1,000 WETH around the liquidation event. The price drop caused by
the liquidator’s token swap is clearly visible and arbitrageurs brought the price partially back
to its fundamental value. In spite of this activity, the trade had a permanent price impact on
all exchanges after the liquidation. From 10 blocks after the liquidation to 100 blocks after the
liquidation, the average price was 30.64, a 2.38% decrease over the price before the liquidation.

In this example, arbitrageurs partially reversed the trade. In spite of this, the liquidation affected
medium term token prices and spilled over to other exchanges. Or, the markets demonstrated
high frequency contagion.

Our broader sample constitutes all liquidations in which a swap was used to exchange the
collateral for the debt asset in the same transaction where the liquidation was recorded. Notice,
this includes both liquidations powered by flash loans and liquidations in which another asset
was swapped for the debt asset in order to recover the collateral.

Price impact depends on the depth of the liquidity pools. We find that in the average liquidation
wave, which includes many single loan liquidations, 1.08% of the available liquidity on Uniswap-
type Dexs gets liquidated. For large liquidation waves with at least 100 liquidations on average
10.93% of available liquidity reserves get liquidated which results in an average price impact of
18.73%. We first investigate the effect of loan liquidations on subsequent high frequency prices.

9see transaction 0xd70b42daec5bb9ac6e5df3d25d309f186db50df701f667e1f20b22448ea27d41
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Figure 5. Price reactions to liquidation. Prices of the WETH/WBTC exchange rate on three
decentralized exchanges, DefiSwap, Uniswap, and Sushiswap. A liquidator seized over USD 20 million of
WBTC from collateral and swapped them immediately for WETH at SuishSwap, diving down the price.
The graph illustrates spillover effects to other markets. The graph shows Dex prices from 30 blocks before
the liquidation to 100 blocks after the liquidation.

Let r5(t) denote the 5 block return of each debt assets. Here, ¢ is the block in which a liquidation
occurs. We extract the latest recorded price from the Dex on which the liquidation occurs. We
determine the price of the last transaction on that Dex five blocks later. The return is calculated
from these two prices. We choose a five block window as this is sufficient for arbitrageurs to bring
prices back to equilibrium after the liquidation, similar to the effect to the quick reversal in the
price on Sushiswap in Figure 5. In addition, we calculate rf, which is the return generated by the
liquidation event. Specifically, if a liquidation occurs in block ¢, we record the Dex price before
the liquidation and the Dex price after the liquidation. (Recall, that balances in decentralized
exchanges change after each trade and can thus change multiple times within blocks. The
exchange rate of a Dex is defined as the ratio of balance of one token over the balance of the
other token.) The return is based on these two prices.

Our regression considers the extent to which r5(t) can be explained by r{ and is presented in
Table 3. Our control variables include the gas fee associated with the liquidation, and also the
wave length in hours and the position (between [0, 1]) of the liquidation within the wave. These
variables capture a measure of congestion on the blockchain. Columns (3) and (4) present the
findings for the exchanges where the collateral was actually liquidated. We find that 38.7% of
the price movement of swaps that liquidate collateral persist for the medium term. This finding
is important with respect to future loan liquidations. When the liquidation of collateral has a
lasting impact on prices, such a liquidation will cause other loans that use the same collateral
to be under-collateralized and thus subject to liquidation as well. In columns (1) and (2) we
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present results for exchanges that trade the same token pair but which were not involved in
the liquidation. We observe strong contagion effects. Selling collateral on one exchange affects
prices on other exchanges in the same direction. We find that the price drops upon liquidations
are stronger in waves that are shorter and towards the end of a wave.

Other exchanges Dex where liquidated
Return of liquidating Swap  1.302*** 1.081*** 0.389*** 0.387***
(0.273) (0.236) (0.0718) (0.0717)
Gas Price -1.87e-16* 3.93e-17 1.73e-16™*  1.62e-16***
(1.00e-16)  (7.88e-17) (3.73e-17) (3.84e-17)
Wave Length -0.00714*** -0.000118***
(0.00196) (0.0000232)
Position in Wave 0.00760 0.00395***
(0.00955) (0.000222)
R? 0.000362 0.00246 0.0916 0.0972
Observations 38,812 38,812 7,786 7,786

Table 3. Regression explaining the return of the debt token/collateral token return around
loan liquidations. LigCollateral is the value of the liquidated collateral in million USD. Wawve Size is
the aggregate amount of collateral liquidated in the wave in million USD. Wave Length is the length of
the wave in hours, Liquidator Size is log of the sum of all collateral (in USD) that a specific liquidator has
liquidated, and Gas Price is the gas price offered on the liquidation transaction in Twei (1 million twei
is 1 ETH). Standard errors are clustered by liquidator. One, two, and three stars indicate significance at
the 10%, 5%, and 1% level, respectively.

From Table 3 we see that liquidations where the collateral gets immediately swapped have a
medium term price impact on all exchanges, whether collateral gets sold on that exchange or
not. This feature has implications for systemic stability of the decentralized system. This is
because prices across various Dexs are aggregated and used as a price oracle to determine the
collateralization of other loans.

Any price changes in the value of collateral across multiple Dexs will cause more loans to be
undercollateralized and lead to more liquidations, potentially leading to a liquidation wave.
Figure 6 illustrates the feedback effect in the informationally closed blockchain system.

We have demonstrated that liquidations have a price effect both locally on the Dex where the
swap occurs and then spread to other Dexs. The price impact of large trades is consistent
with other financial markets. The economic difference in decentralized protocols is that, by
construction, the blockchain is a closed system which means that information generated on
the blockchain is used for other protocols. In particular, the price oracles that inform lending
platforms on the value of collateral depend on the prices generated by the Dexs. Thus, there is
a natural feedback loop between liquidations and further liquidations.

