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The Problem: The project aims to develop a trainable system, which generates a sequence of orders. For the same
market conditions as the training data, the generated orders will form a similar trading process (price and volume).
The market conditions will be determined by the orders that are already generated, and by the market maker’s
actions.

Motivation: In the past few years, CBCL has developed an adaptive learning model for market-making by using
reinforcement learning (Chan and Shelton, 2001[4]). The model was tested under a simply simulated market envi-
ronment. However, testing under such simplified environment is inadequate to argue how well the market- making
model will perform under the real market. In this project, we focus on designing a sophisticated and dynamic mar-
ket environment using Input/Output Hidden Markov Models[2] .

Previous Work: Previously, the research on the information content of the trading process has been carried out
(Easley, Kiefer, and O’Hara, 1997[6] ). In this work, they fit a model of the trade process, which allowed to explain
degrees of information content of the trading process of a particular stock. The model was fitted by maximum
likelihood using transactions data on six stocks over 60 days. They showed that the trade process provided wealth
of information as the following:

1. The large and small trades have different information content, but this varies across stocks.

2. The uninformed trades are history dependent.

3. The large buys and large sells are equally informative.

Although this is not directly related to the order flow generation process, it helps defining the structure of our
IOHMMs (particularly, input variables).

Approach: In this work, we propose to construct an IOHMM to generate a sequence of orders given the market
conditions, which will form a trading process. Each state will emit an order based on their estimated conditional
Gauissian distributions. The inputs will affect the transition probabilities distribution of the next following states,
as well as the emission probabilities of the outputs (orders). The inputs will consist of variables, which can describe
the market conditions. Some of the possible inputs are bid/ask prices, bid/ask sizes, and information content of
the trading process. As a result, the IOHMM will generate orders that react to the changes in market conditions of
a particular stock used for training. The IOHMM is defined by

• Number of hidden states m.

• Initial state distribution P0(s0).

• State transition probabilities P1(st+1|st, market conditiont).

• Output probabilities P0(Ot|st, market conditiont).

Before using IOHMMs, we preliminarily tried Hidden Markov Models [8] to model the order generating process.
Considering HMMs, we are ignoring the market conditions that might have various impacts on the order generating
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process. Since we are ignoring the market conditions, the orders that are generated by the model will form a similar
trading process as the training orders. Table 1. shows volume, average bid/ask spread, and volume weighted
average price1 of trained and generated orders of three trading days of IBM stock.

Nov. 2, 1990 Nov. 6, 1990 Nov. 9, 1990
Address Training Generated Training Generated Training Generated
Volume 356,800 465,200 294,400 440,000 576,900 515,600
Avg. Bid/Ask $0.83 $1.19 $0.43 $0.52 $1.08 $0.82
VWAP $107.55 $107.55 $107.20 $107.22 $108.74 $108.91

Table 1: HMM Training Results of IBM Using 8 Hidden States

Impact: Previously, modeling a financial market environment involved a number of unrealistic assumptions such
as the existence of a true price process, or differentiating the informed and uninformed traders. And these assump-
tions over-simplified the model. The new approach will empirically model the aggregated behavior of the trading
crowd. This will make the adaptive learning model for market-making possible to be tested under a more realistic
market environment.

Future Work: Clearly, the next step to this project is to test the market-making model under IOHMM market
environment. Also, the results of the IOHMM model will be extensively studied by applying various scenarios of
market conditions.
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1(ΣT
t=1Pt · St)/(ΣT

t=1St) where Pt = last price at time t, St = traded size at time t
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