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Abstract: This paper models the impact of statistical arbitrageurs on stock prices and trading volume when the drift of the dividend process is unknown to the hedge fund. The learning process of statistical arbitrageurs leads to an optimal trading strategy that can be upwardsloping in prices. The presence of privatly informed investors makes the equilibrium price dependent the history of trading volume and prices, and the optimal trading strategy of statistical arbitrageurs can be a positive feedback strategy for certain parameters and histories.
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Introduction



1.1



Motivation



Statistical arbitrageurs employ a variety of investment strategies to take advantage of mispriced assets. The common feature of these strategies is that temporary deviations of prices from their fundamental value are exploited. The principal diﬃculty is to distinguish permanent movements in prices due to fundamental changes from temporary fluctuations in prices due to supply and demand disturbances. In this paper, the inference problem of statistical arbitrageurs is modeled explicitly in the context of the stock market. The arbitrageurs trade against two classes of investors: noise traders and fundamental traders. The noise traders are causing deviations of prices from their fundamental value that the statistical arbitrageurs exploit. The fundamental traders obtain private information about the drift rate of the dividend. This set-up is realistic for small stocks, where information gathering is costly, and information asymmetries are likely to be large. The set-up can also be used to analyze the conditions under which statistical arbitrageurs will find it profitable to acquire fundamental information, as opposed to Statistical arbitrageurs are assumed to be rational, risk neutral and have a long-term investment horizon. They condition their trading strategies on all publicly available information, which is the history of dividends, trading volume and prices. In order to assess the fundamental value of an asset, the arbitrageur needs to estimate a model, i.e. needs to learn from past observations of publicly observable data. This model guides the hedge fund in distinguidshing price changes of an asset due to fundamentals or demand and supply disturbances. Arbitrageurs are faced with nonstandard (i.e. not normally distributed) uncertainty about the underlying economic environment. The informed investors learn the true drift of the dividend that can take two values. In order to take advantage of the mispricing induced by the noise traders, the statistical arbitrageurs must assess to what extent the current price reflects the demands form the noise traders or the informed investors. The presence of uncertainty about the drift rate of dividends makes the inference problem of the arbitrageurs nonlinear. As prices move, arbitrageurs update their belief both about the next realization of dividends, and the true drift rate. Holding the belief about the growth rate fixed yields a linear pricing schedule. However, in certain ranges of prices, the hedge fund will strongly revise beliefs about the growth rate of dividends. This leads to an amplification of new information in a certain range of prices. Arbitrageurs face a trade-oﬀ between an inference and an arbitrage eﬀect1 . As prices go up, the arbitrageurs have an incentive to sell the asset, as it becomes more expensive given a belief about the growth rate of dividends. However, a higher price also makes it more likely that the true expected payoﬀ is high, 1 The



term arbitrage is used in a loose sense, denoting risky arbitrage opportunities.
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which leads to a strong updating. This is the inference eﬀect, which makes the hedge fund’s trades upwardsloping in the price of the risky for a certain range of parameters and prices. The information structure is similar to the model of Wang (1993), where the drift of the dividend process is changing according to a mean reverting process. In the model presented here, the drift is constant, but can take only two values, which leads to a nonlinear pricing function. Intuitively, the trading strategy of the arbitrageurs is upwardsloping for the following reasons. As prices increase, statistical arbitrageurs infer that the fundamentals must be better than previously thaught and increase their asset holdings. In other regions of the price, a drop in the price represents a buy opportunity for statistical arbitrageurs. The arrival of new fundamental information has diﬀerent impacts on the fund’s trading strategy depending on the level of prices. In the range of prices where the arbitrage eﬀect dominates the inference eﬀect, the statistical arbitrageurs learns a lot about the relative likelihood of the high or the low state, which makes the price move drastically. Small disturbances due to noise or fundamental information makes prices move very strongly in these ranges. When prices are very low or very high, not much is learned from new information, and the price reacts very little to either noise or news. The absence of a simple relationship between the arrival of information and movements in prices has lead many to question the relevance of informational sources for movements in asset prices. Instead, it is often argued that noise traders or irrational speculators are causing movements without news and are mitigating the impact of new information. In the framework presented here, the stochastic structure leads to a nonlinear relationship between new information and prices that has such pricing behavior as a consequence. Little fundamental news moves prices dramatically at times, whereas big pieces of news have little impact on prices at other times. Such nonlinearities are very important for empirical work. Boudoukh et al. (2001) find that a nonlinear regression can explain much of the variation on OJ future prices uncovered by Roll (1984). In the remainder of the paper, both a static and a dynamic version of the model is analyzed. The static version in section 2 is very simple to solve. The static version gives, however, no insight as to the impact of the learning of statistical arbitrageurs on the autocorrelations of prices and trading positions. The dynamic model is developed. In section 3.



1.2



Outline:



Section 2: The static model Sequential trade equilibrium and rational expectations equilibrium. Section 3: Continuous Time 1 Appendix I: Proofs
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1.3



Related Literature



The share of assets under management of statistical arbitrageurs has increased dramatically over the past ten years. At the same time, the academic community as well as institutional investors and policymakers have become more and more aware of the limits to arbitrage. The near collapse of LTCM in 1998 has prompted extensive research into the impact of statistical arbitrageurs on equilibrium asset prices. Many of these recent papers focus on the importance of margin constraints and other imperfections in order to understand the limitations to the arbitrage activities conducted by statistical arbitrageurs. This paper takes a diﬀerent approach. The focus is not the constrains that are imposed on statistical arbitrageurs, but rather the importance of learning. In the model, none of the traders are constraint. D



E



Incomplete
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The Static Model



This section analyzes the simple static model. It is a useful benchmark for the dynamic model that is developed in the next section. Many of the comparative statics of the one period model are directly inherited by the dynamic model. However, the static model also has limitations, in particular, nothing can be infered about the autocorrelations of prices and trading strategies. The static model is solved as sequential equilibrium, where the informed agents submit their demand schedule first. After observing the net demand total demand less the supply of the informed - the uninformed statistical arbitrageurs conduct their inference and submit their demand. Finally, the price clears the market. This sequential equilibrium is demonstrted to be equivalent to a REE, where informed and uninformed submit their demand schedules simultanuously.