There are two natural countervailing forces to the feedback channel presented in Figure 6. First,
as we have observed, if the price on a Dex is dislocated, arbitrageurs have an incentive to
trade against the liquidation. We note that if arbitrageurs are also liquidators, these incentives
become less clear. The second countervailing force is that of gas fees. Each execution of the
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EVM requires a pre-specified amount of gas. In addition, an incentive amount of gas for miners
can be added to a transaction. Figure 7 show the average daily gas price in USD for a simple
swap. Of course more complex transactions or swaps will require higher fees. Gas fees may
affect the stability of the DeFi system in two ways. First, a higher gas fee due to high demand
for transaction services ensures that liquidators will require higher payoffs to liquidate positions.
This may lead to few liquidations. Second, substantially higher anticipated higher gas fees will
provide an incentive for arbitrageurs to trade earlier rather than wait. This will dampen price
feedback effects.

0
Jan 03 Jan 10 Jan 17 Jan24 Jan31 Feb 07 Feb 14 Feb2l Feb28 Mar 07 Mar 14 Mar 21 Mar 28 AprO4 Apr 1l Apr18 Apr25 May02 May 09 May 16 May 23 May 30
blockday

Figure 7. Average Daily Gas fees for a Swap. This calculation is based on a simple swap
(50,000 gas units).
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In addition to the spillover or contagion effects across multiple exchanges at a high frequency
we also document a low frequency price impact of collateral liquidations. Figure 8 illustrates
the cumulative return of collateral relative to the start of a liquidation wave. That deleveraging
leads to lower prices is consistent with the incomplete markets lending literature.
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Figure 8. Long term price impact of a liquidation waves. The graph shows the cumulative relative
return of the collateral token in USD before a liquidation wave (negative time) and after a liquidation
wave (positive time) for a sample of 227 liquidation waves with at least 20 individual liquidations. The
blue line is the median return and the orange lines represent the 33% and 66% quantiles of the return
distribution.

5 Collateral returns and liquidation

To investigate how the liquidation process affect collateral returns, we collect 2,048,565 5-minute
returns from 36 decentralized exchanges for all 16 tokens that serve as collateral at one of the
two lending platforms in our sample. We label returns where a position in this specific token
was liquidated within a 5 minute interval as the ‘liquidation return” and contrast these with all
other returns for all other tokens.

We choose 5 minute intervals for two reasons: (i) they are sufficiently long in block time. Blocks
on Ethereum are generated on average every 15 seconds. If the swap of the liquidated collateral
was a pure idiosyncratic event then an arbitrageur has plenty of time to reverse the trade and
bring the token price back to its fundamental value. (ii) 5 minute intervals are sufficiently short
to separate the effect of liquidations from fundamental movements in token prices. If there is a
fundamental reason that makes the price of a token drop over a day we expect to have enough
5 minute observations in our sample to cover both, intervals with and without liquidations.

Figure 9 shows distribution functions for liquidation and other returns. More extreme returns
are more likely in intervals where a position in the same token was liquidated. For example,
the probability of a return with absolute value greater than 1% is 7.85% when there was a
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Figure 9. Return distribution for 16 tokens that serve as collateral over 5 minute intervals
that coincide with liquidations and ones that do not. For this graph we include two five minute
returns before and after liquidations to control for characteristics around liquidations.

liquidation versus 3.25% for cases without a liquidation. Using a Kolmogorov-Smirnov test, we
reject that both distributions are equal with a p-value less than 0.000.

To ensure that our findings are not driven by characteristics unique to the time of liquidations,
such as changes in the fundamental value of the token, we construct a subsample of both liqui-
dation returns and two 5-period returns before and after the liquidation event. Thus, all returns
are observed at the same time and our findings cannot be driven by effects unique to the time
period. Our sample is reduced to 47,404 observations.

Figure 10 shows the difference in density function between liquidation returns and other returns.
We find again that more extreme returns are more likely to occur with liquidations whereas small
returns close to zero are more likely when there is no liquidation.

To examine the impact of swaps on price drops in liquidation waves we compare 1,154 liqui-
dation waves to 1,516 single loan liquidations. The liquidation waves contain on average 11.4
liquidations. For each wave we compute the return of the collateral token from one block before
the start of the wave to one block after the end of the liquidation wave. We regress this return
on the aggregate return that was caused by all swaps that happened in the same transaction as
the liquidations. Our results can be found in Table 4.

For single liquidations (columns (3) and (4)) the price impact of liquidating swaps are incon-
sequential. This idea is consistent with the fact that arbitrageurs push the price back to its
fundamental value after a liquidator’s trade. For liquidation waves (columns (1) and (2)) we
find that the liquidation of the collateral on decentralized exchanges makes a significant contri-
bution to the overall price movement of the collateral token throughout the liquidation wave.
This finding is consistent with a feedback effect in loan liquidations.
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Figure 10. Return distribution for 16 tokens that serve as collateral over 5 minute intervals
that coincide with liquidations and ones that do not.

6 Liquidators and Liquidation Incentives

Anecdotal evidence suggests that liquidations are automated and in particular executed by
trading bots.'® We observe 1,007 distinct liquidators, or more precisely liquidator address. Any
liquidator may control multiple addresses, so the distinct number of addresses corresponds to
an upper bound on the number of liquidators.

We rank liquidators by liquidated collateral amount and present this in Figure 11. Observe
that liquidation activity is very concentrated with the top 20 liquidators performing 48.50%
of the liquidations and liquidating 75.01% of the collateral. The top liquidator in our sample
liquidated 2,732 loans with a total collateral value of USD 427,381,388. We also note from this
figure that liquidators concentrate on particular protocols. While similar, different protocols will
have slightly different configurations which require different programs to monitor and execute
liquidations. There is thus an incentive for specialization.

