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Abstract. We investigate the welfare loss of continuous and discrete or-
der matching models in blockchain-based decentralized exchanges (DEX)
that utilize order books to record outstanding orders. Continuous pro-
cessing matches each incoming transaction against the current order
book. The discrete processing model, i.e., frequent batch auction (FBA),
executes transactions discretely in batches with a uniform price dou-
ble auction: Orders are first matched according to price, then the exact
transaction order if competing orders specify the same price.
We find that FBA imposes less welfare loss and provides better liq-
uidity than continuous processing in typical scenarios, e.g., when few
parties are privately informed about asset valuations. Even otherwise,
it achieves better social welfare and liquidity provision in the following
settings: when price takers and public information reflecting asset value
changes arrive sufficiently frequently compared to private information,
when the priority fees (for faster transaction inclusion into blockchains)
are small, or when the market is more balanced on both buy and sell
sides. Our empirical analysis on the BTC-USD and ETH-USD transac-
tions on a DEX named dYdX indicates that FBA can reduce transaction
costs by 21%− 37%.

1 Introduction

Blockchain-based decentralized exchanges (DEX) enable users to trade assets
without relying on intermediary authorities through blockchain transactions.
They are already valued at several billion USD and are expected to grow multi-
fold in the coming years. DEXes typically take one of the two following forms.
(1) In a limit order book-based design (e.g., Penumbra [23, 29], Uniswap limit
orders [24], CoW Swap [12]), each transaction is a limit order (which specifies the
direction4, price, and quantity of trade), and orders are matched individually. A
set of outstanding limit orders is called a limit order book. (2) An automated
market maker design (e.g., Uniswap [1]) features automatic algorithmic trading

⋆ This work is mostly done while the author was a Ph.D. candidate at Purdue Uni-
versity.
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where the settling price ensures certain pre-defined function behaves in a pre-
determined way.

In this paper, we analyze order book-based DEX designs with a focus on
comparing two applicable transaction processing models, i.e., continuous pro-
cessing (CLOB, continuous limit order book) where transactions are handled
one by one in order or discrete frequent batch auction (FBA) where transac-
tions are aggregated at a certain frequency and settled in a double auction (i.e.,
bids are from both sellers and buyers). Similar to the traditional centralized ex-
changes (CEXs), many order book-based DEX designs follow the CLOB model.
Two main metrics to compare the performance of the two designs are (1) welfare
loss, which measures the extra transaction costs paid by a common user and
is determined by the adverse selection risk (explained below) and the adopted
processing model (either CLOB or FBA); and (2) liquidity provision, which mea-
sures the extent to which an on-demand user’s transaction is settled (against the
order book)5. We evaluate the suitability of FBA in the blockchain setting by
uncovering the scenarios where FBA provides better welfare and liquidity.
Why consider FBA. While FBA is less considered, it can potentially fit the
DEX setting better. In addition to the discussions in the context of central-
ized exchanges [8,16], there are several other intuitive reasons. First, inherently,
blockchains already treat time as discrete when ordering and assembling trans-
actions into blocks, the same as in FBA. Second, when transactions are executed
continuously (via CLOB), one can observe and act on the “future” if the pend-
ing transaction pool is not fully hidden, thus rendering one of CLOB’s main
advantages moot. Similarly, latencies in block generation and message transmis-
sion along with priority fees allow even more space for latency arbitrage rents in
DEXes, making CLOB even less favorable. Lastly, a common critique of FBA,
the non-execution risks caused by nontransparent pre-trade order book, is alle-
viated in public blockchains where at least part of the transactions are overt.6

Analysis framework. In the DEX we consider three types of players: (1)
common investors who submit inelastic trading orders, (2) informed traders
who submit trades after observing publicly or privately available information
about asset valuation jumps, and (3) (many) arbitrageurs who can apply market-
making (i.e., placing orders to facilitate trades) and front-running strategies. Ar-
bitrageurs are addressed as liquidity providers (LPs) when applying the market-
making strategy, and as front-runners when front-running investors, traders, or
other LPs. Our focus is then on how LPs set up their quotes, which decide the
amount by which the asking price exceeds the bid price, i.e., the bid-ask spread.

