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Abstract

The strategic behavior of users is significantly influenced by
their hidden information such as private valuations, risk pref-
erences, and price sensitivities. Contextual behavioral model
learning refers to learning the dependence of users’ hidden
information on their observable context information. While
many existing studies use offline data to learn contextual be-
havioral models, we study how to design sequential experi-
ments to collect the most informative user behavioral data for
learning. We propose a basic inference-then-design method.
In each experimental period, it infers a probabilistic contex-
tual behavioral model using historical experimental data, and
then designs the new experiment to maximize the gain of in-
formation about the probabilistic model. We further improve
the basic method in two aspects. First, we improve the in-
ference step by specifying a more informative prior for learn-
ing the probabilistic contextual behavioral model. Second, we
integrate the inference and design steps instead of conduct-
ing them separately. Our rigorous theoretic analysis reveals
that the optimization objective of the inference step can be
modified to account for the downstream experimental design
step. Numerical experiments show that our methods lead to
more effective experiments, i.e., the collected experimental
data can help in learning a more accurate behavioral model.

1 Introduction
One key challenge in predicting user strategic behavior is
that it depends on some hidden information that is not ob-
served by the platforms. For example, purchasing behav-
ior relies on users’ hidden utilities across different products
(Donnelly et al. 2021), and bidding behavior depends on
users’ private valuations of the items being sold (Duan et al.
2022). Platforms can only observe users’ context informa-
tion (e.g., demographic information and searching history),
and users’ hidden information is usually assumed to be de-
pendent on their context information (Donnelly et al. 2021;
Duan et al. 2022). Accurately learning the dependence be-
tween users’ context information and hidden information is
crucial for platforms to predict user strategic behavior and
optimize their operations.

To learn users’ contextual behavioral models, platforms
can actively design experiments to interact with users and
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Figure 1: A Portfolio Choice Experiment.

collect the behavioral data of users with different contexts.
For example, it is increasingly common for trading plat-
forms to use robo-advisors to interact with investors and
elicit hidden information from their choices across portfolios
(Alsabah et al. 2021; Wang and Yu 2021; Dai et al. 2021).
As shown in Figure 1, a robo-advisor queries an investor
regarding its preference over several portfolios with differ-
ent return means and variances. The investor’s choice helps
the trading platform infer the relation between an investor’s
observable context information and its hidden information
(e.g., risk preference and decision-making rationality).

Our work studies how to design sequential experiments
to learn an accurate contextual behavioral model. We con-
sider a general unknown mapping from context information
to hidden information, and model it using a neural network.
Essentially, our problem is to design experiments that collect
the most informative data for learning the network weights.

We focus on the application of portfolio choice model
learning in Figure 1, while our solution applies to general
contextual behavioral model learning problems. Our basic
idea is to conduct the inference step and design step in each
period. First, we use all historical data to infer the distribu-
tion of the neural network weights (which characterize the
mapping from the context to hidden information). Second,
we choose the next experimental design to maximize the
gain of information about the neural network weights.

Our work identifies the limitations of the above basic
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inference-then-design method, and improves it on two as-
pects. First, we improve the inference step by specifying
a more informative prior distribution of neural network
weights. Second, we integrate the inference and design steps
instead of conducting them separately. We derive a new joint
objective function that guides the implementations of both
steps. Compared with baselines, our methods can collect
more informative data for learning the mapping from the
context to hidden information.

We summarize our contributions as follows:

• On the application side, we propose a general experi-
mental design framework. It can be applied to learn a
general complex mapping from users’ contexts to their
hidden information (e.g., risk preferences, rationalities,
price sensitivities (Perivier and Goyal 2022), and valua-
tions (Shah, Johari, and Blanchet 2019)) and further pre-
dict their selection, purchasing, and bidding behavior.
• On the methodology side, we study the integration of in-

ference and design steps. Conventionally, the objective
of variational inference is minimizing the KL divergence
between the variational and true posterior distributions.
Our theoretical analysis reveals that the inference objec-
tive should include an extra KL divergence term to ac-
count for the downstream experimental design step.