In order to receive the collateral, the liquidator must repay the loan. This can be done either
from available capital, or in the form of a flash loan. Flash loans are uncollateralized and the
borrowing and the repayment of the loan happen within the same Ethereum transaction, i.e.
at the same instant of time. Because Ethereum transactions are atomic, i.e. they either get
executed in whole or not at all, there is no credit risk for the lender because the release of funds
to the borrower is conditional on the repayment to the lender within the same transaction.

Upon repaying the debt to the lending platform, the liquidator receives the collateral at a
discounted price. She can then choose to keep the collateral token which exposes her to price

The Github repository at https://github.com/haydenshively/Compound-Liquidation-Bot provides solid-
ity script necessary to program a bot.
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Multiple liquidations Single liquidations

(1) (2) (3) (4)
Return of liquidating Swaps  0.0306*** 0.0306*** 0.00137 0.00108
(0.00261) (0.00271)  (0.00313) (0.00313)
Wave Size 0.0000671 -0.00200***
(0.0000686) (0.000611)
Wave Length -0.000169
(0.000425)
Gas Price 0.000129 0.0000362
(0.000473) (0.0000823)
R? 0.106 0.107  0.000126 0.00713
Observations 1,154 1,154 1,516 1,516

Table 4. Regression explaining the return of the debt token/collateral token return through-
out a liquidation wave. Liquidation Returns is the return that is directly attributable to collateral
sales on decentralized exchanges. Wave Size is the aggregate amount of collateral liquidated in the wave
in million USD. Wave Length is the length of the wave in hours, and Gas Price is the gas price offered
on the liquidation transaction in Twei (1 million twei is 1 ETH). One, two, and three stars indicate
significance at the 10%, 5%, and 1% level, respectively.
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Figure 11. Amounts liquidated by top 20 liquidators, by platform (left panel) and number
of loans liquidated by the top 20 liquidators (defined as the liquidators with the largest
amount of loans liquidated (right panel). Each column represents a distinct address, while
the dollar volume (left panel) and number (right panel) in Aave is depicted in blue and in
Compound is depicted in orange.

risk or she can immediately swap the collateral token on a decentralized exchange. Liquidators
that use flash loans typically swap the collateral for the debt token as they have to repay the
flash loan.

To get a better understanding when of when swaps are used in liquidations, in Table 5 we
regress a dummy that is set to one for all liquidations for which the collateral of a liquidation
is immediately swapped on a Dex on liquidation and liquidator specific variables. The results
indicate that the collateral of larger liquidations is more likely to swapped. As alluded to before,
this could either be to reduce the exchange rate exposure of the liquidator or because swapping
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allows the use of flash loans to overcome capital constraints. We find that swaps often occur
in liquidation waves that are large and short. Larger liquidators, probably the more successful
bots, are more likely to use swaps. We control for gas fees as swaps incur additional execution
cost (gas) for which the liquidator has to pay.

(1) (2) (3) (4)

Liq.Collateral 0.350*** 0.289***

(0.122) (0.110)
Wave Size 0.00657** 0.00582**
(0.00262) (0.00252)
Wave Length -0.0488** -0.0514***
(0.0152) (0.0148)

Liquidator Size 0.0376 0.0357
(0.0474) (0.0469)

Gas Price -0.00392 -0.0157

(0.0161)  (0.0161)

R2
Observations 38,409 38,409 38,403 38,403

Table 5. Probit regression explaining the use of swaps in loan liquidations. LigCollateral is
the value of the liquidated collateral in million USD. Wave Size is the aggregate amount of collateral
liquidated in the wave in million USD. Wave Length is the length of the wave in hours, Liquidator Size
is log of the sum of all collateral (in USD) that a specific liquidator has liquidated, and Gas Price is the
gas price offered on the liquidation transaction in Twei (1 million twei is 1 ETH). Standard errors are
clustered by liquidator. One, two, and three stars indicate significance at the 10%, 5%, and 1% level,
respectively.

6.1 Predatory liquidations

There is anecdotal evidence consistent with predatory liquidations. While this is not surprising
for profit maximizing traders, it stands in contrast with the model in which lenders monitor
collateral and do not have a profit incentive to liquidate the collateral.

Compound uses a price feed from Coinbase. On November 26, 2020 an attacker pushed the
price of DAI (a crypto collateralized stablecoin) up to $1.30. Compound positions with DAI
as a collateral asset appeared undercollateralized. Subsequently, USD 130 million in loans were
liquidated.

Note that when a loan is close to the liquidation boundary, a liquidator benefits if it can push
the loan over the edge. On May 19, 2021, 147 loans with WBTC as collateral were liquidated
amounting to approximately USD 64 million. We trace trades of liquidators 420 blocks before
start of liquidation wave

Figure 12 illustrate how the position of the liquidator bots changed around the time of the
liquidations. First, as evinced by the blue line the liquidators shorted half a million dollars
worth of the collateral asset. This lead to a price drop (orange line). The vaults and collateral
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Figure 12. Cumulative liquidated collateral is in grey. Blue (left axis) shows cumulative position in the
collateral token by liquidators. Orange: collateral token price in USD (right axis)

were then seized and the liquidation wave unfolded.

We analyze a broader sample of 43 large liquidaton waves with at least 100 liquidations each.
Our sample contains 11,096 liquidations which were liquidated by 155 liquidators.!! We examine
these wallets’ trading activity in the collateral token over a 500 block period before the start of
the wave, specifically we collect all token transfers, which is a conservative measure of trading
activity.'? For the median liquidation wave liquidators transfer collateral tokens worth 21.80%
of the total liquidated amount out of their wallets before the wave starts. We see liquidators
giving away collateral tokens in 67.44% of the liquidation waves.

7 Conclusion

Decentralized lending has innovated to mitigate risk. First, by designing a floating rate that
increases in the scarcity of lenders to mitigate the chance of “bank runs.” Second by providing
incentives to third parties to monitor and liquidate collateral.