2.1



The Informed Investor’s Demand



Among a total of N agents, there are N I informed investors and N A uninformed statistical arbitrageurs. This section is concerned with the derivation of the optimization and inference problem for the informed investors. Informed agents know the true mean µ of the distribution of dividends D, which are normal conditional on µ: ¡ ¢ D|µ ∼ N µ, σ 2D The only asset beside the stock is cash that is not interest bearing. The informed investors maximize expected utility: maxE[U (wI )|µ] yI



st. w



I



= w0 + y I (D − p)



where the utility for the informed agents is assumed to be exponential with CARA α. The FOC for maximization is then: E[U 0 (wI )(D − p)|µ] = 0 This gives the demand of the informed investors: yI =



µ−p ασ 2D



The total supply of the asset is assumed to be S+u ¡ ¢ u ∼ N 0, σ 2u 5



(1)



The net demand of the informed agents denoted yˆI (p, x) is linear in p and a newly defined variable x: yˆI



= N I yI − S − u NI = (x − p) − S ασ2D



(2)



≡ yˆI (p, x) where the variable x is defined as: x=µ−



ασ2D u NI



The distribution of x conditional on µ is then:



where σ2x ≡



2.2



³



ασ 2D NI



´2



x|µ ∼ N (µ, σ 2x ) σ2u .



The Arbitrageur’s Inference



The statistical arbitrageurs observe the net demand of the informed yˆI (p, x). They submit a demand schedule that is a function of price and x. Recall from the previous section that dividend D is distributed normally conditional on the mean µ. The uninformed have the following prior beliefs about the distribution of µ: Pr (µ = 0) = 1 − π0 ¡ ¢ Pr µ = D = π0



The uninformed believe that the dividend is distributed either with a high µ = D or a low mean µ = 0. The distributional assumption that there are only two states for µ is not critical for the arguments that are developed in the remaining paper. In the static model, it is straightforward to extend the results to cases when µ is either exponentially or uniformly distributed. The assumption that there are only 2 states makes the dynamic model much more tractable. All uninformed investors are identical. They are endowed with initial wealth w0 and have the choice of investing their wealth in two assets: money and a risky asset. There are no borrowing constraints. Uninformed investors maximize the following program: £ ¤ maxE wA |ˆ y I (p, x) yA



st. wA



= w0 + y A (D − p) 6



Due to the risk neutrality of the uninformed statistical arbitrageurs the demand schedule is the following: ¯  +∞ if p < E[D|ˆ y I (p, x)] ¯¯  = ∈ (−∞, +∞) if p = E[D|ˆ y I (p, x)] ¯¯ y A (p, x) (4)  = −∞ if p > E[D|ˆ y I (p, x)] ¯



Because of the linearity of yˆI (x, p), the uninformed statistical arbitrageurs can infer x for any price p. To solve for their demand schedule, the statistical arbitrageurs therefore only need to compute E [D|x]. By the law of iterated expectations: X E[D|x] = E[D|x, µ] Pr[µ|x] (5) µ∈{0,D}



There are two elements to the expectation. The first is the expected dividend conditional on x and a particular state µ. The second is the probability distribution of µ conditional on x. Much of the economic intuition of the model will be driven by this second factor. The inference problem of the statistical arbitrageurs can be interpreted as consisting of a standard, linear inference problem holding fix the state of the world µ. The net demand of the infromed leads the hedge fund to additionally update their belief about the true state, which is the expressed by the change in the probability distribution of µ|x. As the uninformed investors observe a movements in x, they will update their assessment as to what the relative likelihood of being in the high dividend state is. The distribution of µ conditional on x can be computed using Bayes rule: f [x|µ] Pr[µ] µ) Pr[e µ] µ e ∈{0,D} f (x|e



Pr[µ|x] = P



Replacing for the conditional densities of being in the high versus the low state: π(x) ≡ Pr[µ = D|p] π0 φ (x) = 1 − π0 + π0 φ (x) ¤ £ φ (x) = exp Dσ −2 x (x − D/2)



(6)



Note that the likelihood ratio φ (x) is simply the Radon-Nikodym derivative that makes the distribution of x|µ = D equivalent to the distribution of x|µ = 0. The statistical arbitrageurs use the net demand schedule to infer x and in turn to update their best guess of the likelihood of the high dividend state. The likelihood that higher mean dividend will occur is clearly an increasing function of the price x and the prior distribution over the two states, π0 . Figure 1 displays the typical shape of the distribution of π(x).
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Figure 1: The shape of π(x) The figure is drawn with equal weighted prior (π 0 = .5) and a high-dividend mean of D = 10. The solid line corresponds to a case of a low variance of x, and the dotted line to a relatively higher variance of x. Higher variance of the x makes the inference about the mean µ more diﬃcult, so that the curve is flatter around the unconditional mean (which is 5 in this example). What matters for the slope of the curve is the variance of the signal and not the signal to noise ratio. A lower variance of the dividend enhances the precision of the inference about the true mean of the distribution. Using the results derived thus far allows us to compute the expected value of the dividend conditional on p: E[D|x] = Dπ(x) The demand schedule for the risky asset therefore:  +∞  = ∈ (−∞, +∞) y A (p, x) =  = −∞
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(7)



by the uninformed investors is if p < Dπ(x) if p = Dπ(x) if p > Dπ(x)



¯ ¯ ¯ ¯ ¯ ¯



(8)



2.3



General Equilibrium



Definition¡ 1 A Sequential Trade Equilibrium (STE) is a price p and an allo¢ cation y = y I , y A such that:



1. Informed investors maximize expected utility conditional on their observation of µ and submit a demand schedule y I (µ, p)