2 Related Work
2.1 Contextual Behavioral Model Learning
In offline contextual behavioral model learning, the prob-
lem is to learn the relation between contextual features and
user hidden information, given an offline dataset of the ob-
served contextual features and user behavior (Ling, Fang,
and Kolter 2018; Athey et al. 2018; Perrault et al. 2020;
Donnelly et al. 2021). Growing attention has been paid to
the online case, and most existing studies investigated how
to actively set prices to learn the mapping from contexts to
user private valuations on products (Golrezaei, Javanmard,
and Mirrokni 2019; Cohen, Lobel, and Paes Leme 2020;
Xu and Wang 2021; Luo, Sun, and Liu 2022). However,
these studies assumed linear context-valuation mappings.
Our work explores a general setting where (i) the mapping
between context and hidden information can be non-linear
and complex and (ii) the hidden information is multidimen-
sional (e.g., it includes both risk preference and rationality).

2.2 Active Learning
Active learning aims to train a machine learning model by
selecting the most useful unlabeled data for labeling (Ren
et al. 2021; Zhan et al. 2022). Related studies mainly focused
on designing the selection criteria. One category of criteria
measures uncertainty, e.g., MaxEntropy, LeastConfidence,
BALD, and MeanSTD (Wang and Shang 2014; Gal, Islam,
and Ghahramani 2017). For instance, MaxEntropy suggests
selecting data points with the most uncertain predictive la-
bels for labeling. Another category measures density, e.g.,
CoreSet and Cluster-Margin (Ash et al. 2020; Citovsky et al.
2021). The main idea is to choose data points that best rep-
resent the distribution of the entire unlabeled dataset.

Unlike active learning, we cannot actively choose users to
query an oracle about their hidden information in our prob-
lem. Instead, the users arriving at each period and their con-
texts are exogenously given. Moreover, after choosing the
experimental design, we can only observe the behavior of
users rather than directly access their hidden information.

2.3 Bayesian Optimal Experimental Design
Bayesian optimal experimental design seeks to design ex-
periments to maximize the information gain about an un-
known quantity of interest (Foster et al. 2019; Zheng
et al. 2020). Few studies in this field have specifically de-
signed experiments to reduce uncertainty in neural network
weights. Since exactly inferring the distribution of neural
network weights is intractable, we approximate it using vari-
ational inference. In particular, we propose a novel method
that integrates variational inference with the downstream
experimental design. Furthermore, many studies assumed
that the underlying distribution for generating the unknown
quantity of interest is given and directly used it as the prior
distribution (Kleinegesse and Gutmann 2020; Foster et al.
2021). Our work considers a general case where this under-
lying generative distribution is inaccessible.

3 Problem Formulation
In this section, we first introduce investors’ portfolio choice
model. Then, we describe the platform’s experiment-based
learning of investor risk aversions and decision-making ra-
tionalities. Last, we introduce the platform’s experimental
design problem.

3.1 Investor Portfolio Choice Model
We focus on learning the portfolio choice behavior of in-
vestors, which is crucial for trading platforms to effectively
recommend portfolios to investors. Let x denote an in-
vestor’s context information (e.g., age, education, occupa-
tion, and monthly income). We use r(x) ∈ R to denote the
investor’s risk aversion coefficient, which is a function of its
context x. If r(x) < 0, the investor is risk-seeking.

Suppose that the investor is presented with K distinct
portfolios, where each portfolio k has a return meanmk ≥ 0
and a return variance vk ≥ 0.1 According to Markowitz’s
mean-variance model (Markowitz 1952), an investor seeks
to maximize mk − r(x)vk (e.g., a risk-averse investor with
r(x) > 0 seeks to increase the return mean and reduce the
return variance). We further use the logit model to character-
ize the randomness in the investor’s choice (Werden, Froeb,
and Tardiff 1996; Frijns, Koellen, and Lehnert 2008). The
probability that the investor’s choice y is portfolio k is mod-
eled by

p(y = k|x,m,v)=
exp(λ (x) (mk−r(x)vk))∑K
k̃=1 exp(λ (x) (mk̃−r(x)vk̃))

. (1)

1Each portfolio k specifies the allocation of investments in mul-
tiple assets. Given the investment allocation and the expectation
and covariance matrix of the returns of the assets, we can compute
mk and vk.
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Here, m and v represent the return means and variances
of all portfolios. λ (x) > 0 characterizes the investor’s
decision-making rationality, and the value also depends on
the context x. It quantifies the degree of randomness in the
investor’s choice, e.g., λ (x) → ∞ means that the investor
is fully rational to choose the best portfolio.