"Eor this analysis we look at wallets that are liquidators in the strict meaning of the protocol, i.e. the wallet
addresses that receive the collateral, as well as all wallet addresses that initiate the transactions in which the
liquidation call is made as these addresses control the liquidator bots.

12We cannot record, for example, trading in derivatives or off-chain positions
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We have demonstrated that these liquidity trades can have market wide persistent effects, or
in other words we document contagion between decentralized markets. Given that DeFi is
designed to be a closed information system it suggests that the system features a systemic
fragility. Liquidations engender other liquidations.

We note that transaction fees associated with using the EVM (gas fees) have a nuanced effect
on this fragility. On one hand, anticipated future fees will encourage arbitrageurs to trade more
rapidly which will quickly reverse the price impact of liquidations. On the other hand, higher
fees raise the threshold for liquidators to finance their transactions through flash loans, which
restricts the amount of capital available to monitor loans and renders the liquidator market less
competitive.

Providing incentives to third parties to liquidate positions is effective in that profit maximizing
liquidators carefully monitor positions. This reduces credit risk. However, they also have an
incentive to maximize the number of positions that they liquidate, which as we documented
can lead to market-wide permanent price impacts. The incentive to liquidate multiple positions
is not there for traditional intermediaries who only retain collateral as insurance against bad
states. Traditional intermediaries therefore have more exposure to credit risk, but have less
incentive for widespread liquidations.

Currently, FTX US has a proposal before the CFTC for “auto-liquidations.” Different from
the decentralized lending protocols, these liquidations would be managed directly by FTX, but
would immediately liquidate collateral through limit orders.
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Number Liquidator Address Amount Liquidated  Aave Compound

1 b7990f251451a89728eb2aa7b0a529f51d127478 427.38 427.38 0.00
2 3909336de913344701c6£096502d26208210b39f 137.81  81.11 56.70
3 681bd23f6128db3f9b8914595d1a63830a6212fa 128.84 0.00 128.84
4 3333a5a9d331f0c7b2c3626a1088fe6ee0b69e67 127.10 0.00 127.10
5 2cal58422b940c6722640ac7fa726e8201cced33 119.10 119.10 0.00
6 b2b3d5b6215d4fb23bf8dd642d385c4b44aadb2a 109.83 109.83 0.00
7 333388b6bf358d441cde209f1d58db27f28446e1 100.78 0.00 100.78
8 e8468{05550563aa5bfcHfbcb344bf87aa2f6b84 93.94 0.00 93.94
9 19256c009781bc2d1545db745af6dfd30cTeIcta 84.89  84.89 0.00
10 5af7f71c7747fb0eceb2eefl 15¢3fa34dd4998d3 83.28  78.26 5.03
11 d911560979b78821d7b045c79e36e9cbic2{6c6f 73.95 41.86 32.09
12 6780846518290724038e86¢c98a1e903888338875 67.16  17.47 49.69
13 872e0cc1606840bdd532e2{7e09a85¢cdf95{04bf 4790  47.90 0.00
14 80d4230c0a68fc59cb264329d3a717fcaad72al3 47.85  32.61 15.24
15 33334570£7e1df34a09377c7£327feb65e2b3faf 39.89 0.00 39.89
16 b206ebe579be55{5b57119bb2e7cc63708edalaa 39.84  31.77 8.07
17 645e€93859ec63abelcTfe74f17c07c236ee58799 38.96  38.96 0.00
18 3302ea0ddf59a8beb73779555cb2e86d350bfabe 34.96  34.96 0.00
19 08565d290208ea253875efe20d756dc42ae37612 32.56  32.56 0.00
20 d80d99ddad88c35a585e0ed3d287c49988b1eled 29.96  29.96 0.00

Table 6. Twenty largest liquidators sorted by amount liquidated in USD. Number corresponds
to the label in Figure 4, Amount Liquidated is the sum of collateral liquidated in million USD by this
address, Aave is the sum of collateral liquidated on Aave, Compound is the sum of collateral liquidated
on Compound.

A Top Liquidators

Table 6 lists the wallet addresses of the top 20 liquidators in our sample.

B Detailed Description of the use of swaps and flash loans

We collect detailed log data for all Ethereum transactions where a liquidation events occurs
in our sample and use these logs to see identify other smart contracts liquidators interacted
with. For analysis in this section we examine if liquidators also interacted with a broad set of
decentralized exchanges, including Uniswap and its many clones, Bancor, and Kyber. We mark
these transactions as Swap. We collect data on flash loan usage by identifying lash loan specific
log event patterns for Uniswap, Aave, and DyDx, three leading flash loan providers. We mark
liquidations that also have a flash loan in the same Ethereum transaction as Flash Loan. All
other loan liquidations are labeled as Capital as they are funded with the liquidator’s capital.

Figure 13 shows the density of the log loan liquidation amounts in USD by group. We find
that the collateral of larger loan liquidations is swapped immediately, the average liquidation
in this group is USD 114,763.52. Capital seems not to be a constraint for most liquidators as
flash loans are not used that often. Liquidations that use them are on average larger with USD
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Figure 13. Distribution of log liquidated collateral amounts (in USD) broken down by liquidations
funded with the liquidator’s capital for which the collateral was not swapped in the same transaction
(blue), liquidations funded with the liquidator’s capital for which the collateral was immediately swapped
(red), and liquidations that were funded with flash loans (orange).

40,938.97 compared to the liquidations that use neither swaps nor loans with an average size of
USD 36,610.10.

Our analysis most likely underestimates the actual use of swaps and loans as liquidators might
have used exchanges or loan providers that we could identify. There is no universal naming
system on Ethereum and there is no universal method to identify a smart contract’s purpose.
Addresses of regular wallets and smart contract addresses are indistinguishable.

C Detailed Description of Constant Product, Automated Mar-
ket Making

This appendix is excerpted from Lehar and Parlour (2021b). In it, we describe the market
making mechanics on UniSwap V2 for readers unfamiliar with this protocol.