Putting ourselves in LPs’ shoes, common investors are price takers and thus
the source of profits. Informed traders and front-runners cause losses to LPs by
reacting to information faster, which is also called the adverse selection risk [8,
17]. Hence, the arrival rates of common investors and the changes in public or

5 The bid-ask spread is usually viewed as a proxy for measuring liquidity.
6 In centralized exchanges employing FBA [11], quotes are hidden until being matched.

For CEX, displaying orders directly could violate certain regulations [7], e.g., Rule
610 in Regulation National Market System.
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private information about asset valuation affect how LPs determine the bid-ask
spread. An LP does not set it to be too high, considering that other arbitrageurs
can improve on it (i.e., setting a lower spread) to trade with common investors
and earn a profit. The LP does not make it too small either, to absorb the
potential loss from adverse selection. Here, the markup set aside to tolerate
this adverse selection risk is the welfare loss of our interest. It is considered a
“loss” of the welfare of common investors and traders because this portion of the
spreads does not need to be paid when there is no adverse selection. Aside from
the welfare loss, we are also interested in liquidity provision, which is measured
with the bid-ask spread itself. Overall, the spread consists of the markup (i.e.,
the welfare loss) and the price impact of new incoming orders (because it may
reflect public or private information about the underlying asset’s price changes).

1.1 Contributions

In summary, we make two contributions. First, we analyze the theoretical ben-
efits of employing FBA (frequent batch auction) as the transaction processing
model for DEX compared to CLOB (continuous limit order book). Specifically,
we uncover typical market conditions where FBA provides better welfare and
liquidity. Second, we conduct empirical analysis to straightforwardly compare
the transaction costs under the two processing approaches.
Welfare and liquidity provision. For welfare loss, if there is no private in-
formation in DEXes, then FBA always imposes a zero welfare loss while CLOB
has a positive welfare loss. If a specific DEX design allows privately informed
parties, e.g., a board member or a developer capable of dictating protocol up-
dates, adverse selection is present under FBA. In this case, FBA inflicts positive
welfare loss. In this setting with private information, we find that first, FBA im-
poses less welfare loss than CLOB if common investors and public information
concerning asset value changes arrive sufficiently often as compared to private
information. This is because, under FBA, LPs have more time to respond to pub-
lic information, and less private information reduces adverse selection. Second,
the smaller the transaction priority fees [15] are, the higher the markups under
CLOB are, as compared to under FBA. 7 This is because the profits from front-
running increase as costs decline, resulting in the LPs charging higher markups
to counter adverse selection. Finally, a more balanced market decreases the wel-
fare loss for FBA, making it typically less than the welfare loss under CLOB.
In essence, when sufficiently many transactions are accumulated and matched
among themselves, the welfare loss in FBA decreases.

In terms of liquidity provision, FBA has smaller bid-ask spreads (thus better
liquidity provision) under similar conditions.
Empirical analysis. Overall, if the public blockchain that performs the DEX
function has much less private information than public information, FBA pro-
vides lower welfare loss and better liquidity. More specifically, assuming that the
7 Average fee per transaction is $1:18 for Ethereum between September 11-October

10 in 2024, during which the average daily price changes of ETH is $49:37.
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system has little private information, using real-world transactions acquired from
the dYdX exchange [20] from January 2023 to October 2024, we find that em-
pirically there is a 21%-37% increase in transaction costs when the transactions
are executed with CLOB compared with using FBA.

2 Model and definitions

In this section, we specify the system and trading system models, and then
introduce game theoretic concepts.

2.1 System model

A set of n processes called validators run a secure blockchain system that mit-
igates transaction order manipulation attacks with order-fair atomic broadcast
(of-ABC) [10] (Definition 1). Up to f validators are Byzantine and behave
arbitrarily. They communicate via reliable authenticated point-to-point chan-
nels. More specifically, they are connected with Byzantine fault-tolerant first-in-
first-out (FIFO) consistent broadcast links [10] that securely deliver messages.
The network is partially synchronous where the network imposes some known
bounded message delay after a global stabilization time (GST).