2. Statistical arbitrageurs maximize expected utility having observed the net demand yˆI (x, p) and submit a demand schedule y A (x, p) 3. Markets clear The general equilibrium occurs when the demand of the statistical arbitrageurs plus the net demand of the informed investors equal 0: yˆI (x, p) + N A y A (x, p) = 0



This equation determines the net trades of the statistical arbitrageurs. From the demand schedule of the statistical arbitrageurs, the equilibrium price can be determined: p = Dπ(x) (9)



The Figure 2 is a graphical representation of the equilibrium price as a function of x.2 The price function reflects the quasi-linearity that the learning of the statistical arbitrageurs imposes. For very low and very high levels of x, the price is approximately a linear function of x. In an intermediate range, the price is very sensitive to x. This steep part of the pricing function occurs when x is around 10. This range of the pricing function corresponds to an area where movements in the fundamental s or the noise u are amplified. A small demand shock by the noise traders leads to strong updating by the statistical arbitrageurs. 2 All



the figures are drawn for the following parameter values:



σD = 1,σu = 1 α = 1, D = 10, µ = 10 N = 10, δ = .1 S = 0, u = 0 π0 = .5
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Figure 2: Equilibrium price In figure 3, the equilibrium asset holdings of the uninformed statistical arbitrageurs are plotted against x. Whereas the demand schedule is a downwardsloping function of x when x is small, it turns upwardsloping once x is approaching a value of 10. This is when the ”inference eﬀect” starts to dominate the ”arbitrage eﬀect”: even though prices move up sharply around x = 10 - as can be seen in figure 2 - the asset holdings of the uninformed is increasing.
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Figure 3: Hedge Fund’s Asset Holdings From the market clearing condition, the equilibrium asset holdings of the statistical arbitrageurs can be derived: y A (x, p) = S/N A −



¢ N I /N A ¡ x − Dπ(x) ασ2D



(10)



The uninformed have a downwardsloping asset holdings in terms of price, except in the range where the inference eﬀect dominates the price eﬀect. 10



8 Position of Hedge Funds H y (p)
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Figure 1: Figure 4: Asset Holdings as Function of Price Figure 4 shows very clearly the trade-oﬀ that the statistical arbitrageurs face. For relatively low prices, an increase in the price makes the asset relatively cheap, which is the arbitrage eﬀect. statistical arbitrageurs take advantage of the fact ¯ is that in a low range of prices, it is very unlikely that the high state µ = D true, and the optimal investment strategy is mainly determined by the relative variances of noise traders and the dividend. The lower the variance of the noise traders relative to the variance of the dividend, the more downwardsloping is the demand as a function of price. However, in an intermediate range of prices, the inference eﬀect dominates the arbitrage eﬀect. As prices increase for a level of prices around 5, higher prices lead the statistical arbitrageurs to infer that the high state µ is more likely, wich makes them increase their position in the risky asset. ¯ for the response Finally, figure 5 demonstrates the role of diﬀerent levels of D of the price to a noise trader shock. In the example, the solid line corresponds ¯ = 10, and the dotted line corresponds to D ¯ = 10.2. For a noise shock of to D 0, the diﬀerence in the high dividend state is amplified: a mean dividend that is higher by .2 in the good state leads to a price that is 1 higher. This reflects the fact that in this range, very strong learning is taking place. The slope of the high expected payoﬀ state (the dotted line) is steeper than the slope of the lower expected payoﬀ state. The price reacts the more strongly, the higher the mean dividend. However, for very large shocks, the diﬀerence between the two lines narrows, and approaches .2. This reflects the fact that large shocks are ¯ = 10 mistaken as a very bad signal, and the π approaches 1 in both cases D ¯ and D = 10.2.
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Figure 5: Response of Price to Noise Shock The following proposition summarizes the results obtained so far: Proposition 2 The unique STE has price: p = Dπ (x) with π(x) as defined in 6 and x defined as in ?? The position in the risky asset by the statistical arbitrageurs at the equilibrium are: y A (p (x)) = S/N A −



¢ N I /N A ¡ x − Dπ(x) 2 ασ D



where the constants are the same as in 10



2.3.1



Comparison to REE



¡ ¢ Definition 3 A REE is a price p and an allocation y = y I , y A such that:



1. informed investors maximize utility conditional on (µ, p) and submit demand schedules y I (p, µ)



2. uninformed statistical arbitrageurs maximize utility conditional (p)and submit demand schedules y A (p) 3. markets clear



Proposition 4 The STE is a REE.
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2.3.2



Conditions for upwardsloping equilibrium asset holdings



Conditions for upwardsloping asset holdings of the uninformed can also be derived more formally: Proposition 5 dy A /dp > 0 in some range iﬀ 2



D > (1 + (1 − π 0 ) /π 0 )2 α2 σ 4D σ 2u /(N δ)2



(11)



The proof of the proposition is in appendix I. When the uninformed agents observe prices, they use them for two reasons. On the one hand, the day traders want to invest when assets are relatively cheap. This is the ”price eﬀect”. On the other hand, statistical arbitrageurs infer from higher prices that the dividend state is more likely. This is the ”inference eﬀect”. Which one of the two eﬀects dominates depends on the level of prices. When the price is close to the unconditional average π0 D, the inference is the strongest, and given a low enough coeﬃcient of risk aversion, the demand of the uninformed is upwardsloping around that region.
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3



The Continuous Time Infinite Horizon Model



The static model of the previous section delivered many results and intuitions that carry over to the dynamic model. The stochastic structure of the infinite horizon model presented here has the same structure as the static model. Dividends are paid out continuously. The informational advantage that the informed agents possess is the knowledge of the drift of the dividend process, that can be either high or low.



