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Abstract
Price expectations are an important driver of traders’ buy,
hold, and sell decisions. They are often estimated by sur-
veying investors; however, these verbal accounts may differ
from latent expectations. In this paper, we propose how to in-
fer traders’ price expectations from trading data instead. We
assume traders’ goal is to maximize earnings at the end of
the trading period by sequentially buying, holding, or selling
shares. Due to sequentiality, trading is represented as a Par-
tially Observable Markov Decision Process (POMDP) solved
with Deep Reinforcement Learning (DRL). This trading model
follows an approximately optimal trading policy with respect
to the price paths used in training. Meanwhile, we assume
that traders choose optimal trading actions given their price
expectations. Thus, price paths used in training are assumed
to approximate expectations, and we describe them with sepa-
rate segments, each characterized by two parameters (trend and
volatility). We then infer which values of these parameters pro-
duce a trading policy close to that of actual traders. While the
presented approach achieves a good model fit when applied to
the worst-performing traders in an empirical study, our results
are more ambiguous in the case of top traders, suggesting their
trading strategy is directed by more elaborate mechanisms.
Keywords: trading; expectations; POMDP

Introduction
Survey-based methods are commonly used in understanding
traders’ price expectations. These surveys include questions
like estimating the percentage increase of the Dow Jones in-
dex in the coming year or the probability of a catastrophic
crash (Shiller, 2000). Another common way to query expec-
tations involves asking a trader whether they believe the mar-
ket to be ‘bearish’, ‘bullish’, or neutral within a time window
(Fisher & Statman, 2000; Clarke & Statman, 1998). Exam-
ples of surveys that collect investor sentiments employing the
outlined questions include, for instance, the American As-
sociation of Individual Investors Sentiment Survey and Yale
School of Management Stock Market Confidence Indices.
While there is some evidence that stated expectations follow
the non-observable true expectations (Greenwood & Shleifer,
2014), concerns have been expressed about the reliability of
survey data due to factors like linguistic interpretation and
noise (Cochrane, 2011). Similar observations are also preva-
lent in other domains, for instance, in comparing stated and
revealed preferences (Frey, Pedroni, Mata, Rieskamp, & Her-
twig, 2017). Additionally, it may be infeasible to survey in-
vestors ahead of trading to estimate their expectations. Thus,
developing techniques to understand expectations indepen-
dent of self-reported measures is paramount.
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Figure 1: The trading task. The trader observes a price path
until time t and information about portfolio composition at
time t (A). They use this information to decide whether to
Buy, Hold, or Sell shares (B) in an optimal sequence to max-
imize return on investment (ROI) at the end of the trading pe-
riod (C). System illustration drawn based on the Zurich Trad-
ing Simulator (Andraszewicz, Friedman, et al., 2023).

In this work, we propose a parameter inference-based ap-
proach to understand traders’ price expectations via a process
that mimics belief formation through sense-making. We first
build a computational model of trading and train this model
using different price paths representing expectations. Con-
sider a trading task (Figure 1) of choosing a preferred port-
folio composition from cash and shares of one stock for a
trading period. A trader observes a price path and informa-
tion about the current portfolio composition, which they use
to make a decision to buy, sell, or hold shares. We assume
that the trader’s goal is to perform as well as possible at the
end of the trading period. Thus, underlying our approach is
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the assumption that a trader’s strategy is optimal (i.e., maxi-
mizes Return on Investment, ROI) with respect to what they
expect to happen. For instance, if the trader expects the stock
price to go up eternally, it makes sense to buy shares. On the
other hand, if the trader holds an expectation that stock prices
will decline, it is optimal to sell. Therefore, the goal is to un-
derstand under what price path traders’ observed behavior is
optimal, as it could be indicative of their expectations.

