Investigating Incentive-Compatible AMMs
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PREDICTION MARKETS SIMULATING A BINARY PREDICTION MARKET AUGUR
e Prediction markets: financial markets where participants can To investigate the characteristics of LS-LMSR AMM applied fo a binary prediction Augur is a decentralized prediction market platform that is
trade securities corresponding to outcomes of certain events. market compared to those of an LMSR AMM, we conducted a simulation-based built on Ethereum. Users can create their own prediction
e DeFi motivation: unlike traditional markets, where one study in Python. Each simulation proceeds with the following steps: markets by leveraging Augur’s smart contracts. This not only
centralized party controls the pricing, decentralized markets e allows anyone to participate in prediction markets, but also
allow market participants to collectively price assets based on Probabilities Simulate allows anyone fo create a prediction market of their choosing.
their beliefs. In markets created with Augur, the underlying AMM is
e We focus on binary prediction markets, where exactly one of n Ra"ndomlczje an:"genera’re Traders Prlrcee(il : Drlawlan o}:l’rcome and ; powered by LS-LMSR.
initial possible events will be realized (one security pays out). a “ground truf seque,n’rla y, and eac caicl a’re,’r e payouts an GNOSIS
probability that represents trader’s belief is updated the AMM's revenue.
SCORING RULES: the true probability of based on the current Determine the accuracy Gnosis is a prediction market platform also built on Ethereum.
o Scor: | | J4; dict et 1 O b ow t some binary outcome. market perception (both  of the market by Gnosis offers smart contracts for two different AMMs: one of
COTING TUies are Used in prediction markets 1o quantity NOWHIo | Draw the initial trader LMSR and LS-LMSR). interpreting the final which is powered by LMSR. Similar to Augur, users can
reward participants for the accuracy of their bets. beliefs from a distribution  Traders play truthfully, market prices as leverage the smart contracts based on these ' otocols to create
e To elicit the best information, scoring rules should be designed |  around this ground truth  buying shares of an probabilities and . o Jict et P
to reward participants for honest predictions. A scoring rule is with some level of noise.  outcome until the price  comparing them to the eir own prediction markeis.
strictly proper (or incentive compatible) if it is optimal for exceeds their belief. ground truth. ZEITGEIST (RIKKIDO)
betters to report their values truthfully. The Rikkido scoring rule aims to fix a flaw common to both
EXPERlMENTAL CONPlTlONS . . . LMSR and LS-LMSR: they both require some variable
AUTOMATED MARKET MAKERS (AMMs) o We c.le3|gneo| a “Noisy Inforrr!a’rlon. Marke’r,. modeling ea.ch trader’s beliefs as varameter that needs fo be tuned by the market maker. Market
® |In generall any financial markef may Suffer from a |ack Of d Welgh’red daverage Of (1) prlva’re mforma’rlon drawn unlform|y from an makers WhO use lekldO can |everage ThIS ab|||’ry to qUICkly and
liquidity. interval around ’rhe. grc?und ’rru’rh. and (2) an averag.e of prévious. market beliefs. casily set up multiple markes.
e Solution: to COITHI‘]UOUS'Y price assets, some markets Ieyerage We upda’re the Welgh’rlng over time so traders are |ncreasmg|y influencec by
Automated Market Makers (AMMs), which use specific market perception as time goes on, representing a converging market belief. k
algorifhms to fa”'ly updafe asset prices. e We varied a for the LS-LMSR AMM and number of traders to inves’riga’re the Fu.l.u re Wor
e |In AMMs buyers/se”ers can always interact Wlfh an asset. impaC'l' Of These paramefers on The differen'l' AMMs performance and accuracy. — - -
/ e Implement and compare the characteristics of Zeitgeist's
- Rikkido Scoring Rule with LMSR and LS-LMSR.
Prel IMI nary Resu I'l's e Explore the on-chain implementation of these AMMs (LMSR,
LS-LMSR, and Rikkido) via smart contracts.
For a set X of outcomes, a scoring rule is a function S(x,7) € R Figure 1 . ® Explore a parameter variation for LS-LMSR and the liquidity
where 1 € X is the outcome, X is a probability distribution over X. ofket acculaey NS UM adals (g~ 009, 8:0.0 02 F.Ig' 1 demonstrates that parameter b for LMSR, which could provide insights into the
L0 5 LmsR final market accuracy it of AMMS' tors to different ’r
o Strictly proper if for a bettor’s true belief p, g 5 LS-LMSR ‘..‘.“.‘...,..’ 38 improves when more Sinf' IVITy O S parameiers 1o difrerent parameter
p = max,; E; p[S(x,1)] € 095 Wi "f traders participate (though CNOICES. . o
e One of the most widely-used strictly proper rules is the logarithmic g /',' with decreasing marginal ® Inject realworld data from binary prediction markets fo
market scoring rule (LMSR): S(x. 1) — log x, Soso{ T improvement), aligning complement our simulation-based approach and provide
d ' 1) = 108 X g ../ " with our model design empirical evidence on AMM'’s performance in real-world
Framinq in ferms Of AMMS %_0.85- T goal Of Trader pl’edICTIOH environmen‘l'S.
= ) ¥ jj : improving as more traders
e Scoring rules can be implemented in practice through AMMs, ,_z 0sol $ make bets and thus
e Market state: a quantity vector q, with elements g, representing . provide information via the Discussion
shares for the jth outcome that traders can buy or sell at prices s ! B = = a = market to future traders.