3.1



The Set-up



The economy has finite horizon t ∈ [0, ∞]. There is one risky asset with price P , and a riskless bond with Price B with continuous return r. The risky asset pays out dividends continuously. The dividend is accumulated according to the following process: dDt D0



= µdt + σ D dZD = 0



(12)



where Z is a Wiener Process. The informed investor learn µ at time 0, which ¯ The uninformed statistical arbitrageurs can take two possible values: 0 and D. do not know µ. They have the following priors over the distribution of µ : Pr [µ = 0 at t = 0] = 1 − π0 £ ¤ Pr µ = D at t = 0 = π 0



(13)



zIt = {Dτ , Pτ , µ, yτ : τ 6 t}



(14)



There are N I informed investors, N A statistical arbitrageurs, and N U noise traders in the economy. The information set of the informed investors is:



where yτ is the vector of demands of the informed and uninformed agents. The information set of the uninformed statistical arbitrageurs is: ns zA t = {Dτ , Pτ , yτ : τ 6 t}



(15)



= −θut dt + σ u dZu ∼ N (0, σ u ) independent of Zu



(16)



where yτns is the net demand of the informed agents. The informed investors have exponential utility with coeﬃcient 1. The uninformed are risk neutral. There are no borrowing constraints. The riskless bond has instantanuous return r. The simplest specification of noise traders is that they believe that the true drift of the dividend process evolves according to an Ornstein-Uhlenbeck process with random initial condition: dut u0



where Zu is a Brownian Motion independent of ZD .
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3.2



The Statistical arbitrageurs Filtering and the Equilibrium Price Process



3.2.1



Derivation of the Pricing Function



Assume for now that the observation of the dividend is the only source of information for the Statistical arbitrageurs. The uninformed also observe the demand of the informed, but assume temporarily that no information is revealed from the demand. The price is then given by the following no-arbitrage condition: ·Z ∞ ³ ¸ ´ −r(s−t) A Pt = E Ds ds|zt (17) e t



By the law of total probabilities, the expectation can always be rewritten as: ·Z ∞ ³ ¸ ·Z ∞ ³ ¸ ´ ´ −r(s−t) A ¯ πt E , µ = D +(1 − π ) E D , µ = 0 e−r(s−t) Ds ds|zA e ds|z t s t t t



t



¡ ¢ ¯ A where π t = Pr µ = D|z t . Conditional on µ, the process of D is a standard continuous time random walk with constant coeﬃcients, so that the expectation is readily computed: ·Z ∞ ³ ¸ ´ Dt + µ/r −r(s−t) A E Ds ds|zt , µ = e r t The price is therefore: Pt =



¯ Dt + πt D/r r



(18)



The variables observable to the statistical arbitrageurs are the dividend, price, and demands of the other market participants. It will turn out that in equilibrium, the statistical arbitrageurs can back out level of noise plus the drift from the demand of the other agents, that will be denoted by x: xt



≡ αµ + ut ≡ µ ˜ + ut



where α is a constant that is to be determined. The process that x follows is therefore O-U: dxt x0



= −θxt + σ u dZu = µ ˜ + u0
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(19) (20)



From Küchler and Sørensen (1997), the likelihood function of x0 conditional on µ is: µ ¶¸ · Z t ¢ ¡ θ 2 2 2 2 − (x − µ ˜ ) + (x − µ ˜ ) − θ (x − µ ˜ ) ds + t/σ fx xt |xt , µ = exp t 0 s u 2σ 2u 0 where xt denotes the history of x from 0 to t. The likelihood function of the dividends conditional on µ is simply · ¸ ¢ ¡ 1 1 fD Dt |Dt , µ = p exp − − µ) (21) (D t 2σ 2D t 2πσ 2D t



¯ The Radon-Nikodym derivatives of changing the measures of D from µ = D to µ = 0 is: ¢ ¡ ¸ · ¯ ¯ ¢ fD Dt |Dt , µ = D D ¡ ¯ ψt ≡ (22) = exp 2 Dt − tD/2 fD (Dt |Dt , µ = 0) σD Similarly, the Radon-Nikodym derivatives of changeing the measures of D ¯ to µ = 0 is: from µ = D



φt



¢ ¡ ¢ ¡ ¯ fx x0 |x0 , µ = D ¯ fx xt |xt , µ = D ≡ (23) fx (xt |xt , µ = 0) fx (x0 |x0 , µ = 0) ¶ ¸ · ¯ µ Z t ¯ ¡ ¢ θD D ¯ ¯ − x + θ x ds − θ Dt/2 + − D (24) x x = exp t 0 s 0 σ 2u σ 2u 0



By Bayes rule, the independence of dividends and noise gives a simple formular for π t : φt ψ t πt = (25) φt ψ t + 1/π 0 − 1 Taking time derivatives by application of Ito’s Lemma gives: Ã " ®  2 ® !# dψ 2t dφt dψ t dφt + − πt + dπ t = π t (1 − πt ) 2 ψt φt ψt φ2t



(26)



®  ®  where dφ2t and dψ 2t denote the quadratic variations of φ and ψ respectively. Diﬀerentiating ψ and φ gives the diﬀusion equation for π t ³³ ´ ³ ´´ ¯ −2 µ − π t D ¯ 1 + ˜θ dt + σ D dZD + ˜θdZu (27) dπt = π t (1 − π t ) Dσ D 16



where ˜ θ = θσ D /σu . This diﬀusion can alternatively be obtained by extending Theorem 9.2. of Liptser and Shiryaev (2000) to a set-up with multiple brownian motions. The price process is then: dPt = ηP (π y ) dt + σ P (πt ) dZ



(28)



where ³ ³ ³ ´´´ ¯ 1 + ˜θ ¯ 2 σ −2 µ − πD ηP (π t ) = r−1 µ + r−1 πt (1 − π t ) D D h i ¡ ¢ ¯ 2 σ −2 σ D , r−2 π t (1 − π t ) D ¯ 2 σ −2 ˜θ σP (π t ) = r−1 1 + r−1 π t (1 − π t ) D D D dZ



3.3



0



= [dZD , dZu ]