Trading is an exemplary task to achieve this goal as we
can make some fairly realistic assumptions about trading
behavior. As verbalized in the traditional portfolio theory
(Markowitz, 1952), consider that portfolio selection consists
of two stages: 1) observation and forming beliefs about future
prices and 2) making portfolio selection based on this infor-
mation. Unlike in portfolio theory, we assume that traders
primarily try to maximize discounted ROI at the end of a
trading period. Through these assumptions, we model trad-
ing as a sequential problem using the notion of a Partially
Observable Markov Decision Process (POMDP) solved with
Deep Reinforcement Learning (DRL), specifically Proximal
Policy Optimization (Schulman, Wolski, Dhariwal, Radford,
& Klimov, 2017). At each timestep, the agent observes past
prices and information about performance, which is used to
choose a desirable portfolio composition consisting of cash
and shares. These decisions impact ROI at the end of the
trading period, which is used as the reward.

What about beliefs? This approach allows us to repre-
sent expectations without an explicit belief model. As we
use DRL, the agent learns an optimal trading policy with re-
spect to the price paths it is exposed to during training. Then,
when making predictions, we use these price paths to approx-
imate expectations. Specifically, Geometric Brownian Mo-
tion (GBM) with two parameters (trend and volatility) is used
to generate price paths and thus to approximate price expecta-
tions, following earlier work in finance (Hull, 2017). We use
a modified GBM process, where we assume expectations to
be formed of multiple GBM segments described by separate
trend and volatility parameters.

The key components of the proposed parameter inference
approach are therefore: 1) a model that exhibits optimal trad-
ing behavior, and 2) a price model that is described by some
parameters that capture a wide range of different price pat-
terns (e.g., random walk with a drift). In our case, we use
GBM with prescribed trend and volatility (µ and σ, respec-
tively). First, we consider parameters µi,σi ∈ θi and generate
GBM price paths, consisting of separate segments, stored in
the state of the POMDP (Figure 2). Solving this POMDP
using DRL results in a policy that can be compared to obser-
vational data. The goal is to find parameter values θ∗ that
lead to a policy π∗ closely resembling the behavior of actual
traders. The inferred trend and volatility parameters are then
used as a proxy for price expectations.

We use data collected with the Zurich Trading Simulator
(ZTS) to demonstrate our approach (Andraszewicz, Kaszás,
Zeisberger, & Hölscher, 2023). The dataset contains trades
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Figure 2: Price expectations via parameter inference, the goal
of which is to find parameters µi,σi ∈ θ∗ of the price model
that produce a policy π∗ that predicts actions closely resem-
bling observations Ŷ . Parameters µ∗,σ∗ then describe price
expectations. Additionally, we fit the discount factor γ.

from approximately 800 experienced traders in a simulated
environment corresponding to the task of buying, selling, or
holding shares of one stock (Figure 1). We demonstrate our
approach by inferring expectations of the top and bottom
decile of traders as measured by performance. Our results
reflect a primarily upward-trending expectation held by the
worst decile of traders, who display various trading strate-
gies that, on average, start with a period of buying shares. In
contrast, the behavior of top traders is more difficult to cap-
ture with our approach, reflecting potential trading strategies
omitted in the trading model, such as trend-following.

The main contributions of this paper are as follows:

• We present an approximately optimal model that simulates
traders behaving under given price expectations.

• This trader model is then used to infer parameters of
traders’ price expectations in empirical data.

We conclude by discussing the implications of the proposed
approach for studying expectations and modeling trading.
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Related work

Price expectations

It is often assumed that those participating in the stock market
have the same information on which they form expectations
about price movements, yet this information is often inter-
preted differently, resulting in divergent expectations (Davis,
Pagano, & Schwartz, 2009). Existing studies eliciting these
expectations via stock market forecasts largely focus on stock
allocations (Fisher & Statman, 2000) or verbal accounts that
state price expectations, such as newsletters (Fisher & Stat-
man, 2000; Clarke & Statman, 1998), survey data (Fisher
& Statman, 2000), or controlled studies (Haruvy, Lahav, &
Noussair, 2007). Key observations from these studies include
that past prices impact expectations of price movements and
that investor expectations are somewhat indicative of future
returns (Haruvy et al., 2007). Unlike with risk preferences
(Frey et al., 2017), fewer studies focus on eliciting stock mar-
ket expectations from behavioral data.

