
Ch3 : Optimal organizations for optimal trading
3 .1 organizing a trading structure to answer a fragmented landscape

large asset managers concentrated on mounting) unwinding
positions to dealing desks

Dealing deak responsibilities

· relationship with intermediaries
·

measuring Transaction cost analysis (TCA)
· choosing benchmark (VWAP

,
TWAP, ...)

Trading architecture

Main inputs of trading tools

Market data

contains

market trades (price , quantity, time stamp)
· limit orderbooks (bidlask

,
avant , prive level part. ,modifications



connection to venues

trading algo connected to exchanges
· not natively synched (latey mismatch)
· two way
-> one to send messages to trading venue
-> receive messages (can be used as analytic for

dark pools (only have post transparency)
Historical data

optimal trading relies on intraday risk control and rythms of
market features
-> captured by models thatwre historical data telled params

Historical duth should include :
· market data

analytics
recordings of messages
context into

Models

· made of formula
,
estimation

, accuracy comp.

3
.
1 . 2 components of trading algos

components
· execution param

define conditions that apply to the algo : side + quant,
benchmark , aggressiveness, access to dark pools

· risk control layer

trading come : ones model and expected manet contexts to

produce min/max trading envelope to balance

market impact& market risk



· liquidity seeking tactics (SOR , ect .)

communication between risk layer and tactics : autonomous tactic
as close as possible to venue, risk control layer located

equal distance to robots.

3 . 1 . 3 Main output of automated trading system

Pre tracle analytics
allow for consistency of portfolio generate automated directives

to speed/slow

Pre trade analytics :

· bid/ask spread , traded volume
, quantities on the book

· expected rading profiles

expected context (news, vol , ect .)
breakdown by sector , currency , country

· execution params reduce footprint in market & avoid exposure
to specific events

· synchronization measures can be taken

Monitoring Indicators

traders build on the Hy diagnosis of algos
· algos need to make concrete decisions to improve quality
of execution (on the fly modification params)

performance indicators
· subset of monilering indicates are direct measures of

performance it trading world stop



· estimates of performanc seen from now it market conditions

do not change

Average price

Aug price = Immediate price
+ Market moves

+ Market impact

benchmark by benchmark Aug . Price

Aug Price = Immediate price
+ planned price expected risk control on aug.
+ unexpected market moves

+ trading eff success of liquidity seekingtactics
+ marnet impact

where to produce real time indicators
· algos should be indicator publishers, stateless agents
with introspection capabilities

Post trade analysis

· pre trade analysis -> expected arg . value
· moniting gives : corr value

, updated exp . aug . value , likelihood
corr value

·

gives assessment of value of bid/ask spread

visualization break downs

· sector

· currency
· buy I sell



Transactional Cost Analysis
· used to compare different algo providers to compare efficiency

TCA : understand what happened be of market context

Post-trade Analysis : understand performance from design of algo

objective : associate given algo with given market context/

trading style

· user able to now send flow to proper algo provider
· liquidity must be taken into account

liquidity quantified by

· bid/ask spread
· tick size basis points
·

quantity on the books

daily tornore
any trade size
free float

trading rate

3
.2 Market impact Measurements : Understanding PFP from

one investor

· trude timing describes how an order is being traded compared
to what happens in the market

3.2
. 1 Market impact over trading period

Intraday analysis allows
·

quantify A in marnet impact as order being executed
· dilution of impact at end of execution



Difference between price & arrival time

trend in return of a stock

consume according to the arrival price
in units of spread over time

· buy order

· white curre shows ang of stock

returns according to arrival price
(in spread)

terminates at 100 grey 95 % confidence

CO , 100) : concave over time

slice executed at beginning of order has more impact
than one executed at end of order

(100
,
2007 : price reverts to lower level funn that of execution (100)

Market impact parameters
stock specific :

· liquidity , vol , spread

order specific :

Aggressiveness of execution

quanting to execute

· expected duration

Period Liquidity Ratio

· dependency between market impact and the duration of an order

observe: market impact increases when participation rate and
duration increase even independently



execution at 100

· market impact increases

as participation increases

· longer the duration the

bigger the impact

Market impact a Doration
*
x Participation

3 . 2 . 2 Market impact on a longer horizon: Price anticipation
& permanent market impact

permanent market impact : remaining price shift after decryhas taken place

price anticipation or permanent market impact ?

1 permanent impact as consegum of mechanical process

· stock prices more be of rading from all market participants
·

selling pressed, price +
2. permanent impact as trace of new into in price
·

prices more be of new into made available to

market participants



permanent market impact on a long term horizon

· focus on studies that debins post-execution variations on

the daily
-> separate into effect with permanent market impact

Bookmann : intensity of trading signal which triggered each

meth order to remove into content of studied proprietary
meth order database

divergence between effective expected price gives measure of

permanent impact in absence of into effect

↳ obered no permanent impact on residual price moves

Waelbroeck and Gomes : differentiales methorders

· informed trades : methorders coming from portfolio rebalance

· uninformed/cash trades : triggered by heterogeneous &

relatively exogenous to market into

found only informed trades have permanent market impact.