The Problem of the Informed and the Equilibrium Allocation



The informed investors have to solve the following program to maximize their expected utility: ·Z ∞ ¸ max E e−δt−αct dt 0 ¡ ¢ I I s.t. dW = rW + y (D − rP ) − c dt + y I dP



In order to optimize, the informed investors solve the Bellmann equation. Denoting the value function by J, the optimization problem can be written as: £ ¤ u(cIt ) + E dJ(WtI , Dt , µ, t)|zIt /dt ¡ ¢ subject to dWtI = rW − cI + y I (η¡P + D − rP¢) dt + y I σ P dZ Transversality Condition lim Ee−rt J WtI , Dt , µ, t = 0 max c,y I



t−→∞



(29)



The guess for the value function is: J (W, D, µ, t) = exp (−rt − rW − z(π, D, µ) − ln r)



(30)



Note that P only depends on D and t, which allows the value function to be written in that form.
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Proposition 6 (Optimization) The Bellmann equation associated with the DP problem is: ¡ ¢ 0 1 1 2 00 2 0 = rz − σ −2 (η P + D − rP ) + (η P + D − rP ) σ −2 P σ P π − η π zπ + σ π zππ 2 P 2



The optimal consumption and investment strategies are: η P + D − rP σP π − 2 zπ rσ 2P rσ P c = rW + z



y



=



(31)



The proof of this proposition is in the appendix and involves standard techniques.



3.3.1



Random Walk noise



The investors know µ and observe D. Furthermore, they observe P , and they can compute π, which only depends on D, and not on u in the case θ = 0. In ¯ to µ = 0 simply becomes: this case, the change of measure from µ = D · ¯ ¸ ¢ D ¡ ¯ φt = exp 2 x0 − D (32) σu



Only the realization of x0 is informative due to the random walk nature of the noise.In the case of rendom walk noise, the optimization problem of the previous section simplifies considerably. Proposition 7 With random walk noise, θ = 0, the optimal investment and consumption are: yI cI



¯ µ − πD σπ 0 − r−1 z˜ (π) 2 σD σP π ¡ ¢ 1 ¯ 2 = rW + z˜ + σ −2 D µ − πD 2 =



where z˜ solves the followint ODE:



1 1 ¯ 0 = r˜ z + σ 2π z˜ππ + r−1 σ2π σ−2 D D 2 2 Proposition 8 Without noise traders, the demand is fully revealing µ, and therefore, the only possible equilibrium is P = r−1 D + r−2 µ
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The result that the demand is fully revealing when no noise traders are present should not come as a surprise. As D is observable, and only µ is private information, the demand of the informed agents must reveal µ. The next section introduces noise traders. In the case θ = 0, noise traders demand follows the following process: du = σ u dZu ¡ ¢ u0 ∼ N 0, σ 2u



The aggregate demand of the noise traders and the informed traders is then µ ¯ ¶ ¢ πD ¡ −1 σ π 0 + r z ˜ (π) µN I /σ 2D + u − N I + N N σ 2D σP π The demand therefore reveals xt = ut + µN I /σ 2D



(33)



However, as µ is not changing over time, the statistical arbitrageurs cannot learn anything from µ + u, except at time 0. The presence of noise traders is therefore like a shift in initial beliefs of the statistical arbitrageurs, π 0 , but does not aﬀect the pricing function in any other way. Proposition 9 When noise traders are present and θ = 0, the equilibrium price is: ¡ ¢ ¯ t Pt = r−1 Dt + r−1 Dπ



3.3.2



Analysis of the prices and volume with random walk noise



[To be completed ...]



3.3.3



Myopic informed investors



When the informed investors are myopic, their demand does not have a hedging component. The amount invested in the risky asset is therefore simply the local price of risk divided by the coeﬃcient of risk aversion: y I (π, D) =



η P + Dt − rPt rσP P 19



(34)



The total demand of noise traders plus informed traders can now be written as: ´ ¡ ¢³ ¯ − Dπ ¯ t N I µ + N u u + N I + N u ς t ˜θπD h i r σ D , ς t ˜θ σ 0P



where ς t



≡



¯ 2 σ −2 r−1 π t (1 − π t ) D D ¡ ¢ ¯ 2 σ −2 1 + r−1 π t (1 − π t ) D D



As conjectured for the determination of the pricing function, it is therefore a function of x, so that the conjectured price function is indeed an equilibrium. {discuss multiplicity}. 3.3.4



Analysis history of volume and price behavior



[To be completed ...]
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Appendix: Proofs



Proofs for section 2 The following lemma 10 is needed to derive the REE equilibrium. Lemma 10 Let z, x, y be random variables and h(·) and g(·) functions. g() is continuously diﬀerentiable and weakly increasing. Then E[h(z)|g(x), µ] = E[h(z)|x, µ]



(35)



Proof. Lemma 10: Consider 3 random variables x, y, z and the monotone, diﬀerentiable functions g() and h(). Then: E[h(z)|g(x), y] = E[h(z)|x, y]



(36)



Let’s first consider the distribution f (z|x, y). Per definition of the conditional expectation, we can write: f (z|x, y) =



f (z, x|y) f (x|y)



(37)



Next, given the distribution fu,v|y (u, v|y) with u = z and v = g(x), what is the distribution fz,x|y (z, x|y)? This is a change of measure, and the following formula applies: ¯ du du ¯ ¯ ¯ dz dx ¯ f fz,x|y (z, x|y) = ¯¯ dv (38) u,v|y (z, g(x)|y) dv ¯ dz



dx



= |g 0 (x)| fu,v|y (z, g(x)|y)



Similarly, consider the marginal density fx|y (x|y). Given the distribution fv|y (v|y) with v = g(x), what is the distribution fx|y (z, x|y)? fx|y (x|y) = |g 0 (x)| fv|y (z, g(x)|y) Therefore, we can rewrite: f (z, x|y) f (x|y) |g 0 (x)| fu,v|y (z, g(x)|y) = |g 0 (x)| fv|y (z, g(x)|y) fu,v|y (z, g(x)|y) = fv|y (z, g(x)|y) = f (z|g(x), y)



f (z|x, y) =



21



(40)