To ensure that the investor always has the option to not
invest, we set theK-th portfolio to be a virtual portfolio with
mk = vk = 0 in (1).

In practice, the dependence of an investor’s risk aver-
sion coefficient and decision-making rationality on its con-
text is complex. The trading platforms initially do not know
r(x), λ(x), and need to learn these functions, through ob-
serving the choice y made by each investor with context x
under the available portfolios characterized bym and v.

We consider the commonly used portfolio choice model
in (1) to show the effectiveness of our experimental design
solution. We remark that our solution can be generalized to
the contextual behavioral models in other applications. As
long as the parameters in the behavioral models (e.g., the
risk aversion coefficient and decision-making rationality in
(1)) are functions of the users’ contexts and we can compute
the likelihood (e.g., the expression of p(y = k|x,m,v) in
(1)), our experimental design solution can be applied.

3.2 Platform’s Experiment-Based Learning
To learn r(x), λ(x), a trading platform can first collect data
regarding different investors’ choices given different sets of
portfolios, and then train a neural network on the data to
approximate r(x), λ(x). In order to collect the most infor-
mative data for training the neural network, the trading plat-
form can actively select the set of portfolios and query the
investors regarding their preferences (Alsabah et al. 2021;
Wang and Yu 2021; Dai et al. 2021).

We consider a discrete-time system. In each period t =
1, 2, ..., T , a batch of investors arrives and the trading plat-
form carries out the following procedures:
• Observing Investor Context Xt: The platform observes

the contexts of these investors, denoted by the matrixXt;
• Designing Portfolio Set dt: The platform designs which

portfolios to show to the investors. Let dt = (mt,vt)
denote the platform’s design at period t, which specifies
the return means and variances of the shown portfolios.
We further use Dt to denote the set of available designs,
which can change over t. Note that an investor can always
choose not to invest, i.e., every design d ∈ Dt includes a
virtual portfolio with a zero mean and a zero variance;
• Observing Investor Choice yt: After choosing dt and

showing the portfolios to the investors with context Xt,
the platform asks about their choices, denoted by yt.
Each element of vector yt records the portfolio choice
of the corresponding investor.

Next, we describe how to learn r(x), λ(x) using the col-
lected data. Let Ht , {(X1,d1,y1), ..., (Xt,dt,yt)} de-
note the set of data points that the platform collects during
the first t periods. After all the T periods, the platform gets
the dataset HT and can train a multi-output neural network
parameterized by θ on HT to learn r(x), λ(x). Let r̂θ(x)

and λ̂θ(x) denote the predictions made by the neural net-
work. The platform can train the model by maximizing the
log-likelihood of observing all investor choices:

max
θ

∑
t

log p (yt|Xt,dt,θ) . (2)

Here, the likelihood of observing each investor’s choice can
be computed by replacing the true r(x) and λ(x) in (1) by
r̂θ(x) and λ̂θ(x), respectively.

3.3 Platform’s Experimental Design Problem
The platform’s sequential design of d1,d2, ...,dT affects the
quality of HT and the training of the neural network. We
introduce the experimental design problem as follows.

Problem: In each period t = 1, 2, . . . , T , given the his-
torical dataset Ht−1 and the current investors’ context ma-
trix Xt, we aim to optimize the design dt ∈ Dt so that the
resulting datasetHT is most informative for training an ac-
curate θ-parameterized neural network.

Note that we consider a general time-variant system
where the distributions of Xt (i.e., the arrivals of investors
with different contexts) andDt can change over time and the
dynamics is unknown to the platform.

4 Basic Inference-then-Design Method
This section introduces our basic inference-then-design
method. First, we formulate the problem of selecting dt as
an expected information gain maximization problem. Then,
we infer the distribution of θ, which is the prerequisite for
computing the expected information gain.