POMDPs in computational cognitive modeling

Partially Observable Markov Decision Process (POMDP) is a
flexible framework for modeling sequential decision-making,
originally stemming from engineering (Åström, Karl Johan,
1965). POMDP is an extension of a Markov Decision Process
(MDP) which models interaction between an agent and an en-
vironment through the notions of state, action, transition, and
reward. In contrast to MDPs, POMDPs assume the state is not
directly observable, but the agent has to use sensory inputs via
observations. Solving a POMDP then refers to finding an op-
timal policy, a mapping between states and actions, that max-
imizes cumulative rewards. Several approaches have been
used, while recently Deep Reinforcement Learning (DRL)
has become popular. Approaches based on POMDPs have
been introduced to cognitive science (Littman, 2009), specif-
ically in tasks including visual search (J. P. Jokinen, Wang,
Sarcar, Oulasvirta, & Ren, 2020), planning (Callaway et al.,
2022), decision-making (Chen, Chang, & Howes, 2021), and
multi-tasking (J. P. P. Jokinen, Kujala, & Oulasvirta, 2021).

Reinforcement learning in trading

Most work using POMDPs solved with Reinforcement
Learning (RL) in the context of trading focuses on quanti-
tative trading, referring to the automated identification of in-
vestment opportunities. RL models have achieved good per-
formance in tasks like algorithmic trading and portfolio man-
agement (Sun, Wang, & An, 2023). Often, these models are
trained with historical prices. A typical goal for using RL
in trading has been automation, rather than modeling human-
like trading behavior, for instance by building agents that out-
perform indices or a traditional mean-variance approach to
stock trading (Yang, Liu, Zhong, & Walid, 2021).

Method
Trading task
The trading task we consider is based on previous empiri-
cal work conducted using ZTS (Andraszewicz, Kaszás, et
al., 2023). In this task, the trader chooses an optimal port-
folio composition, where the assets are cash and shares of
one stock. The trader can buy, sell, or hold shares using
quick trade buttons at every timestep t until the end of the
trading period T . The trader is displayed information about
their current portfolio composition and performance (Figure
1). Traders’ actions do not impact share prices. The traders,
who have risk-neutral preferences, try to maximize earnings
at the end of the trading period. The only information about
the market the traders have access to is historical share prices.

Trading POMDP
We formulate trading as a POMDP, that is, a tuple
(S ,A ,O,T ,Z,R ,γ), where S is the state space, A is the ac-
tion space, O is the observation space, R is rewards, and T
and Z are transitions, defined below. The agent’s goal is to
follow a policy π maximizing expected reward R for a dis-
count factor γ until horizon T :

argmax
π

E

[
T

∑
t=0

γ
tRt

]
(1)

The discount factor γ ∈ θ is considered a parameter of the
trader model.

State The state st ∈ S is inaccessible to the agent. The cur-
rent number of shares (n), cash (b), and ROI are stored in the
state. Also, the state includes price paths. These paths follow
Geometric Brownian Motion (GBM), as is typical in finance
(Hull, 2017). We assume that a price path P consists of three
segments with independent parameters, simulated as

pt = p0 exp
((

µk −
σ2

k
2

)
t +σWt

)
(2)

where µk is a trend (also known as drift) and σk a volatility pa-
rameter, k ∈ [0,1,2] is the segment index, and Wt ∼ N (0,1).
For the first segment, we assume p0 = 141.7 (price at t = 0
in the empirical price path). The trading day where an ’in-
flection’ occurs is randomly sampled from di ∈ [i · ⌊T

2 ⌋,(i+
1) · ⌊T

2 ⌋], where i ∈ [0,1]. The state S consists of 100 price
paths altogether. Each path is sampled from GBM given pa-
rameters µk and σk, where k ∈ [0,1,2]. For each episode, a
price path P ∈ S is randomly sampled. This price model is
used to approximate expectations. The trend and volatility
σk,µk ∈ θ are treated as the parameters of the price model.
Thus, st = [nt ,bt ,ROIt ,P0, ...,P100].