Bacy :

· B- 7 , total portfolio made up of all meth orders not far

from CAPM market portfolio

after removing alpha from price moves no permanent market

impact is left



Debiasing temp market impact of autocorrelated execution during
post execution period

· remove autocorrelations of meta order flows to deinfluence

post execution price variations
withdraw impact of metaorders
· simple market impact model
· devonvolute decay Kernal
· fit sq root model of

daily participation on

temp market impact

CAPM decomposition of prie variations

Bacry developed a CAPM framework to dis entangle
systematic component of market impact from idiosyncraticy
comp .

decomp centered on execution day over 41 dry period :

(d ESD - 20, ... D +203,

log(Pd) -log (Pa-1) = &(log (In) - log (In-1) + & Wd

D : meth order execution date

Pd : stock close price on dule &

B : beta of stock (D-20
,
D +10]

Id : net index ona

B estimated with LS Reg.



wd- WDy=
um

idiosyncratic comp.

starting one day before

execution

syltematic component : Bllog(Id) -log (Ip-1)(

not yet debiared
post execution profiles

day I market impact jump
visible for both comp.

· debiared post execution

protile.

market impact day
removed.

· permanent market impact
that remains day 20
entirely explained by

conclusion : systematic component
After removing temp market impact , corr,
systematic component,

no remaining permanent market impact due to meta order itself



3 . 3 PFP and orderbook dynamics

· most trading takes place on centalized limit order book (CLOB)

Copposite of quote systems RFQ)

Attractiveness of limit order books

·

anony and provide multilateral trading
· fast and synchronized , support fragmentation and
competition beleen trading platforms

How can practitioners extract into from orderbook dynamics ?

3
. 3 . 1 into reaching orderbooks

1
. At beginning of the day orderbook is empty.

2. Traders & MM send orders it not matched with resting order

3. Matched it compatible price , generates Mansaction

outputs 3 messages
-> public trade
-> 2 private tracks

localization of datacenter

Members of trading facility connected to server by :

· private connection : send orders to matching engine
· public channel : see transaction & state of orderbook

Messages
· trader can insert

, modity, cancel an order , add trys



the messages can
remove liquidity via cancelation/transaction
add liquidity via insertion

transactions can only occur at first limits Stop lowest buy
higher sell

studying orderbock dynamics is about understanding
· insert

· cancel
· trade

are influenced by current state or by recent past of

the order book

3.3 .2 Understanding via conditioning
probability

conditioning for orderbooks focus on
1

limit orders touching the first

limit only and when size is large

3 trends of conditioning
· zero intelligence : few conditioning , focus on identifying dist . of

variables of interest

· game theoretic: explain behavior of participants with accoracy
and try to decluce laws for probabilities of each type of order

· empirical : estimate empirically transitions

Poisson modeling
· point process : probability of occurance of an event

X : intensity of event



#CAN) : expectation see incere of counting of event N during At

X = lim
ECAN)

At to St

Aug . number of events observed during next AT : XXAT

Analyze model orderbook dynamics
· isolate 3 intensities:

· Xt limit order
· X <cancellation
· XX transaction

Plain homogenous Poisson modeling
homogenous Poisson framework :

· ligidity consuming or providing independent of stale orderbook

Estimating X : (Naive)
· starting at t observe naluve of next event,

· record timestamp in It, [<
*

· obsere I-t observations
, average out for "/X

simulate randomly dynamics of an orderbook and look at

distributions of quere site



· without taking into account

state of orderbook
, modeling

of atomic events,

simulation does not succeed

inecovering obvered contig.
of grere sites on the same

da+4

look at Grang 2013

Improving the model with conditioning : Model I

Arang 2013 improve modeling by 3 intensities bared on

size of considered quare

keep record of one intensity for each que size:

1.Start at t

2. record que size Of att large size order involved in t
,
<
, x)

3 . obvere event at time IC (sny canel)

4. keep track of t'-t in register associated with size of Qt at t

at end have collection of interrent fires I-t for each event

and possible site

But first and third limits not good with model 1.