Number of traders
pj(q).' . ; e As the number of traders participating in the market
e Key idea: for correcily set prices, the trader faces the same Fig 2 illustrates th Figure 2 . . o .
incentives with the AMM as the desired MSR (e.g. see [2], T5.7). Tr;goieoi:f :rjhsa:aeiiss’rs Toe’rween Expected revenue vs. price accuracy (N=10 traders in noise model) Llncreases, ’mefmafrke’r acctracy |mprovesh— allghnmgdwﬂh our
| 0- =i esigh goal of information aggregation through trader
A LMSR AMM has p(q) = VC(a)for C(q) = blog(S;e%/?). price accuracy and M i 1.9. 91. J97e9 .
e This AMM is expected to run at a loss if final market values are revenue (accuracy -5 1 participation.
(o - his marginal improvement decreases as the number of
more accurate than the initial (viewed as the “price of decreases as revenue § =ip o . o T . . . .
information”). increases) and shows that : e “Se traders increases, suggesting that there is an optimal
S _15 - ®e . . ..
LS-LMSR is more profitable : % ,'°‘ ': . number of traders to achieve the best accuracy in prediction
: : T ®
Desirable AMM properties: in practice than LMSR but § % ¢ o 0’..'{.,. markets.
P10 . . S °® i .
1. Path independence (Pl): transaction cost depends only on endpoin y||e|o|s worse a.ccur?:mes, as " 25 ‘el :.’. .o'o.:. . e There is a clear tradeoff between price accuracy and
states, not pa’rh (minitransactions) in between = no “money a.so seen in Fig. 1 for — * o Co .. revenue, and LS-LMSR seems to be more profi’rable but less
' different numbers of o LMSR ot S
pump.” (1) raders o s . accurate than LMSR.
2. Translation invariance (TI): 32;p;(q) = 1. Then | 080 085 Priceagi‘:acy 035 100 e This tradeoff suggests that revenue-maximizing strategies
. :Ypi(q) = 1. . .
orice can be inferpreted as a probability of an outcome. Figure 3 have implications for prediction market outcomes, and
3. Liquidity sensitivity (LS): if price elasficity adjusts based b accuracy-yssa i i fors: £ E5) Fig. 3 shows accuracy for further investigation into the tradeoff between accuracy and
- H4 (et volume/acti ’r Fp e LS if (J k) % p(q) 1.00 - both AMMs across a, where revenue in AMMs is warranted.
on market volume/activity. Formally: LS i S ,
Y y P9 P4 ‘-‘ moglels were compar.ed bY. e As the a parameter increases, LS-LMSR accuracy tends to
Key result (Othman et. al “13): impossible for an AMM to have all 3 go.gs- sefting a correspondlng b in decrease Signiﬂcanﬂy, possibly due to a h|gher o (fhus
properﬂes! § LMSR 1'0 eaCh A Of LS'LMSR . . . . . .
c Hth / higher prices) deterring trader participation and thus
Mathematical facts: any AMM with p(q) = VC(q) for some cost function g 090+ such that worst-case loss was L L e L1
. . . o 3 | LMSR st reducing information in the market. This highlights the
C(q) is necessarily path independent. LMSR AMM satisfies (1)+(2), not 5 equal. stays near . ,
(3) g . perfect throughout while sensitivity of LS-LMSR’s performance to the a parameter.
' £ LS-LMSR accuracy drops
& significantly as a increases
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Fig. 4 shows final expected
According to their theoretical analysis, the LS-LMSR AMM offers revenue for LMSR and Expectad revenuays:a (N=20 traders; k:0.6+0.2) [1] Othman, Abraham, et al. "A Practical Liquidity-Sensitive Automated
benefits both as a more realistic model that responds to liquidity LS-LMSR across a. i &Trﬁetn'\galéer'se’s:: /;qugn;(:ocnfgzoggf.onom'cs and Computation,
changes and also in terms of revenue: while LMSR generally runs at Interestingly, we see no ~20 1 WW hﬁp:/l/dx.do,i.org/'lo.]1415/2509413.2509414_
an expected loss, the LS-LMSR AMM loss can always be made Slﬁqlflcar}:t trend acl:I’OSS o % A0 [2] Roughgarden, Tim. "CS269I: Incentives in Computer Science Lecture
arbitrarily small and can expect a profit under certain final states of while Othman et al. suggest . e #18: Prediction Markets.” November 30, 2016. Available at
the market revenue for the LS-LMSR £ —— LMSR http://timroughgarden.org/f16/1/117.pdf.
. . 5 ~$— LS_LMSR
mOdeI ShOU|d in theory g 50 [3] De Pablo, Numa. "Introducing Zeitgeist's 'Rikiddo Scoring Rule".”
Our project goal: compare this proposed LS-LMSR AMM with an mcreas.e with q, ’rhey note 3 _io0 Ze!'fge{'sf, 1':|3(°J(:|J£e 202.1, hﬁFl)s://bIog.zei’rgeis’r.pm/in’rroducing-
LMSR AMM in practice, by simulating a binary prediction market. resulo’rs In practice rFay k;]e | zeitgeisisrikiddo-scoring-rule/
This analysis will provide a baseline for benefits and drawbacks of ambiguous, as We ind here, [4] Lilieqist, lvan. "DeFi Deep Dive — What are Decentralized Prediction
. . . _ . . . due to competing ~140 - | | | | | Markets?" Moralis, 13 January 2021, https://academy.moralis.io/blog
using such AMMs in practice, particularly in the setting of DeFi.  fluences 0.05 0.10 015 0.20 0.25 /defi-deep-dive-what-are-decentralized-prediction-markets#
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