Definition 1 (Differentially of-ABC [10]). A secure �-differentially of-ABC
protocol satisfies:
1. Agreement: If a message m is delivered by some correct process, then m is

eventually delivered by every correct process.
2. Integrity: No message is delivered more than once.
3. Weak validity: If all processes are correct and broadcast a finite number of

messages, every correct process eventually delivers these broadcast messages.
4. Total order: Let m and m0 be two messages, Pi and Pj be correct processes

that deliver m;m0. If Pi delivers m before m0, Pj also delivers m before m0.
5. �-differential order fairness: If b(m;m0) > b(m0;m) + 2f + � (where

b(x; y) counts the number of processes that consistent-broadcast x before y),
then no correct process delivers m0 before m.

Note that we can adopt alternative order manipulation techniques. We only need
to re-calibrate the front-running success probability.
Front-running success probability. Suppose after observing the transac-
tion mi of a user i, arbitrageur j decides to front-run mi with transaction mj .
To compute j’s success probability in of-ABC, we assume the distribution of
latencies on different communication links is known. The links connecting the
validators have latency distribution Fv; the links between common users (i.e.,
investors and traders) and validators have latency distribution Fit; the links
between arbitrageurs and validators have latency distribution Fa.

Let D be the random variable for the latency differences to independently
deliver two messages on a communication link between validators. Let D fol-
low distribution ~Flt. For example, if Fv is instantiated with normal distribution
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N(1; 1), then ~Flt follows distribution N(0; 2). Let ~FC
lt be the CDF of ~Flt. As-

suming the worst case where j sees mi immediately after it arrives at some
validator, j then immediately sends mj to a validator, and j always wins when
neither transaction is broadcast first by more than (2f+�) validators. We denote
j’s winning probability as p⋆ and compute it as follows:

p
?
= 1� P[b(mi;mj) > b(mj ;mi) + 2f + κ] = 1�

n�1∑
s=2f+��1

(n� 1

s

)
[F̃
C
lt (0)]

s
[1� F̃

C
lt (0)]

n�1�s

If Byzantine validators do not relay messages, we replace (n�1) with (n�f�1).
In the above example where Fv � N(1; 1) and ~Flt � N(0; 2), we have p⋆ = 0:75
for n = 10; f = 3; � = 1 and p⋆ = 0:95 for n = 31; f = 10; � = 1.

2.2 Trading system

We adapt the dynamic trading models in Eibelshäuser and Smetak [14] and
Budish et al. [8] in traditional centralized exchanges to the blockchain-based
DEX. The frequency of the batch auction is every one or multiple blocks. We
denote the length of this period as I.

We consider an asset X with changing fundamental value Vt at time t (t 2
[0; T ], for some T > 0). We assume an observable signal that equals the funda-
mental value of the asset and evolves according to a compound Poisson jump
process, drawn from a symmetric distribution Fjp with arrival rate �jp, bounded
support, and zero mean. The fundamental value jump can be observed as both
public and private information. We capture the absolute value of the jump with
the random variable J .

We model three types of risk-neutral8 trading players:
■ Investors who arrive stochastically with probability �i and have inelastic

demand, with buying and selling being equally likely.
■ Informed traders who can observe both the public information arriving

stochastically with probability �pb and the private information arriving stochas-
tically with probability �pr. Both types of information affect Vt positively or
negatively with equal probability.

■ r arbitrageurs who can apply market-making or front-running strategy. They
can also observe and respond to the public information mentioned above (ar-
riving with probability �pb). At time t, they intend to sell at a price higher
than Vt or buy at a price lower than Vt.

