
0.005 0.020 0.050 0.200 0.500 2.000 5.000

0.
2

0.
4

0.
6

0.
8

Trade size (non dimensional units) 

AZN
BARC
CW.
GLXO
LLOY
ORA

PRU
RTR
SB.
SHEL
VOD
Pool

0.005 0.020 0.050 0.200 0.500 2.000 5.000

0.
2

0.
4

0.
6

0.
8

AZN
BARC
CW.
GLXO
LLOY
ORA

PRU
RTR
SB.
SHEL
VOD
Pool

0.02 0.05 0.10 0.20 0.50 1.00 2.00 5.00

1e
-0

4
2e

-0
4

5e
-0

4
1e

-0
3

Trade size (shares)

AZN
BARC
CW.
GLXO
LLOY
ORA

PRU
RTR
SB.
SHEL
VOD
Pool

0.02 0.05 0.10 0.20 0.50 1.00 2.00 5.00

1e
-0

4
2e

-0
4

5e
-0

4
1e

-0
3

Trade size (shares)

AZN
BARC
CW.
GLXO
LLOY
ORA

PRU
RTR
SB.
SHEL
VOD
Pool

Pr
ice

 s
hi

ft 
(n

on
di

m
en

sio
na

l u
ni

ts
)

Pr
ice

 s
hi

ft 
(lo

g 
pr

ice
)

Trade size (non dimensional units) 

Pr
ice

 s
hi

ft 
(n

on
di

m
en

sio
na

l u
ni

ts
)

Pr
ice

 s
hi

ft 
(lo

g 
pr

ice
)

FIG. 7: The average market impact vs. order size plotted on log-log scale. The upper left and right panels show buy and sell
orders in non-dimensional coordinates; the fitted line has slope β = 0.26 ± 0.02 for buy orders and β = 0.23 ± 0.02 for sell
orders. In contrast, the lower panels show the same thing in dimensional units, using British pounds to measure order size.
Though the exponents are similar, the scatter between different stocks is much greater.

• Market efficiency. The question of market effi-
ciency is closely related to price diffusion. The
anti-correlations mentioned above imply a market
inefficiency. We are investigating the addition of
“low-intelligence” agents to correct this problem.

• Correlations in spread and price diffusion. We have
already discussed in Section (V) the problems that
the autocorrelations in spread and price diffusion
create for comparing the theory to the model on
a daily scale. This is related to the fact that this
model does not correctly capture either the fat tails
of price fluctuations or the long-memory of volatil-
ity.

• Lack of dependence on granularity parameter. In
Section (VI A) we discuss the fact that the model

predicts more variation with the granularity pa-
rameter than we observe. Apparently the Poisson-
based non-dimensional coordinates work even bet-
ter than one would expect. This suggests that there
is some underlying simplicity in the real data that
we have not fully captured in the model.

Although in this paper we are stressing the fact that we
can make a useful theory out of zero-intelligence agents,
we are certainly not trying to claim that intelligence
doesn’t play an important role in what financial agents
do. Indeed, one of the virtues of this model is that it
provides a benchmark to separate properties that are
driven by the statistical mechanics of the market institu-
tion from those that are driven by conditional intelligent
behavior.
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