Providing Liquidity: Each swap pool comprises a pair of cryptocurrencies. Most frequently,
as we document below, one of the currencies is Eth, the native cryptocurrency on the Ethereum
Blockchain. We will typically use Eth as the numeraire, and refer to the other generic coin as
the ‘token.” An agent wishing to provide liquidity to their preferred pool deposits both Eth and
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the token into the pool. The deposit ratio of Eth to token is determined by the existing ratio in
the pool, which implicitly defines the Eth price of the token.

An agent who makes such a deposit receives a proportional amount of a liquidity token. This
third token is specific to the pool and represents an individual liquidity provider’s share of the
total liquidity pool. As the pool trades with users, the value of the liquidity pool may rise or
fall. Liquidity providers can redeem their liquidity tokens at any time and get their share of the
current liquidity pool paid out in equal value of Eth and tokens. Changes in the composition of
the pool from the time a liquidity token is minted to when it is cashed in, potentially constitute
adverse selection. However, providing liquidity is potentially profitable because each trade faces
a fee of 30bps which is redeposited into the pool.

Consummating Trade: Suppose a trader wishes to buy the token. In this case, he will deposit
FEth into the pool, and withdraw the token. The amount that he has to deposit or withdraw
depends on the bonding curve which is illustrated in Figure 14. Before the trade, there are Ej
FEth and Tj tokens. The ratio of Eth to tokens is the implied price quoted by the pool. Someone
who is interested in selling an arbitrarily small amount of the Token, would pay or receive Ejy.
To trade a larger quantity, consider someone who wishes to sell some of the Token. This would
mean that the trader deposits some amount 77 — Ty of the token into the pool. In return, he
would receive Ey — Fq. Thus, the amount of Eth in the pool drops.

If the seller was a liquidity trader, the post trade price in the pool (%1) is now too low, and a

potential arbitrageur would enter the market and trade in the opposite direction to return the
ratio of Eth to tokens to equilibrium.

Eth

Ty T Token

Figure 14. A bonding curve. From an initial amount of Eth and Tokens of Ey and Ty respectively,
a trader deposits 77 — T tokens (sells) in exchange for Ey — F; Eth. the price impact of this trade is
determined by the bonding curve.

Specifically, if Tj is the amount of tokens and Fy the amount of Eth in the contract’s liquidity
pool, then the terms of trade are such that for any post trade quantities before any fee revenue
11, Eq

k‘Z:Tl-EIZTo-Eo. (1)
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In other words, the product of the Token and Eth quantities is always on the bonding curve.
For each pool, the constant k, depends on the amount of liquidity that has been deposited in
the pool up to this point. We note that if more liquidity is posted, the constant changes. This
is the mechanism through which the market equilibrates.

Assessing Liquidity Fees: The previous clarifies the terms of trade absent the liquidity fee.
Of course, remuneration is important for the liquidity providers. To see how the fee affects
trades and prices, suppose that an agent wants to trade e Eth in exchange for tokens. The
exchange collects a fee 7, which benefits liquidity holders.!> Thus the effective amount of Eth
that gets traded is (1 — 7)e. This leads to a post trade, but before fee revenue liquidity pool
balance of E' = E+ (1 — 7)e. Following the logic of the bonding curve (1), the post trade token
balance must be

T-FE T-FE

T = = .
E' E+(1—-71)e

(2)

The smart contract which executes the trade accepts the e ETH and returns the difference
between the pre and post trade token balances. Or, the amount of token ¢ that the trader
receives is given by

(1 —=7)eT

t=T-T = ~— " —.
(1-7)e+E

(3)

Therefore, the terms of trade expressed in Eth/token is given by

e E

tot _ € €
= _ 4+ - 4
P =Tt asor )

The terms of trade have a natural interpretation as a spread. Suppose that the fundamental
value of the token denominated in Eth is pg. If the pool is in equilibrium then py = % The
liquidity fee generates what is essentially a tick size that is distinct from the volume-induced
price impact that the trader pays when he moves long the bonding curve, then

tot ET 1
lim Z— = = (5)
e—0 po ET(l—T) 1—7

That is, when buying tokens, traders have to pay a fixed spread of ﬁpo. Similarly for token
sales traders have to pay a fixed spread of (1 — 7)py.

Pool size: The price that a trader gets is determined by the bonding curve and the volume of
posted liquidity. In particular, the price impact of a marginal increase in the order is dp/de =
1/T. As the liquidity pool grows, the price impact of a fixed order size decreases. Thus,
understanding the payoff to liquidity provision is an important determinant of AMM market
quality.

13Uniswap collects a fee of 30bps per trade.
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D Detailed Description of Flash Loans

This appendix is excerpted from Lehar and Parlour (2021a). In it, we describe the mechanics
of flash loans for readers unfamiliar with this feature.

Flash loans have neither maturity nor credit risk. They were were invented in July 2018 by
Marble, an open source lending platform on the Ethereum blockchain and combine the lending
of funds.' Flash loans grown rapidly with loans worth on average 1.17 billion USD borrowed
per day in the first quarter of 2021 compared to USD 500,000 for the same period a year earlier.

The most common use for flash loans is arbitrage. Decentralized exchanges, which trade tokens
worth billions of dollars each day, purposely rely on arbitrageurs to keep prices aligned with
markets and consistent with each other. Flash loans provide cheap capital to arbitrageurs to
execute their trading strategies. Other use cases for flash loans include swapping collateral for
secured loans, loan liquidations, and exploits of weaknesses in other DeFi protocols.