Reward At the end of each trading round, the agent is re-
warded with its return on investment (ROI). In training, we
use nominal returns so each reward is calculated as RT =
ROI×b0, where b0 is the initial budget of the agent.
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Action At each timestep t, the agent can either hold, buy, or
sell shares, constituting actions at ∈ A . The actions available
to the agent at any time t are at ∈ [0,1,10,20,−1,−10,−20],
with negative values corresponding to selling, positive values
to buying, and zero to holding shares.

Observation The agent’s observation consists of risk (per-
centage of shares in the portfolio, r), observed share prices
(p), ROI, and executed actions (a) until timestep t. That is,
ot = [r0, ...,rt , p0, ..., pt ,ROI0, ...,ROIt ,a0, ...,at ].

Transitions After choosing an action at , the state changes
according to the distribution st ∼ T (st+1|st ,at), whereby the
number of shares nt , cash bt , and ROI are updated. Note that
the trading environment is limited such that the maximum
number of shares that can be sold at time t is bt−1, and the
maximum number that can be bought is cash divided by share
price ct−1

pt
. When t > T , a new price path is sampled. Obser-

vations are updated according to ot ∼ Z(ot+1|ot ,at), where
rt , pt , ROIt , and at are revised.

Implementation
Python 3.12 was used in implementing the trading model.
Proximal Policy Optimization (PPO) from the Stable Base-
lines 3 library is used to solve the trading POMDP (Hill et
al., 2018). The custom trading environment was implemented
using the Gymnasium API (Towers et al., 2024).

Parameter inference
Traders try to take an optimal sequence of buy, hold, and sell
actions given what they expect to happen in the stock mar-
ket. Similarly, the trained trading model (POMDP solved
with DRL) chooses actions according to an optimal policy
π(at |ot). Recall that observation ot depends on the state
space S storing a set of price paths described by parameters
µk,σk ∈ θ where k ∈ [0,1,2]. Given we solve the POMDP
using DRL, its behavior is approximately optimal with re-
spect to O. Therefore, we approximate expectations implic-
itly by representing them in the state. The problem then
is to find parameters θ that lead to an agent that produces
predictions closest to the empirical data. We use empirical
time series data from a previous study conducted with ZTS
(Andraszewicz, Kaszás, et al., 2023), where trades are col-
lected in one round using a price path with a flat trend, based
on scaled historical prices in the Swiss Market Index.

That is, assume there is this ground truth data Ŷ of buy,
sell, and hold actions in one price path. We can use a trained
trader model to obtain predictions Y with policy π of buy,
sell, and hold actions in the same price path the ground truth
data was collected in. The task is to find the optimal param-
eters θ∗ that minimize the discrepancy d between the em-
pirical data Ŷ and predicted trade actions Y , where d is the
mean squared error (MSE) between a moving average of the
observed and predicted number of shares the agent or traders
hold (window of 10 trading days). MSE was used as it is

common in forecasting tasks (Shcherbakov et al., 2013). Due
to the intractability of the model, we use Bayesian optimiza-
tion to infer parameters; specifically, the Agent Forge (Junior
& Oulasvirta, 2025) framework. We fix the PPO hyperpa-
rameters based on an initial round of model fitting. The op-
timization (300 iterations per model fitting) was run on two
NVIDIA GeForce RTX 4090 GPUs.