The arbitrageurs here can be trading firms and arbitrage bots, among others. As
mentioned in §1, a front-running arbitrageur can front-run LPs, investors, and
traders. Unlike in the modeling in centralized exchanges, the front-runner now
can act after others have already submitted transactions.
Trading system states. We capture the history information at time t with
Ht, and it is observable by all. The state of the trading system at time t is a
tuple St = (Pt; Jt; (~bt; ~at);~g), where Pt = E[VtjHt] is the expected value of the
fundamental value of the asset given the observed history, Jt is sampled from
distribution J (i.e., Jt � J), (~bt; ~at) are quotes of the bid and ask prices, and
8 i.e., obtaining the same amount in expectation generates the same utility.
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~g records the probabilities that arbitrageurs respond to investors’ and traders’
orders with front-running at each level of the order book.
Fees. The exchange collects fees from both sides of each settled trade. There
are a base fee and a priority fee F which can promote the order of a transaction
during tie-breaking. In the analysis, we disregard the base fee since it is the same
for all transactions and is burnt in some systems [15].

2.3 Definitions - solution concepts

In the trading game, r arbitrageurs are the strategic players and aim to max-
imize their utilities by playing the best strategy. A strategy is a probabilistic
distribution over possible actions, with all mass condensed at one action for a
pure strategy. A solution concept then describes a profile or snapshot of all play-
ers’ strategies with certain desired properties, e.g., Nash equilibrium discourages
unilateral deviation. We naturally adopt stationary Markov Perfect Equilibrium
(MPE) [26] for CLOB since the parameters of player and information arrival
rates in the stochastic game are time-independent.

Definition 2 (Stationary MPE [26]). A Nash equilibrium (NE) is a strategy
profile ~s where no player increases utility by unilaterally deviating from ~s. A
subgame perfect equilibrium (SPE) is a strategy profile ~s that forms an NE for
any subgame of the original game. An MPE is an SPE in which all players play
Markov strategies, i.e., strategies that depend only on the current state of the
game. A stationary MPE is an MPE where strategies are time-independent.

We utilize a weaker notion, Order Book Equilibrium (OBE) for FBA since
stationary MPE does not always exist for FBA [9]. Intuitively, this is because
under FBA, when an arbitrageur provides liquidity at the bid-ask spread that
equals costs from market-making, other arbitrageurs do not have the incentive
to undercut (by improving the current quotes). Since others do not undercut,
the arbitrageur has the incentive to widen the spread to increase profits, which
is a unilateral action to increase the player’s utility. But this would result in
others undercutting the widened quotes. We first define OBE and discuss why
adopting the weaker notion still gives a fair comparison.

Definition 3 (OBE [9]). Given state St, an OBE at time t is a set of orders
submitted by all arbitrageurs such that the following hold: There exist (1) no safe
profitable price improvements and (2) no other safe profitable deviations.

Here, a profitable price improvement is safe if it remains strictly profitable af-
ter other arbitrageurs take profitable responses, e.g., liquidity withdrawals, after
the improvement. A profitable deviation is safe if it remains strictly profitable
after other arbitrageurs react with safe profitable price improvements or liquid-
ity withdrawals. Price improvements are liquidity provisions improving current
quotes, and liquidity withdrawals are cancellations of limit orders. See [9] for
formal justifications for OBE. OBE is weaker than MPE in the sense that it
allows the existence of unilateral deviations that increase utility as long as they
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can be made unprofitable by others’ reactions. This is reasonable as FBA leaves
time for others to respond to one’s actions, and thus any reasonable player would
not. Therefore, the players in CLOB and FBA would follow the corresponding
equilibrium (MPE and OBE, the strongest equilibrium respectively), and the
induced welfare losses are comparable.

3 DEX under CLOB and FBA

We now model DEXes under the CLOB and FBA. We then detail the events and
provide the equilibrium analysis focusing on welfare loss and liquidity provision.

3.1 Order of events

We abstract the DEX as run by validators maintaining a secure blockchain.
Arbitrageurs, investors, and traders submit transactions by sending messages to
one or more validators, who then broadcast received messages to each other. In
the following stochastic trading game G, we capture the arrival of the three types
of players and how the validators order and execute the transactions.

Trading game G: Repeat the following for asset X with initial value V0.
a○ Arbitrageurs place orders on the exchange.
b○ One of the following events is then triggered:

(1) An investor arrives with probability �i and submits an order to the
exchange. This may change order book quotes (~bt; ~at) at time t but
not to the fundamental value.