4.1 Expected Information Gain
Our target of training an accurate θ-parameterized neural
network can be viewed as collecting informative data to re-
duce the uncertainty in θ. Therefore, we select the design to
maximize the Expected Information Gain (EIG) in θ (Lind-
ley 1956; Chaloner and Verdinelli 1995).

Single Experiment In a single experiment, after observ-
ing the investor context X , the platform chooses d and re-
ceives the investor choice vector y. The information gain in
θ from this experiment can be characterized by

IG(d,y) , H[p(θ)]−H[p(θ|X,y,d)]. (3)

Here, p(θ) is the prior distribution of θ, p(θ|X,y,d) is its
posterior distribution computed based on the experimental
outcome, and H[·] denotes the entropy.

In (3), the investor choice vector y depends on the context
X and the design d. Given X and d, its distribution can be
estimated by p(y|X,d) = Ep(θ)[p(y|X,d,θ)]. Consider-
ing the uncertainty in y, we choose d to maximize the EIG:

EIG(d) , E [IG(d,y)] . (4)

Since the exact computation of EIG is intractable, we apply
the nested Monte Carlo method (Rainforth et al. 2018) to
approximate it by

ÊIG(d) ,
1

I

I∑
i=1

log
p(yi|X,d,θi,0)

1
J

∑J
j=1 p(y

i|X,d,θi,j)
, (5)
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where θi,0, . . . , θi,J are sampled according to p(θ) and yi
is sampled according to p(y|X,d,θi,0) for each i. Recall
that p(y|X,d,θ) is the conditional probability of observ-
ing y, and can be estimated by replacing r (x) , λ (x) in (1)
by r̂θ (x) , λ̂θ(x). Parameters I and J denote the number of
samples of the outer and inner loops, respectively. The de-
tailed derivation is provided in our supplemental material.

Sequential Experiments In period t of the sequential ex-
periments, we also choose dt to maximize ÊIG(dt). Com-
pared with the single-experiment case, our knowledge of θ
before the experiment changes from p (θ) to p (θ|Ht−1),
where Ht−1 denotes the data collected before t. There-
fore, when we estimate ÊIG(dt) based on (5), we sample
θi,0, . . . , θi,J according to p (θ|Ht−1) rather than p (θ).

4.2 Inference of Neural Network Weights
We investigate the computation of p (θ|Ht−1) for estimating
ÊIG(dt). The p (θ|Ht−1) characterizes the posterior distri-
bution of the neural network weights given the datasetHt−1.
It is challenging to exactly compute it using Bayes’ theorem,
because calculating

∫
p(Ht−1|θ)p(θ)dθ is intractable.

According to the studies on Bayesian neural net-
works (Graves 2011), we apply the variational inference
method to approximate p (θ|Ht−1) by a more tractable φ-
parameterized distribution q(θ|φ). The parameter vector φ
is chosen to minimize the Kullback-Leibler (KL) divergence
between the two distributions (Blundell et al. 2015):

φ∗ = arg min
φ

KL[q(θ|φ)||p(θ|Ht−1)]

= arg min
φ

KL[q(θ|φ)||p(θ)]− Eq(θ|φ)[log p(Ht−1|θ)].

(6)
Our work applies the mean-field variational inference

(Blei, Kucukelbir, and McAuliffe 2017) and assumes that
each element in θ follows a Gaussian distribution, which
offers high flexibility in approximating the true posterior
distribution. Let µ and σ denote the means and variances
of these Gaussian distributions, respectively. In this case, φ
consists of µ and σ.