Results
We report on results of fitting expectations to trading data
collected with ZTS. Initial analysis with aggregate data sug-
gested that differently performing traders have distinct strate-
gies. Thus, in what follows, we compare results of the top
and bottom decile (by ROI) of the traders.

Worst-performing traders
The model fitting results (MSE=7) suggest that the 1st decile
of traders hold an expectation of a broadly upward-downward
facing trend, in contrast to the flat trend that the true price
path follows (Figure 3, pane A, and Table 1). The first
and second segments have an upward trend (µ0 = 0.279 and
µ1 = 0.290), and the third segment has a downward trend
(µ2 = −0.234). The volatility varies across the segments
(σ0 = 0.0078, σ1 = 0.021, and σ2 = 0.175). Upon visual
inspection, the performance (Figure 3, pane B) and the num-
ber of shares the trained policy and the traders hold on each
timestep are similar (Figure 3, pane C). The mean number
of shares held by traders is slightly higher than the trained
policy predicts (29.19 vs. 28.08), while the median number
of shares is higher for traders and the maximum number of
shares is lower (35 vs. 24 and 73 vs. 74, respectively), see
Table 2. The correlation between the ground truth number of
shares and predictions is strong (R = 0.91, see Figure 5).

Top-performing traders
The model fitting results are worse for the top decile of
traders. The best-fitting trading behavior from the top traders
(MSE=225) emerges when the model is trained with price
paths that have a combination of a broadly flat and down-
ward trend (Figure 4, pane A, and Table 1). The first segment
follows a flat upward trend (µ0 = 0.052), followed by a rel-
atively steeper downward trend in the second segment (µ1 =
−0.226). The final segment also follows a downward trend
(µ2 = −0.061). The first segment has the smallest volatility
(σ0 = 0.028), followed by larger volatilities (σ1 = 0.049 and
σ2 = 0.035). A clear difference is visible in the median and
maximum number of shares held by humans and the model

µ0 σ0 µ1 σ1 µ2 σ2
Worst 0.279 0.0078 0.290 0.021 -0.234 0.175
Best 0.052 0.028 -0.226 0.049 -0.061 0.035

Table 1: Trend (µ) and volatility (σ) parameters fitted to bot-
tom (Worst) and top (Best) deciles of traders for the three
price path segments. Red highlight refers to a bullish and
blue to a bearish trend expectation.
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Figure 3: Empirical data vs. predictions (100 episodes) for
the 1st decile of traders. The number of shares held by the
traders is similar to model prediction (pane C), while the ap-
proximated expectation differs from the true prices (pane A).

(20 vs. 21 and 82 vs. 78, respectively), and in the stan-
dard deviation (29.40 vs. 23.30). The correlation between
the ground truth and predicted number of shares is only mod-
erate (R = 0.55), and visual inspection reveals that the model
fails to capture the top range of held shares, especially (Fig-
ure 6). Inspection of individual traders’ behavior suggests a
considerable amount of noise in the case of the worst traders,
while the top traders follow similar strategies.

Mean Median Min Max SD

Worst H 29.19 35 0 73 23.70
M 28.08 24 0 74 23.04

Best H 28.77 20 0 82 29.40
M 26.76 21 0 78 23.30

Table 2: Number of shares (n) held by traders (H) and the
model (M) in bottom (Worst) and top (Best) deciles.
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Figure 4: Empirical data vs. predictions (100 episodes) for
the 10th decile of traders. The traders buy and sell shares in
larger quantities on average than the model predicts (pane C),
indicating a poorer model fit than for the worst traders.

Discussion
This work contributes an approach to understanding traders’
price expectations using trading data. We implement this by
representing the trading task as a POMDP solved with Deep
Reinforcement Learning, wherein the state contains price
path segments described by trend and volatility. While prior
studies have examined traders’ price expectations and used
POMDPs for trading models, we introduce a novel approach
by representing expectations within the state of a POMDP.