Flash Loans are typically used as one component of more complex transactions on the Ethereum
blockchain that interact with numerous Decentralized Finance (DeF1i) platforms. One Ethereum
transaction can interact with several smart contracts and call functions of these smart contracts
to trigger economic actions such as borrowing, lending, conversion between tokens using a de-
centralized exchange, or transferring tokens between wallets. In a flash loan a borrower takes a
loan at the beginning of a transaction and repays the loan at the end of the same transaction,
thus repaying the loan at the same time as it was borrowed. Blockchain transactions are atomic,
meaning that they either get executed in their entirety or not at all. Therefore borrowers cannot
default during a transaction and the loan is only processed or taken out when it is also repaid.
Lenders therefore have no credit risk. The atomic nature of transaction also generates an option
type payoff for the borrower. A transaction can require to leave a profit for the sender, the
person initiating the transaction. Thus if the transaction is not profitable it fails and the loan
does not get taken out and the sender is left to pay is the fee for processing the transaction on
the blockchain (i.e. the gas cost).

M\arble never became widely used and is today insignificant.
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Comments on “Systemic Fragility in Decentralized Markets”
by Alfred Lehar and Christine Parlour

Zhiguo He (Booth School of Business, University of Chicago; NBER)

Decentralized finance (DeFi) is an emerging financial technology based on secure distributed ledgers
similar to those used by cryptocurrencies. DeFi aims to challenge the “centralized financial system”—like
banks and brokerages consumers rely on to access capital and financial services directly—by allowing for
peer-to-peer transactions on digital exchanges empowered by smart contracts and blockchain
technology. It has been booming at an amazing speed since the outburst of the covid pandemic in early
2020; the total value locked, i.e., the overall value of assets deposited in transactions and hence locked
on the chain, had risen from $700 million in December 2019 to about $172 billion in July 2022. However,
up to this point the DeFi system is in a complete regulatory vacuum, in sharp contrast to the
comprehensive regulations imposed on the key players operating in the centralized financial system.

The astonishing growth of DeFi has attracted a fast-growing body of literature from Computer Science
on the working of DeFi; to name a few, Bartoletti, Chiang, and Lafuente (2021); and Qin, Zhou, Gamito,
Javanovic, and Gervais (2021). However, despite the boom of DeFi in a space whose functioning sits at
the core of financial intermediary, it has remained largely a mystery—and often in a suspicious way—to
most of economists. Partly, this is due to the fact that most of the questions that the DeFi industry is
raising are not what financial economists typically care about; and even though we want to engage in
the discussion, the task is daunting because the core economic issues are often buried in technical
computer science terminology.

This is exactly the right spot hit by this interesting paper. As business school professors who have been
working on the topic of financial intermediation for many years, Lehar and Parlour structured their
paper into two parts. The first part explains the working of DeFi—which is basically collateralized
lending—from the perspective of economists. | cannot overemphasize the importance of this part, as it
is necessary to first get economists and regulators up to speed with “What exactly is DeFi doing?” The
second part then analyzes “liquidation” in the DeFi system, with the angle that liquidation may cause
contagion effects across the entire crypto eco-system, akin to the systemic risk triggered by the Lehman
collapse during the 2007/09 financial crisis (in the real and traditional financial world!)

Here is one simple example of how it works; the two leading protocols, Compound and Aave, are largely
similar. Say lenders lend 150 DAl in a “pool.” (DAl is a leading stable coin that is pegged to U.S. dollars, so
largely it says that you deposited 150 dollars in the pool, instead of commercial banks). On the other
side, let us consider borrowers who plan to use one ETH as collateral to borrow 75 DAI from the pool.
The pool specifies the maximum leverage, or “collateral factor,” which essentially serves as the haircut
in the traditional financial system. Assume that the market price for ETH is 100 and the collateral factor
is 75%; this implies that the borrower has maxed out the leverage she can take, as 75/100=75%.

Haircuts only determine the maximum quantity of lending; the next question is the price of lending,
which is interest rate. In the above example, half of the funds deposited into the pool are lent out.



Borrowing

- , takes the value of 75/150=50%. The
Lending

Therefore, the so-called utilization ratio, i.e., U =

protocol specifies the borrowing rate I, as an increasing function of the current utilization ratio U ; for
instance, I, = a + AU for two constants «, f . Importantly, given the lending rate I, (U ) and utilization

ratio U , the lending rate I is determined by the self-financing budget constraint I, =T, (U ) ‘U, subject

to certain fees charged by the pool. This way, there are no external funds needed for the system (at
least in the hypothetical ideal scenario). Apparently, this could work if there are borrowers with better
investment opportunities elsewhere who are willing to borrow at a rate higher than the lending rate,
just like what we see in the traditional world.

Now we finally get to potential liquidation. Recall that in the above example borrowers have maxed out
their borrowing; more specifically, given the current ETH price of 100 and borrowing of 75 DAI the
leverage ratio 75% hits the collateral factor. Now let us say that the price of ETH drops to 90—note, it
falls below collateral ratio, but the collateral value (90) still exceeds the loan (75). In traditional financial
market, this corresponds to breaking the maintenance margin and hence the lender (or prime dealers)
may seize your collateral.

In the DeFi world, it is as if the collateral is automatically placed on (fire)sale, and the whole liquidation
process is decentralized by any trader in the system. These professional liquidators are programmed and
hence often called liquidation bots; they can pay back K fraction of the 750 DAI loan to the pool and
grab K fraction of collateral at a discount of 10%. To illustrate, say | decide to be a liquidation bot with
k= 2/3. | can borrow 50 DAI, deposit them to the pool (pay down half the loan), and receive

50/81=0.62 units of ETH, as | can grab the collateral at the discounted price of 90><(1—10%) =81.

Apparently, 10%, which is also called liquidation spread, provides incentives for traders to actively
search for over-levered positions (like the one in my example). This is because the liquidator can sell this
collateral immediately at 90, reaping a profit of 0.62x90—50=5.56. Apparently, the liquidation
spread is one key economic variable that regulators should monitor (and potentially regulate).