Models #

· impreve stat by conditioning intensities by corrent size of other

gueres



· condition on size of quee and neighbors
-> intensity of events on first quee function of current size
for first

, second, opposite first quee

· first bid : 4
· second bid : P : =X' (4 , 7 ,1) x 10
· best ask :I predictive power of

imbalance

when ist quen < opposite quen ,
it will be consumed I

when 1st que large , and gue will see more cancellations

predictive power of imbalance -> liquidity imbalance at first limit
givel good idea of future price direction

Asymptotic behaviors of first 2 queres

A/R Ratio : Arrival or departure ratio of each que

Eintensity of insertion3/s som of intensities canellation trades

ratio 77 : quer will explode (site were stop increasing

ratio < 7 : gr will dissappear

first limit

first limit always deplets to

second limit

· second limit explodes



order book stableness

1 . first quen goes to 0 while second quen explodes

2. once first que disappears, second gre promoted to first que

3 . Starts to deplete , preventing explosion

liquidity dynamics vs. price dynamics

gover reactive model needs one more effect to model

pricetrajectories.

promoted first gree leads to price reversion: imbulance drives

price where it was before depletion

use nuwre processe , or look at :

· Time to time : When first queve folly depletes
· all market participants accept newly not price as a new

fair prices (model has to reset orderbook to randomly
choren State).

3 . 3
. 3 conclusion on orderbook dynamics

Que reactive Model:

· predictive power of imbalame of provided liquidity (limit +$2)
· neterogeneous Poisson process to model occurances of orderbook

events (insertion
, canellation, transaction)

· condition intensity of arrival vales bared by quere size

exogenerous reset of orderbook state to prevent intence price

menu reversion



it tick large : liquidity more menuingful

Istats composed on large tick]

other models exist

· Hankes process
· are event time (instead of seconds)
·

propagator models

3.4Optimal Trading Methods

3 . 4 . 1 Algo trading : Adapting trading style to investor needs

Trading feature has its own benchmark

· stealth trading point of focus (US) -> liquidity seekers

· Asia : efficiency in local market important -> VWAP
,
Por

Europe : avoid HFT and efficiency intraction with orderbooks -> IS

Types of features of trading algos

PoV : percentage of volume

· Medium/large market depth

long duration position
follows current market flow, reactive, agressive, price opportunity
driven if max-min large

VWAP/TWAP:

·

any market depth
· Hedge order , long duration position, delta hedging of fast

evolving inventory

· follows usual market How
,
passive, good for unexpected volumes



IS : ImplementationShortfall (expected -actual $)

· medium liquidity depth
· alpha extraction, hedge non-line position (gamma hedging)
finish fact

,
lot losses

liquidityleeker:
·

poor fragmented market depth
alpha extraction, position mounting, split/scheduled order
price oriented

, capture liquidity, Stalth (min Leakage
customization multifeature tracing styles

· combo of UWAPI min

participation rate

· hard combo : bang bang control

zero/one policy applied
when threshold crossed

can be gamed/adversely
selected



Trading envelopes

· building benchmark based policy is noisy : AFT activity in orderbook
&) uncertainty on params

optimal trading corre trade rale that has to be respected by
algorithm.

· If obtain trades too fast slow bared on come

it must adjust.

inside enelope trading trajectory can't be a priori more efficient
than another from risk control perspective

Incide trading envelope Combo of liquidity capturingtactic
can be plugged in without harming optimality

customization of trading algo process

1. understand desired risk portfolio and injecting needed
constraints into envelope building process

2. understand mix of liquidity adapted to investment style ,
plug into envelopeswrt defined market conditions

3 . 4 . 2 liquidity seeking algos are no longer nice to have

SOR to liquidity leeking
· US : trading on official consolidated orderbock

. Clearing &

settlement have to be sure for alllrading venues

Im part of trading costs/feel



PS : tick site

51 : Fees on V

8 : fees on V

P : price p

f = f - 4
Q : quantity

P(1+S)(1+ f -q)a < P(I+7)9

equivalent of having tick size small enough :

8)(1 = / +7) 1 = 4

ticklize should be as small asfee difference

· tick size up to which it is worthwhile to re "Worse prices but

better heel'

P = $15

Naive remarks :

tor liquidity providers -> most rewarding to post first on a

cheap/rewarding ere rather than on an expensive one

H
expect to see limit orders going first on cheapest venue

smaller market orders on cheaper here (it foo large one up



first limit)

Seeking optimal liquidity capturing scheme

·

liquidity seeking take place on HE to compensate fragmentation

Dealing with marketable order (boy order price > best ask price)

· probability hidden liquidity in orderbook

·

probability HFT took advanting into of market order to cancel

rigidity providing orders

Climit orders have a lot of plenomena to tall into account)

Passive split

It i want to insert order

at 95 :

450 120 100

ahead ahead ahead

Allocate less grantity on venus with more chares with better

position in guu : Chi-X then Turquoise then Euronext

Ask lide : market participants more aggressive on

Euronext+ > torquoise -> chix

immediate selling How should also be taken into account

Resting time



D : size D
D + Qn

In (D) = Un : sell rate
un Qu : number shares belter priority

Split 500 shares :

500X1
soux +2 = 1

100Xfs InCDfu) sure on all vewes

minimum resting time

[A =
D- En Qu

znVn

fu :
[* rn-Qu

D

Building a liquidity seeker

liquidity seekers take come of :

removing liquidity optimally using estimates of hidden liquidity
post limit orders to end order as fast as possible

liquidity in pools are clustered