An advantage of the presented approach is that it allows in-
vestigating price expectations without verbal accounts or an
explicit belief model. Verbal accounts, prone to errors due
to factors like linguistic interpretation, are expensive to col-
lect. Developing methods similar to the one proposed allows
automating analyses of expectations, which could help miti-
gate potential biases associated with self-selected survey re-
sponses. Also, a benefit of modeling expectations through a
model like Geometric Brownian Motion (GBM), instead of
the commonly used categories (bearish, bullish, neutral), is
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number of shares held at each trading day for the worst per-
forming traders in the dataset. The correlation is strong point-
ing to a better model fit for the worst-performing traders.
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Figure 6: Correlation between ground truth and predicted
number of shares held at each trading day for the best per-
forming traders in the dataset. The model does not capture
particularly the top-end of held shares.

expressing more complicated expectations than trend alone.
This could be significant when trading at high frequency.

Our results suggest that traders who perform the worst
have upward-downward trending price expectations. The ob-
servation that the worst traders enter the experiment with
positive expectations aligns with previous empirical studies
(Caginalp, Porter, & Smith, 2000). A caveat of this analysis
is the poor model fit in the top traders, pointing to a limita-
tion of the trading model. Notably, the worst traders adopt
a broad range of trading strategies in the empirical data, in
contrast to the best traders who seem to be potential trend-
followers. It is also possible that all traders hold similar
beliefs, and by chance, the best traders encounter superior
strategies. That said, the similarity of strategies that the best

traders adopt suggests that their performance is not purely
by chance. Therefore, capturing the systematic strategies of
the top traders would require extending the model to consider
further factors, like the aforementioned trend-following.

The notion of expectations is related to mental models,
that is, small-scale models of the world (Craik, 1967). In
this work, this model is approximated as GBM with two pa-
rameters: trend and volatility. This broadly corresponds to
a belief that the stock market moves according to a random
walk with a drift. As we use data from an experiment with
a single asset and a controlled trading environment, making
this assumption of the traders’ psychology is plausible: in
the absence of other information, expectations of price move-
ments could drive behavior, in conjunction with discounting
of future rewards. Indeed, while the worst traders’ perfor-
mance seems to potentially reflect expectations described by
trend and volatility, this might not hold for the top perform-
ers. Traders’ behavior may also be driven by psychological
factors like willingness to take risks and attention, which our
model currently does not account for. For instance, the larger
quantities of traded shares and trend-following in the best per-
formers could speak to the relevance of these attributes in
their trading behavior. Additionally, in reality, traders have
access to more information than just past prices. Therefore,
it is plausible that traders hold mental models of price move-
ments, other than the employed GBM, that incorporate this
information. Future work should investigate different models
than GBM to describe price expectations.

Our results also point to a need for additional validations;
most pertinently, potential issues with identifiability need ex-
amination through parameter recovery studies (i.e., to ensure
that different trend and volatility parameters lead to distin-
guishable policies). To this end, different discrepancy met-
rics, in addition to MSE, should be considered. Specifically,
we observe that different expectation patterns (e.g., down-
ward vs. upward) may lead to similar MSE values and thus
predicted policies. Similarly, the trained policy displays some
noise, which means the stability of the results should be in-
vestigated, alongside the impact of the PPO hyperparameters.

Notwithstanding these limitations, the current work could
be used to inform our understanding of stock markets more
broadly. As expectations influence trader behavior and im-
pact markets, generating testable predictions of them may
provide valuable insights. The presented approach could be
used for this purpose. Future work could aim to validate such
predictions in trading simulators by eliciting expectations, for
instance, through exposing traders to specific price paths. The
strength of the expectations in different groups could then
be assessed by measuring trading performance across various
trials: consistent behavior regardless of the shown price path
could indicate the traders’ actions are driven by the elicited
expectations. These predictions could also be tested in more
realistic settings by observing the consistency of traders’ ac-
tions in relation to expectations inferred with our approach.
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