There are two points to highlight in the above example: one is technology and the other is economics.
Both are central to the paper by Lehar and Parlour, with the first being the so-called flash loans. Note,
what we have described is nothing more than a classic “arbitrage.” Since the whole liquidation process,
which involves “borrow DA, pay back loans, get the collateral, and sell the collateral, and repay DAI” is
quite involved, financial economists have long recognized “limits to arbitrage” given financial market
frictions. Flash loans can, in a somewhat miraculous way, solve this issue. Supported by smart contracts
with contingent execution, this is because the liquidation bot can package the above sequence of
transactions into one block, so either the entire sequence gets executed, hence the arbitrager secures
the profits, or fails, hence nothing to lose.

The second point is on potential “contagion.” In the last step of liquidation arbitrage, to secure a profit |
will need to immediately sell 0.62 ETH. In practice, this likely triggers price impact if the market is
illiquid, which each individual trader would likely ignore. What is more, as pointed out by Lehar and
Parlour, this price impact might trigger further liquidation, just as what we observed in the financial
crisis. This lower price of ETH will be fed into DeFi via “oracles,” triggering more borrowing positions to



fall under water. And what if borrowers need to liquidate other crypto assets to save their fallen
positions? This should remind us of the commonly used term “systemic risk” during the financial crisis.

There are intriguing connections between flash loans and systemic risk. Flash loans reduce the arbitrage
risk, which in principle should be efficiency-enhancing for the financial market. Although the technology
sounds quite promising, and likely can be used in other applications (if blockchain ever hits us with real
applications in our physical world), it is unclear whether we will encounter other unforeseen “risks.” For
instance, by encouraging automatic liquidations in an extremely aggressive way, it may trigger more
contagion especially where the oracle price feed can be manipulated. A deeper understanding of the
flash loan technology is needed on this front.

| have one major critique to this paper. As acknowledged by the authors, the biggest challenge to
identify “contagion” is that fundamentals of crypto assets are connected in many sophisticated ways.
For instance, in the above example, the shock is a price drop of ETH; but this can represent an aggregate
negative shock to the entire crypto community.

Instead of looking at the price shock to collateral, we might be able to get a sharper identification by
looking at the price shock to the “money,” i.e., a positive shock to DAI. This also highlights the
uniqueness of the DeFi system, as in the traditional financial system the value of dollar is always a dollar.
Interestingly, in DeFi, it is possible that the stable coin price surges above its peg to one dollar, pushing
levered positions to hit the protocol-specified collateral factor and triggering liquidation.

For instance, Figure 1 shows such an event. On Nov 26, 2020, there was a price surge of DAl from 1
dollar to about 1.3 dollars on Coinbase (centralized exchange) and Uniswap (decentralized exchange).
Relevant to my point, Compound is using Coinbase’s DAI/USDC as an oracle, and a significant amount of
loans that borrowed DAI became underwater. It works as if the value of collateral drops (relative to the
money you borrowed), but it doesn’t. As a result, this should offer a better laboratory for the authors to
identity contagion.

Institution? Coinbase Prime

1.005171 USD 15,684,673 DAI
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Finally, let me highlight one key difference between the liquidation process in the DeFi space, and those
in the traditional financial markets. Because of the “transparent” nature of blockchain, all positions,



including their distances from their respective liquidation thresholds, are observable to all market
participants. One obvious implication is that this really facilitates “predatory trading,” i.e., “trading that
induces and/or exploits other investors' need to reduce their positions.” (Brunnermeier and Pederson,
2005) In the traditional world, economic agents are guessing each other’s position and it is a rational
expectation to ensure their guesses are correct; but now in blockchain world, traders are observing each
other’s positions in real time! This point is closely linked to the information externality of the blockchain
technology pointed out by Cong and He (2016).*

As a summary, | believe that there are lots of interesting mechanisms to learn about in this nascent
market, although at this point it is still a wild, wild west. Given that the technology has shown us it has
the capacity to allow economic agents to interact in a different way, we, as financial economists who
ultimately are interested in regulatory questions, should be eager to understand the boundary of this
new technology and its associated issues.

Bartoletti, M., Chiang, J.H.y., Lafuente, A.L.: SoK: Lending Pools in Decentralized Finance. In: Lecture

Notes in Computer Science, vol. 12676 LNCS, pp. 553{578. Springer (2021). https://doi.org/10.1007/978-3-662-
63958-0 40, https://link.springer.com/10.1007/978-3-662-63958-0 40

Qin, Kaihua, L. Zhou, P. Gamito, P. Jovanovic, and A. Gervais. An Empirical Study of DeFi Liquidations:
Incentives, Risks, and Instabilities, https://doi.org/10.1145/3487552.3487811

Brunnermeier, M. K., & Pedersen, L. H. (2005). Predatory trading. The Journal of Finance, 60(4), 1825-
1863.

Cong, L. W., & He, Z. (2019). Blockchain disruption and smart contracts. The Review of Financial
Studies, 32(5), 1754-1797.

1 There are many potential remedies for this issue. For instance, zero-knowledge-proof encryption can hide certain
important information like the distance to liquidation. However, it necessarily decreases the efficiency of
liquidation arbitrage. This is an interesting area for future research.
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1 Introduction

Alfred Lehar and Christine Parlour’s paper offers a glimpse into DeFi land, the world
of decentralized finance, which develops as we speak. The paper acts like a magnifying
glass—among the first of its kind—that allows to glance into this new world.

At this point (mid June 2022) the paper mostly documents empirical regularities. The
late May 2022 draft also contained some theory, which seemed only loosely connected to
the data. The mid June 2022 draft (which my comments are based upon) contains less
theory. Eventually, the paper should contain more rather than less theory to guide our
interpretation and understanding of the data.

This notwithstanding, the current (mid June) draft already offers fascinating insights.

2 Findings

Lehar and Parlour document that sales of tokens have a negative price impact; that this
impact is not only temporary; and that the price effects propagate on- and off-chain, i.e.,
within DeFi land but also beyond.! The authors conclude that there is “systemic fragility
of decentralized markets.”