(2) A private information event occurs with probability �pr, resulting
in a jump in fundamental value, and an informed trader submits an
order to the exchange. This may change the order book quotes.

(3) A public information event occurs with probability �pb, resulting in a
jump in fundamental value, and arbitrageurs can submit withdrawals
of existing orders, place new orders, or front-run stale quotes.

(4) Null event. The fundamental value and order books do not change.
c○ Each validator accumulates transactions and steps a○ and b○ are re-

peated until the validators can order transactions and output a block
according to the underlying blockchain protocol.

d○ CLOB . After outputting a block, the validators running the exchange
execute the transactions sequentially in the proposed order.
FBA. Depending on the auction frequency, after outputting one or multi-
ple blocks, the validators execute the transactions by clearing the market
with a uniform price double auction: (1) the validators first gather the
orders in the current batch and all previous outstanding orders; (2) they
aggregate the bids and asks; (3) if there are intersections, the market
clears where supply meets demand, at a uniform price. When there are
conflicting ties, priority fees lift the execution order of transactions, and
further ties are broken uniformly at random. Unmatched orders that are
not canceled enter into the next trading game as outstanding orders.
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3.2 MPE under CLOB

As described before, we aim to solve for the markup of LPs. It is contingent on
the profits from satisfying investors’ orders and the costs of defending against
adverse selection. We denote the expected fundamental value of asset X condi-
tioned on history and a new sell or buy order respectively as E[VtjHt; buy] and
E[VtjHt; sell]. For clarity, without loss of generality, we let each level of the book
be one unit order. Let Q be the maximum number of units investors need and pj
be the probability of an investor transacting j units (j = 1; : : : ; Q). We state the
results for the quotes on the limit order book (LOB) under CLOB as follows.

Theorem 1. There exists a stationary MPE in trading game G under CLOB
processing. Bid and ask prices at the k-th level of the LOB in equilibrium satisfy

bkt = E[VtjHt; sell] = Pt �
sk
2
; akt = E[VtjHt; buy] = Pt +

sk
2

where sk satisfies

�i

QX
j=k

pj
sk
2
� �pr(1 + p⋆

~gk
~gk(r � 2) + 1

) �Jk � �pb �Jk + (�i + �pr)~gkF = 0

Here, �Jk = P[J > sk
2 ]E[J � sk

2 jJ > sk
2 ], and ~gk is the probability that an arbi-

trageur front-runs traders and investors at the k-th level. In equilibrium, ~gk is
then updated to take the value that maximizes profits from front-running traders
and investors, i.e., �prp⋆ g⃗k

g⃗k(r�2)+1
�Jk� (�i +�pr)~gkF. The expected price impact

of an incoming k-unit order is �k = ~Jk
λpr

λpr+λi
with ~Jk = P[J > sk

2 ]E[J jJ > sk
2 ];

the expected markup from liquidity providers is (�pr + �i)(
sk
2 ��k).

The key to the proof (which resides in Appendix A) is that in equilibrium,
market-making and front-running strategies yield the same profits because arbi-
trageurs can choose strategies freely.
Interpret Theorem 1. The spread s at each level of the order book
consists of (1) profits for market-making and (2) the part to absorb the price
impact � from orders driven by private information. The price impact exists
because arbitrageurs cannot distinguish common trades that do not carry
information (which affects asset fundamental values) from privately informed
trades. The expected welfare loss of investors and traders is contained in the
profits, i.e., (�pr + �i)(

s
2 � �), which we address as markups. They are

affected by the arrival rates of investors (�i), private information (�pr), and
public information (�pb), the front-running probability (~g) and its success
probability (p⋆), priority fees F, jump size, the number of arbitrageurs (r),
and transaction sizes. Below, we discuss how the markup within the spread
is affected intuitively. In §4.3, we show how these formulas are reflected using
real-life data, and in §4.4, we give an example demonstrating this theorem.