4.3 Implementation
We present our Inference-then-Design (ID) method in Algo-
rithm 1. In each period t, we mainly conduct the following
two steps:

• Inference: Line 3 aims to infer the posterior distribution
p (θ|Ht−1). As discussed in Section 4.2, we approximate
it by a variational posterior distribution q(θ|φ). We learn
φ by training the corresponding Bayesian neural network
on datasetHt−1, where the loss function is derived in (6).
In particular, when t = 1, there is no historical data (i.e.,
H0 = ∅), and the loss reduces to KL[q(θ|φ)||p(θ)];
• Design: Line 5 aims to choose the design to maximize

the estimated EIG. As discussed in Section 4.1, we es-
timate the EIG using the nested Monte Carlo method.
To compute ÊIG(dt) based on (5), we need to sample
θi,0, . . . , θi,J for each i according to p (θ|Ht−1). Since

Algorithm 1: Inference-then-Design (ID)

1: Set p (θ) randomly, andH0 = ∅.
2: for period t = 1 to T do
3: MinimizeKL[q(θ|φ)||p(θ)]−Eq(θ|φ)[log p(Ht−1|θ)]

over φ to get q(θ|φ).
4: Observe investor context matrixXt.
5: Choose dt ∈ Dt to maximize ÊIG(dt), which is

computed based on q(θ|φ),Xt, I , and J .
6: Observe investor choice vector yt under dt.
7: Ht ← Ht−1 ∪ {(Xt,dt,yt)}.
8: end for
9: return datasetHT .

computing p (θ|Ht−1) is intractable, we sample them
from the distribution q(θ|φ) obtained from line 3 instead.

5 Improved Inference-then-Design Methods
In this section, we discuss the limitations of our ID method,
and propose two improved methods.

5.1 Inference-then-Design with Learnable Priors
One limitation of ID is its requirement for an informa-
tive prior distribution p (θ). Before the experiments, it is
challenging to obtain the knowledge of θ, which is high-
dimensional and approximates the mapping from the in-
vestor context information to the risk aversion coefficient
and decision-making rationality.

When implementing ID, one solution is setting p (θ) to
a random distribution. However, this randomly chosen p (θ)
will disrupt the learning of q(θ|φ) in the inference step of ID
during the early periods. This is because the platform only
accumulates a small dataset Ht−1 during the early periods.
When learning q(θ|φ) in line 3 of Algorithm 1, the scale of
the expected likelihood Eq(θ|φ)[log p(Ht−1|θ)] in the loss
function is small, and the loss function will be dominated by
KL[q(θ|φ)||p(θ)]. As a result, the randomly chosen p (θ)
disrupts the learning of q(θ|φ) and affects the choice of dt.

We propose Inference-then-Design with Learnable Priors
(ID-LP), which specifies the prior distribution according to
data (Krishnan, Subedar, and Tickoo 2020). Specifically, we
set p (θ) according to the collected datasetHt−1 rather than
an uninformative random distribution. At the beginning of
each period t, we add a new step to set p (θ). We directly
train the θ-parameterized neural network on Ht−1, and use
θ̃ to denote the neural network weights after the training.
Note that θ̃ is essentially the maximum likelihood estimation
of θ givenHt−1. We set p (θ) to a Gaussian distribution:

p (θ) ∼ N
(
θ̃,Σprior

)
, (7)

where Σprior is a predefined covariance matrix. For exam-
ple, it can be the identity matrix multiplied by a constant.

We illustrate ID-LP in Figure 2. After learning θ̃ and set-
ting p (θ), ID-LP performs the same inference and design
steps as ID.
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Figure 2: Illustrations of ID-LP and I-ID-LP.

5.2 Integrated Inference-and-Design with
Learnable Priors

In ID and ID-LP, we conduct the inference and design sep-
arately. This leads to a sequential optimization of φ and dt
in each period t and may degrade the performance (Lacoste-
Julien, Huszár, and Ghahramani 2011; Mandi et al. 2020; El-
machtoub and Grigas 2022), because the optimization of φ
does not account for the eventual objective (maximizing the
information gain from the experiment). Therefore, we pro-
pose Integrated Inference-and-Design with Learnable Priors
(I-ID-LP) to integrate these two steps.

Joint Objective Function We derive a joint objective
function with the decision variables φ and dt. In period t,
the EIG can be rearranged as a double integral over θ and dt
(Foster et al. 2019):

EIG(dt) =

∫
p(θ|Ht−1)g(θ,dt)dθ, (8)

where function g(θ,dt) is defined as

g(θ,dt) ,
∑
yt

p(yt|Xt,dt,θ) log
p(yt|Xt,dt,θ)

p(yt|Xt,dt)
. (9)

Essentially, g(θ,dt) is KL [p(yt|Xt,dt,θ)||p(yt|Xt,dt)],
which measures the difference between the two distribu-
tions. According to the property of KL divergence, g(θ,dt)
is always non-negative.