Then the statement about the expectation follows immediately: E[h(z)|g(x), y] Z = h(z)f (z|g(x), y)dz Z = h(z)f (z|x, y)dz



(41)



= E[h(z)|x, y]



Proof. Proposition 4 Start by guessing that the equilibrium pricing function is a monoton function of x : p = p(x) The arbitrageurs condition their demand on the observation of p. Applying Lemma 10 shows that X E [D|p (x)] = E [D|p (x) , µ] Pr(µ) µ



=



X



E [D|x, µ] Pr(µ)



µ



= E [D|x] The computation of E [D|x] is the same as in 7, so that the no-arbitrage condition pins down: p = E [D|x] = Dπ(x) The last thing to check is that the demand of the arbitrageurs plus the demand of the noise traders reveals no more information than x. From the optimization of the informed investors, y I (p, µ) = =



E[D|µ] − p ασ 2D i 1 h I β s + (1 − β I )µ − p 2 ασ D|s



exactly as in ??. But then the total demand of the informed investors plus noise traders reveals the same information as the net demand in the STE (see 2). Markets clear, as the asset holdings of the arbitrageurs is undetermined once the price is pinned down at the expected value conditional on their information set, which is x.



Proof. Proposition 5: 22



In equilibrium, the position of the hedge fund depends only on x, so that the price only eﬀects the position of the hedge fund indirectly: dy A ∂y A ∂x = >0 dp ∂x ∂p



(42)



Using Proposition 2 yields ∂y A F δ(σ 2D + σ 2² )σ 2u Bασ 2² σ 2u + Dπ0x (x) =− 2 ∂x (1 − δ) σ D δN 2 (1 − δ) σ 2D ασ 2² σ 2u And, for the price: ∂p = B + F Dπ 0x (x) ∂x So that the condition for an upwardsloping demand becomes: Bασ 2 σ 2



(43)



F δ(σ 2 +σ 2 )σ 2



0 u D ² u − (1−δ)σ²2 δN 2 + (1−δ)σ 2 ασ 2 σ 2 Dπ x (x) dy A ² u D D >0 = dp B + F Dπ0x (x)



Dπ0x (x) >



(44)



σ 2D (σ2D + σ 2² )



What is π 0x ? Recall first: Dπx =



Dπ0x



= D(lD/σ2x ) ³ 1+ = 1+



³



1−π 0 π0



´2



+



1+



1−π 0 π0



1−π0 π0



D exp((lD/σ 2x )(lD/2 − x))



1 ´³ exp((lD/σ 2x )(lD/2 − x)) 1 +



1−π 0 π0



2



lD /σ 2x



1−π 0 π0



exp((lD/σ 2x )(lD/2 − x)) +



1−π 0 π0



´ exp −((lD/σ2x )(lD/2 − x))



exp −((lD/σ 2x )(lD/2 − x))



Where is the slope maximal? The FOC is: π00x = 0 2



π 00x =



2 2 1−π 0 2 0 lD /σ 2x ((lD/σ 2x ) 1−π π 0 exp((lD/σ x )(lD/2 − x)) − (lD/σ x ) π 0 exp −((lD/σ x )(lD/2 − x))) =0 ³ ´2 1−π 0 0 2 )(lD/2 − x)) + 1−π 0 exp −((lD/σ 2 )(lD/2 − x)) 1 + 1−π + exp((lD/σ x x π0 π0 π0



which is equivalent to:



exp((lD/σ 2x )(lD/2 − x)) = exp −((lD/σ 2x )(lD/2 − x))) 23



lD/2 = x Replacing into the condition: 2



Dπ 0x |s−Cu=D/2 = ³



Replacing back yields:



³ 1+



D



lD /σ 2x 1+



1−π0 π0



´2



2



1−π 0 π0



4 2 2 2 ´2 > σ D α σ u /(N δ)
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Proofs for section 3 Proof. Proposition 6 Let’s start by rewriting the diﬀerential term in the Bellman equation by applying Itô’s Lemma: £ ¤ E dJ(WtI , Dt , πt , µ, t)|zIt dt £ £ £ ¤ ¤ ¤ 1 = {u (ct ) + Jt + JW E dW I |zIt + Jπ E dπ|zIt + JD E dD|zIt dt ¤ 1 ¤ 1 ¤ £ £ £ 1 + JW W E dW I2 |zIt + Jππ E dπ2 |zIt + JDD E dD2 |zIt 2 2 ¤ ¤2 £ £ +JW π E dW I dπ|zIt + JW D E dW I dD|zIt } ³³ ´ ³ ´´ ¯ −2 µ − π t D ¯ 1 + ˜θ dt + σ D dZD + ˜θdZu dπ t = πt (1 − π t ) Dσ D ¡ ¢ dW I = rW + y I (D − rP ) − c dt + y I dP dPt = ηP (π y ) dt + σ P (πt ) dZ



³ ³ ³ ´´´ ¯ 2 σ −2 µ − πD ¯ 1 + ˜θ ηP (π t ) = r−1 µ + r−1 πt (1 − π t ) D D h i ¡ ¢ ¯ 2 σ −2 σ D , r−2 π t (1 − π t ) D ¯ 2 σ −2 ˜θ σP (π t ) = r−1 1 + r−1 π t (1 − π t ) D D D dZ