What affects the markups under CLOB. From the theorem, overall, the
markup from LPs in equilibrium increases with the jump size, public information
releases, the front-running probability, and its success probability. It decreases
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with private information arrivals, fees, and the number of arbitrageurs. Fix a
speci�c front-running probability ~g, the markup �rst increases as the investor
arrival rate rises and then decreases as it continues to grow. This is because
� i raises market-making pro�ts from common investors. In the meantime, it
also lowers the pro�ts from front-running traders due to increased costs (i.e.,
front-running arbitrageurs attack unpro�table common trades more often). Since
arbitrageurs can choose freely between market-making and front-running, more
arbitrageurs adopt the market-making strategy when market-making is more
pro�table. The competition reduces the markup until equilibrium is reached,
where the pro�ts from both strategies are equal.

3.3 OBE under FBA

Under FBA, we only need to process excessive demand or supply since only those
transactions need to be ful�lled by LPs. We assume the withdrawals and updates
of existing quotes can be completed in time during the batch auction interval.
Let Z I denote the excess demand (demand minus supply) during a batch interval
I . Z I � Q + 1 (Q � 0 is an integer) is bounded. We borrow �Jk and ~Jk from
Theorem 1 and formally state the result for FBA in Theorem 2.

Theorem 2. There exists an OBE in pure strategies in trading gameG under
FBA processing. If jZ I j � Q + 1 , bid and ask quotes in equilibrium satisfy

(
bk

( I ) = PI � � k � M k Z I < 0

ak
( I ) = PI + � k + M k Z I > 0

; k = 1 ; : : : ; Q + 1

where � k = ~Jk
� pr

� pr + � i
is the expected price impact from informed traders,M k =

P Q
u= k � u

Q u
v= k � v for k = 1 ; : : : ; Q, and M Q+1 = 0 are the markups from LPs,

� k = qk +1

qk + qk +1
and qk = P[Z I = kj jZ I j � Q + 1] . The expected markup per unit

time is 2
I

P Q
k=1 kqk M k .

The proof utilizes induction on k. Intuitively, �rst, the ask quote for the
(Q+1) -th level LOB has 0 markup as otherwise, another arbitrageur can improve
on it to settle the (Q + 1) -th transaction. This means that the last quote re�ects
only the price impact. In the induction process, given the(k + 1) -th quote (k �
Q), we can determine thek-th markup by considering safe price improvements
or other deviations in di�erent cases of Z I , which can take values fromk (with
probability qk ), k + 1 (with probability qk+1 ), to Q + 1 (with probability qQ+1 ),
and di�erent cases of an LP, who may already own a lower-level quote, an upper-
level quote, or no existing quote. The full proof can be found in Appendix A.

Interpret Theorem 2. Same as before, the spread consists of the markup
and the cushion for absorbing the price impact from adverse selection. The
expected markup or welfare loss is in�uenced by the arrival rates of investors
(� i ), privately informed traders ( � pr ), the jump size, and the excessive de-
mand. Again, we discuss these relationships below, show real-world data-based
analysis in Ÿ4.3, and give an example in Ÿ4.4.
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What a�ects the markups under FBA. Overall, the welfare loss in equi-
librium increases with the jump size, private information releases, and excessive
demand, and decreases with investor arrivals. First, when the jump size or pri-
vate information arrival rates are larger or the investor arrival rates are smaller,
the adverse selection is more severe, and the expected price impact rises. This
in turn results in higher markups. Second, when there is more excessive demand
(or supply), then the markups on the ask (or bid) quotes grow to incorporate
more levels of price impacts on the LOB.

4 Welfare loss and liquidity provision

We compare the welfare loss and liquidity provision under CLOB and FBA in
equilibrium in Ÿ4.1 and Ÿ4.2, give an empirical analysis with real world data in
Ÿ4.3, and show an example with small parameters in Ÿ4.4.