Changing the objective from EIG(dt) to log EIG(dt)
does not change the optimal dt. Next, we derive a lower
bound of log EIG(dt) as a function of both φ and dt:

log EIG(dt) = log

∫
p(θ|Ht−1)g(θ,dt)dθ

= log

∫
q(θ|φ)

p(θ|Ht−1)g(θ,dt)

q(θ|φ)
dθ

≥
∫
q(θ|φ) log

p(θ|Ht−1)g(θ,dt)

q(θ|φ)
dθ. (10)

The last inequality is Jensen’s inequality. Our I-ID-LP
chooses the derived lower bound as the joint objective func-
tion, and iteratively optimizes it over φ and dt.

Iterative Optimization Let φτ and dτt denote the deci-
sion variables obtained in the τ -th iteration (τ ∈ {1, 2, . . .}),
and φ0 and d0t be their initial values. In each iteration τ , we
first maximize the lower bound shown in (10) over φ while
keeping dt = dτ−1t :

φτ = arg max
φ

∫
q(θ|φ) log

p(θ|Ht−1)g(θ,dτ−1t )

q(θ|φ)
dθ

= arg min
φ

KL[q(θ|φ)||p(θ)]−Eq(θ|φ)[log p(Ht−1|θ)]

−Eq(θ|φ)[log g(θ,dτ−1t )]. (11)

The detailed derivation can be found in our supplemental
material. Next, we explain the intuition behind (11). Based
on the derivation in (6) and the fact that g(θ,dt) is a KL
divergence, (11) is equivalent to

φτ = arg min
φ

KL[q(θ|φ)||p(θ|Ht−1)]

−Eq(θ|φ)
[
log KL[p(yt|Xt,d

τ−1
t ,θ)||p(yt|Xt,d

τ−1
t )]

]
.

Both terms are related to KL divergences:
• The first term is the same as the objective function in the

inference step of ID and ID-LP, implying that the vari-
ational distribution q(θ|φ) should be close to the actual
posterior distribution p(θ|Ht−1);
• The second term reveals the novelty of our I-ID-LP, im-

plying that the inferred q(θ|φ) should be consistent with
the currently chosen design dτ−1t . Under the distribution
q(θ|φ), dτ−1t needs to be effective in gaining more in-
formation about θ: considering different θ, the gap be-
tween p(yt|Xt,d

τ−1
t ,θ) and p(yt|Xt,d

τ−1
t ) should be

as large as possible.
We can learn φτ by training the corresponding Bayesian

neural network on Ht−1. The loss function corresponds to
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Figure 3: Comparison of ID Methods Under Setting A.

Figure 4: Comparison of ID Methods Under Setting B.

the right side of (11), and the expectations are approximated
using the Monte Carlo method. Then, we maximize the
lower bound shown in (10) over dt while keeping φ = φτ :

dτt = arg max
dt

∫
q(θ|φτ ) log g(θ,dt)dθ. (12)

As illustrated in Figure 2, our I-ID-LP iteratively updates
φτ and dτt based on (11) and (12). If we can optimally solve
(11) and (12) in each iteration τ , the lower bound in (10)
is non-decreasing in the number of iterations. In the imple-
mentation, we can terminate the iteration once the increase
of this lower bound is below a predefined threshold. The de-
sign dτt obtained in the last iteration corresponds to the port-
folios that the platform displays to the investors in period t.
To accelerate the iteration, we can first run ID-LP, and then
use the resulting design to initialize d0t .