= [dZu , dZD ]0



¢ ¢ ¡ ¡ 0 = u (c) + Jt + JW rW + y I ηP + D − rP − c + Jπ η π + JD µ 1 1 1 + JW W y 2 σ 2P + Jππ σ 2π + JDD σ 2D 2 2 2 +JW π yσ P π + JW D yσ P D ³ ³ ³ ³ ´´´´ ¯ 2 σ −2 µ − π D ¯ 1 + ˜θ 0 = u (c) + Jt + JW rW + y I (D − rP ) − c + yr−1 µ + r−1 π t (1 − πt ) D D ³³ ³ ´´´ ¯ −2 µ − πt D ¯ 1 + ˜θ +Jπ π t (1 − π t ) Dσ + JD µ D h i ¡ ¢ 1 ¯ 2 σ −2 2 σ 2D + r−4 π2 (1 − π)2 D ¯ 4 σ −4 ˜θ2 + JW W y 2 r−1 + r−2 π (1 − π) D D D 2 ³ ´ 1 £ 2 I¤ 2 2 1 ¯ 2 σ −4 σ 2D + ˜θ + JDD σ 2D + Jππ E dπ |zt π (1 − π)2 D D 2 2 ³ ´ ¡ ¢ 2 −2 −1 −1 −2 ¯ ¯ ¯ 2 σ −2 ˜θ2 +JW π yπ t (1 − π t ) Dσ D r π t (1 − π t ) D 1 + r π t (1 − π t ) D2 σ −2 D σD + r D ¡ ¢ ¯ 2 σ −2 σ 2D +JW D yr−1 1 + r−1 πt (1 − π t ) D D Note that µ is discrete, so that it the Bellman equation does not have terms in Jµ or Jµ· . 25



Replacing the diﬀusion of π and D into the Bellman equation gives: 0 = u (c) + Jt + JW (rW + y (ηP + D − rP ) − c) + Jπ η π + JD µ 1 1 1 + JW W y 2 σ 2P + Jππ σ2π + JDD σ 2D 2 2 2 +JW π yσ P π + JW D yσ P D + JπD σ πD The FOCs are: yt



= −



ηP + D − rP JW σ P π JW π σ P D JW D − 2 − 2 σ 2P JW W σ P JW W σ P JW W



u0 (c) = JW



(45) (46)



Let’s guess the value function: J = exp (−rt − rW − z − ln r)



(47)



So that: ηP + D − rP σP π σP D − 2 zπ − zD rσ 2P rσ P rσ 2P c = rW + z



y



=



(48)



Note that utility becomes with optimal consumption u (c) = e−rt−c = e−rt−rW −z = rJ. Replacing this, optimal consumption and the value function gives: 0 = rz − ry (ηP + D − rP ) − zπ ηπ − zD µ 1 1 1 + r2 y 2 σ2P + zππ σ 2π + zDD σ2D 2 2 2 +zπ ryσ P π + zD ryσ P D + zπD σ πD Replace y into the Bellman equation. Then: 0 = rz − zπ ηπ − zD µ 1 1 + zππ σ 2π + zDD σ 2D + zπD σ πD 2 2 1 − r2 y 2 σ 2P 2 In order to replace for y, do the following substitutions: yrσ 2P = m − σ P π zπ − σP D zD m = η P + D − rP 1 1 2 2 2 2 (m − σ P π zπ − σ P D zD ) − y r σ P = − σ −2 2 2 P 1 1 2 2 1 2 2 −2 −2 2 = − σ −2 P m − σ π zπ − σ D zD + mσ P σ P π zπ + mσ P σ P D zD − σ πD zD zπ 2 2 2
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Then the Bellman equation reduces to: 1 2 0 = rz − σ −2 P m 2 ¢ ¡ ¡ −2 ¢ + mσ−2 P σ P π − η π zπ + mσ P σ P D − µ zD 1 1 + σ 2π zππ + σ 2D zDD 2 2 +σ πD (zπD − zD zπ ) The equation shows that one state variable is suﬃcient for optimization. Choosing π as state reduces the equation to: ¡ −2 ¢ 1 1 2 2 0 = rz − σ −2 P m + mσ P σ P π − η π zπ + σ π zππ 2 2 Proof. Proposition 7 In the cas that θ = 0, the price process and the updating processes are characterized by the following drifts and variances: ¡ ¢ ¯ 2 σ −2 µ − πD ¯ ηP = r−1 µ + r−2 πt (1 − π t ) D D ¢¡ ¢ ¡ ¯ ¯ = r−1 + r−2 π t (1 − πt ) D ¯ 2 σ−2 µ − πD m = η P + D − rP = ηP − r−1 πD D ¢ ¡ ¯ 2 σ −2 σ D σ P = r−1 + r−2 πt (1 − π t ) D D ¢ ¡ ¯ −2 µ − πt D ¯ η π = π t (1 − πt ) Dσ D ¯ −2 σ D σ π = π t (1 − πt ) Dσ D



Under these processes, note the following: ¢ ¡ −2 mσ P σP π − ηπ = 0



The Bellman equation is therefore:



¡ ¢ 1 ¯ 2 + 1 σ 2π zππ 0 = rz − σ −2 D µ − πD 2 2



Now use the following substitution:



¡ ¢ 1 ¯ 2 r˜ z = rz − σ −2 D µ − πD 2



Then the Bellman equation becomes:



1 1 ¯ 0 = r˜ z + σ 2π z˜ππ + r−1 σ2π σ−2 D D 2 2 The solution is: R 1 ρ1 +a − x 2 a (1 − π) z (x) = ρ1 b



1 −ρ1 +a 2 a



1 −ρ1 +a a



dxx 2
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R 1 −ρ1 +a 1 ρ1 +a 1 −ρ1 1 ρ1 +a + x 2 a (1 − π) 2 a dxx 2 a (1 − π) 2 a a (a − 4)



1 ρ1 +a a



(1 − π) 2



where ρ1 is a root of



Zˆ 2 − a2 + 4a = 0



and ¯ 2 σ−2 a = .5D D ¯ 3 σ −4 b = .5r−2 D D The optimal demand and consumption simplifies as well: ¯ µ − πD σπ 0 − r−1 z˜ (π) 2 σD σP π c = rW + z



y



=



28



(49)
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Figure 2: Simulation 1



30



Price



π



Dividend Dividend



Figure 3: Simulation 2



31



























des documents recommandant













point processes and their statistical inference 2nd 

We have many PDF Ebook and user guide is also associated with point processes and their statistical inference 2nd edition PDF Ebook, include : Physics Question Paper 2013 Hsc, Pi Ces Choisies Du Th. Atre Espagnol Traduction Nouvelle Avec Notices Biog










 








Mobility measurement, transition matrices and statistical inference 

Page 1 .... several summary measures but may be unable to rank order all income-generating ..... finally to calculate the appropriate ratios between them. In short ...