4.1 Welfare loss

This section compares FBA and CLOB under special cases and general condi-
tions and ends with the main takeaways.
Special cases. When there are no privately informed traders (� pr = 0 ) but
there exists public information (� pb > 0), FBA is strictly better than CLOB
because the markup in FBA becomes zero while the markup in CLOB is still
positive. As depicted in Fig. 1 and 3, FBA always su�ers less welfare loss when
� pr = 0 . When there is no public information (� pb = 0 ) but there exists private
information ( � pr > 0), FBA has positive markups that increase with � pr . For
CLOB, the markups tend to zero for small � pr but remain positive and also
increase with � pr otherwise. This is also portrayed in Fig. 1 where the markups
for both processing models approach zero.
General comparison. The parameters a�ecting markups in both models are
� i ; � pr ; � pb. We examine how they a�ect the markup di�erences in CLOB and
FBA in four di�erent settings (a)-(d). In setting (a), we pick the bad case for
the remaining e�ective parameters for both CLOB and FBA. This means a high
front-running success probability, small priority fees for CLOB, and high exces-
sive demand for FBA. Parameters in settings (b)-(d) are set similarly to re�ect
the combinations of good- and bad-case scenarios for the two models. Addition-
ally, in FBA, the excess demandZ I follows a truncated Skellam distribution as
the arrival rates of investors and traders follow the compound Poisson jump pro-
cess. Therefore, when computing the markup di�erences, we consider the upper
bound for the markup in FBA. This means that FBA can perform strictly better
than the predictions.

Public versus private information. Overall, as shown in Fig. 1, more public
information renders FBA appealing since markups in CLOB increase due to
front-running. As a result, FBA performs better when � pb is high compared to
� pr . More private information gives CLOB an advantage by increasing the spread
in CLOB. As for the state of the market, if it is one-sided and there is a large
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(a) Bad case for both CLOB and FBA. (b) Bad case for CLOB and good case for FBA.

(c) Good case for CLOB and bad case for FBA. (d) Good case for both CLOB and FBA.

Fig. 1: The markup di�erence between CLOB and FBA with respect to public and
private information arrivals. Positive regions are where FBA has fewer markups, i.e.,
less welfare loss. The investor arrival rate � i is set to 5000. Increasing (decreasing) � i

pushes the surface up (down).

(a) Bad case for both CLOB and FBA. (b) Bad case for CLOB and good case for FBA.

(c) Good case for CLOB and bad case for FBA. (d) Good case for both CLOB and FBA.

Fig. 2: The markup di�erence between CLOB and FBA with respect to public infor-
mation and investor arrivals. The private information arrival rate � pr is set to be 5000.
Increasing (decreasing) � pb pushes the surface down (up).
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(a) Bad case for both CLOB and FBA. (b) Bad case for CLOB and good case for FBA.

(c) Good case for CLOB and bad case for FBA. (d) Good case for both CLOB and FBA.

Fig. 3: The markup di�erence between CLOB and FBA with respect to private infor-
mation and investor arrivals. The public information arrival rate � pb is set to be 5000.
Increasing (decreasing) � pb pushes the surface up (down).

excessive demand, CLOB outperforms FBA and FBA realizes lower welfare loss
only when � pr is small. When the market is balanced and submitted orders are
mostly settled among themselves, FBA has lower welfare loss when� pb surpasses
� pr by a smaller amount. This can also be observed in Fig. 2 and 3: in the good
cases for FBA where the market is more balanced, FBA outperforms CLOB in
the majority of the parameter regions.

Investor arrivals versus public information. We know from Theorem 2 that
the markups for FBA do not depend on public information while markups under
CLOB increase with � pb. As a result, FBA performs better in terms of welfare
as � pb increases, which is also evident in Fig. 2. Investor arrivals have a mixed
e�ect. FBA experiences a smaller price impact as� i grows larger, diminishing
its markup. CLOB also faces a smaller price impact. And larger� i decreases the
pro�ts from front-running and more arbitrageurs compete as LPs, reducing the
markups. Overall, FBA realizes better social welfare if su�ciently many market
participants are price takers or are publicly informed.

Investor arrivals versus private information. As described in Ÿ3.3, FBA's wel-
fare loss decreases with the investor arrival rate and increases with private in-
formation. CLOB's induced welfare loss decreases with� pr and also eventually
decreases with� i . As shown in Figure 3, in the bad case for FBA, its markups
are ampli�ed by the excessive demand and only larger� i absorbs this e�ect. In
the good case for FBA, its markups are already small even when� i is minute.
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