My discussion describes the transactions and price effects that Lehar and Parlour
document, and it asks what to make of them.

*dirk.niepelt@unibe.ch; www.niepelt.ch.
1Related effects in traditional financial markets are analyzed, e.g., by Holthausen et al. (1990) or Saar
(2001).



3 On The Ground In DeFi Land

As in traditional financial markets (“TradFi”), financial actors in DeF1iland (that could be
human or not) may take out over-collateralized loans. To protect creditors against large
falls in collateral value the loan contract stipulates that the collateral may be liquidated
when its value falls below a threshold of 100 + x percent of the loan. Liquidators (that
could be human or not) are given incentives to monitor: When they find an insufficiently
collateralized loan they can acquire the collateral at a discount—their reward—and the
loan is terminated.

To acquire the collateral the liquidators require funds, which they may collect using
flash loans (more below). They liquidate the acquired collateral on “constant product
automated market making” (CPAMM) liquidity pools (more below) and distribute the
proceeds among the flash loan financiers and themselves.

The price effects of liquidations on liquidity pools imply that “oracles,” which auto-
matically gather information about token prices in DeFi land to inform other contracts,
register a price decrease of the collateral that is being sold. As information spreads the
collateral of other loan contracts gets revalued; this may prompt further liquidations.

4 Why DeFi Land Is Different

Flash loans are smart contracts that allow a liquidator without deep pockets to collect
funds from third parties. Importantly, there is no credit risk associated with a flash loan
and the liquidator therefore does not have to post collateral. This is a consequence of
the fact that the four types of transactions, (i) funding of the flash loan, (ii) using the
collected funds to purchase the collateral, (iii) selling the collateral on a liquidity pool,
and (iv) repayment of the flash loan by distributing the collateral sale proceeds among
the flash loan creditors, are all recorded on the same block that registers the transactions
on the block chain. Since either all or none of the four types of transactions are recorded
on the block chain there is no risk that the liquidator absconds with the flash loan funds.
Flash loans offer an opportunity for anonymous, distrustful actors to join forces in order
to exploit profit opportunities.

CPAMM liquidity pools provide automated exchanges on which two types of tokens,
t1 and t2 say, may be traded. The price is set according to a simple rule, which generically
differs from how prices are determined in TradFi: The product of the quantity of 1 tokens,
T1 say, and the quantity of ¢2 tokens, T2 say, in the pool must be the same before and
after the trade, that is, the trade amounts to a rebalancing of the tokens in the pool along
a “bonding curve,” see figure 1.2

5 1Is DeFi Land The Promised Land?

Is DeFi land the promised land without frictions due to lack of commitment? The presence
of flash loans seems to suggest so. After all, the recording of the four types of transactions

2For the origin of bonding curve liquidity pools see this Reddit post.
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Figure 1: Inventory rebalancing along a “bonding curve.”

described above within one and the same block effectively eliminates time, and thus credit
risk. But other factors that are well known from TradFi, and which leave room for lack
of commitment to matter, are still present. Front running is a case in point: The miners
that are in charge of verifying orders such as a flash loan combined with collateral sales
can observe the order and profit by posting orders themselves that let them front run.?

Is DeFi land the promised land of transparency and liquidity? Observable trades
and oracles that aggregate public information seem to suggest so. But sources of in-
transparency and illiquidity are still present. For instance, CPAMM liquidity pools pro-
vide incentives for a trader to wait with a transaction if the trader anticipates trades in
the reverse direction by another actor. Figure 2 illustrates an example: There is an “or-
ange” trader that wishes to acquire ¢2 tokens against ¢1 tokens. Starting from the black
initial allocation in the liquidity pool the orange trade would give rise to the new, orange
allocation in the pool with fewer 2 tokens and more ¢1 tokens. The price that the orange
trader would pay for a unit of ¢2 tokens would amount to 2 ¢1 tokens. The orange trader
can do better by waiting until another, “pink” trader has acquired t1 tokens from the
pool against t2 tokens, thereby driving the price of 2 tokens for the subsequent orange
trade down.

3Actors in DeFi land are aware of this and have begun to provide fixes.
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Figure 2: Price impact of trades.

6 Back To The Paper

These examples make clear that institutions matter and incentives rule, also in DeFi
land. Fees, incentives to wait, strategic incentives of liquidators (which the authors briefly
discuss), deterrence of front running by means of protective fees or order smoothing, and
many other factors are likely to affect the sales and price dynamics in DeFi land that
Lehar and Parlour document. This reinforces the earlier point that it would be useful to
interpret and explain the data through the lens of a theory.

Such a theory could also help clarify whether the systemic fragility that the authors
identify in DeFi land is different from the effects observed in TradFi. On the one hand,
mark-to-market collateral valuation and liquidations that respond to prices are not con-
fined to DeFi land. On the other hand, there are differences as we have pointed out, and
the assets that are traded in DeFi land are quite different from those in TradFi (what is
the collateral value of a bubble securing another bubble?). Do these differences dominate,
or are the fundamental channels and loops still the same as in TradFi?

Theory, for instance network theory, in combination with the data collected by Lehar
and Parlour could also help to clarify how oracles aggregate information. And it might
help shed light on old questions in monetary economics related to the competition between
different means of payments (tokens).

Lehar and Parlour’s fascinating magnifying glass reveals similarities between TradFi
and DeFi land—price impact, “contagion,” liquidity pools that somewhat resemble dealer
inventories, and more. But it also exposes major differences between TradFi and DeFi



land—time vs. blocks, price discovery via bids vs. costly transactions, banks and financial
institutions as money creators vs. loanable fund collectors, among others. We need more
structure to assess how these similarities and differences shape outcomes. There are plenty
of reasons to look forward to the next draft.
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