 








Statistical arbitrage trading with wavelets and artificial neural 

thor in C/C++ under Linux. The software simulates ar- tificial neural networks, facilitates their training and links them to an external wavelets library. The adoption ...










 








point processes and their statistical inference 2nd edition pdf 

inference 2nd edition Ebook PDF file for free from our online article ... product types or categories, brands or niches related with Applied Numerical Methods With ...










 








CLOUD RESOLVING MODELLING AND THE IMPACT OF 

An accurate representation of cloudy processes in general circulation models is one .... ATEX and arctic air-mass data sets.Ð¸Ð· uart. Â© . oy. eteor. Soc. , 693"! 709.










 








THE IMPACT OF AIDS 

Sep 2, 2003 - the survival of the younger and older persons in society. xi ...... household may exhaust its savings or sell its assets to cover the medical costs,.










 








The perception of effort facilitates goal inference and contagion 

For instance, studies on text comprehension have shown that .... has a dogâ€� (taken from: Hassin et al., 2005). Participants inferred that the girl has the goal to get a dog, even when it ..... leave the lab and go on with other things or to volunte










 








Structural Inference and the Lucas Critique 

conference â€œThe Econometrics of Policy Evaluationâ€� (Paris, January 10â€“12, 2000), T2M conference (Nanterre, .... The main advantages of our ap- ..... Figure 1 reports the structural change statistics (both Wald, LM and LR) as a function of the.










 








Limits of Limits of Arbitrage: Theory and Evidence - Johan Hombert 

We present a model where arbitrageurs operate on an asset market that can be hit ... We first find that, at equilibrium, prices in low information states are lower, ...










 








Thermodynamic and Radiative Impact of the Correction of Sounding 

Oct 15, 2000 - atmospheric chemistry, hydrology, polar meteorology, and the ... convective structure, and the general stability of the atmosphere to .... zante (1996) for radiosonde measurements of upper-tro- ..... Cloud SW optical properties.










 








A mathematical and statistical analysis of the curves ... - CiteSeerX 

A Scholander pressure chamber was used to determine xylem water potentials of twigs from the side shoots. After dehydration to the extent that all conductivity ...










 








Statistical Aging and Nonergodicity in the Fluorescence of Single 

Mar 26, 2003 - The fluorescence properties of these colloidal quantum dots (QDs) have raised great interest due to their size- induced spectral tunability, high ..... nanoparticles was low enough so that they could be detected individually.










 








Conformance Testing and Inference of Embedded Components 

This problem can be viewed as a generalization of the classical automata inference in isola- tion, i.e., it is the grey ... Indeed, the traditional automaton/FSM inference problem statement is a ...... Learning: From Theory to Applications. Springer 










 








Introduction to the Mathematical and Statistical Foundations of 

during the period 1997-2003 for the first semester econometrics course â€œIntroduction to. Econometricsâ€� in ... literature in order to keep up-to-date with the latest econometric techniques. ... fifth drawn number, times 45 possibilities for the si










 








geometrical and statistical aspects of probability in 

Page 1 ... PDF File: geometrical and statistical aspects of probability in banach spaces ... Gendered States Feminist Visions Of International Relations Theory, ...










 








The determinants and impact of private tutoring classes in 

Department of Applied Economics, University of Minnesota & the World Bank, 1818 H Street ..... tutoring fees, controlling for other household, school, community.










 








The Impact of Retail Mergers on Food Prices - Agricultural and 

Nov 27, 2013 - heterogeneity and heteroskedasticity in standard errors. The estimated merger effect shows that prices have increased significantly for ...










 








The Demand for, and Impact of, Learning HIV Status 

Oct 23, 2005 - Business Coalition 2005; Know HIV AIDS 2005). ... I am grateful for financial support from the Harvard Population. Center ... sexual behavior, has since been widely cited within the public health literature and used in subsequent simul










 








The Tyranny of Numbers: Confronting the Statistical Realities of 

South Korea, and Taiwan for providing unpublished data and answering queries. 1. The Appendix provides a full description of sources. All growth rates.










 








geometrical and statistical aspects of probability in 

Save this PDF Ebook to Read geometrical and statistical aspects of probability in banach spaces actes des journees smf de calcul PDF. eBook at our Collection.










 








Impact of vegetation feedback on the temperature and its 

Considering these land-surface processes, vegetation is one of the important ... grid cell is represented by the fractional coverage of plant functional types ...... Lawrence DM, Thornton PE, Oleson KW, Bonan GB (2007) The partitioning of ...










 








The Impact of Retail Mergers on Food Prices - Agricultural and 

Nov 27, 2013 - sur-Seine, France; email: [email protected]) and Economics Department, ... 3See Table 4.2 http://www.ftc.gov/os/2008/12/081201hsrmergerdata.pdf. 2 ... address and characteristics of the stores) for the years 1998-2001, i.e.










 








naos performances: impact of the telescope vibrations and possible 

the laboratory tests and attributed to telescope vibrations. Depending on ... (Laboratorio de Vibraciones Mecanicas, Conception University, Chile) by placing.










 








The multidimensional nature and brand impact of user-generated ad 

plex cultural mix often combines the modern with classical elements to .... of course afflict a brand with harmful consequences (Cheong & Morrison. 2008). ... as others such as Twitter and LinkedIn â€“ provide consumers with online .... Given the lac










 














×
Report INFERENCE AND ARBITRAGE: THE IMPACT OF STATISTICAL





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