6 Experiments
6.1 Experimental Settings
We compare our ID, ID-LP, I-ID-LP with the following ex-
perimental design methods:
• ID-LP-minEIG, ID-LP-medEIG: These two methods

are similar to ID-LP, but choose the designs with the
lowest and median EIGs in each period, respectively;
• PreEntropy: Different from our methods, it focuses

on the uncertainty in behavior prediction. It trains a
θ-parameterized neural network on historical data, and
chooses dt to maximize the entropy H[p(yt|Xt,dt,θ)];
• MinMaxPro: It trains a neural network on historical

data, and then solves mindt
maxyt

log p(yt|Xt,dt,θ);
• LaplaceInfer: It uses Laplace’s method rather than vari-

ational inference to approximate the posterior distribu-
tion of θ, and chooses the design maximizing the EIG;

• Random: It chooses a design from Dt randomly;
• MaxMean: For each design, it computes the overall re-

turn mean of all portfolios (i.e.,
∑
kmk). It chooses the

design with the highest overall return mean;
• MaxVar, MaxMean+Var, MaxMean–Var: They are

similar to MaxMean, but choose the designs with the
highest

∑
k vk,

∑
k(mk + vk), or

∑
k(mk − vk).

We evaluate each method based on the quality of the col-
lected behavioral dataset HT , measured by its effectiveness
in training an accurate contextual behavioral model.

Next, we introduce the settings ofXt and Dt. In each pe-
riod t, a batch of 50 investors arrives. We generate each con-
text vectorx ∈ R16 by randomly sampling its elements from
the uniform distribution U [−1, 1]. A set of designs (i.e.,Dt)
is revealed in period t. We set |Dt| = 10 and K = 2. For
each portfolio, we randomly generate its return mean and
variance as m ∼ U [1, 10] and v ∼ U [2, 10].

After an experimental design method shows a design from
Dt to the investors with context Xt, the investors report the
choice vector yt according to (1). We consider 5 different
settings of the true r(x) and λ(x), and show setting A here.

Setting A: We define c1 (x) = wT
1 x+ b1 + ε1, c2 (x) =

wT
2 x + b2 + ε2. Here, w1,w2, b1, b2 are randomly chosen

weights, and ε1, ε2 ∼ N [0, 0.01] are noises. We compute

r̄(x) = Sigmoid(max {c1 (x) , c2 (x)}),
λ̄(x) = Sigmoid(min {c1 (x) , c2 (x)}).

We get r(x) and λ(x) by normalizing r̄(x) and λ̄(x) across
all data, respectively.

Due to space limit, we describe the other settings in our
supplemental material. For each setting, we implement dif-
ferent experimental design methods to collect data HT for
learning r(x) and λ(x). To measure the quality of HT , we
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Method Setting A Setting B Setting C Setting D Setting E
ID 0.416 ± 0.025 0.319 ± 0.017 0.397 ± 0.010 0.381 ± 0.013 0.391 ± 0.009
ID-LP 0.409 ± 0.025 0.306 ± 0.018 0.390 ± 0.007 0.376 ± 0.016 0.383 ± 0.010
I-ID-LP 0.408 ± 0.029 0.297 ± 0.010 0.387 ± 0.007 0.369 ± 0.003 0.383 ± 0.006
ID-LP-minEIG 0.498 ± 0.012 0.427 ± 0.026 0.565 ± 0.113 0.472 ± 0.121 0.527 ± 0.067
ID-LP-medEIG 0.461 ± 0.019 0.331 ± 0.010 0.435 ± 0.047 0.392 ± 0.038 0.416 ± 0.024
PreEntropy 0.557 ± 0.111 0.366 ± 0.028 0.634 ± 0.216 0.814 ± 0.232 0.546 ± 0.057
MinMaxPro 0.611 ± 0.122 0.366 ± 0.030 0.705 ± 0.196 0.825 ± 0.247 0.547 ± 0.066
LaplaceInfer 0.462 ± 0.026 0.327 ± 0.012 0.411 ± 0.013 0.393 ± 0.021 0.426 ± 0.039
Random 0.459 ± 0.022 0.329 ± 0.012 0.425 ± 0.035 0.393 ± 0.026 0.427 ± 0.037
MaxMean 0.468 ± 0.003 0.404 ± 0.045 0.510 ± 0.012 0.501 ± 0.004 0.523 ± 0.030
MaxVar 0.560 ± 0.008 0.340 ± 0.008 0.624 ± 0.010 0.600 ± 0.010 0.381 ± 0.002
MaxMean+Var 0.468 ± 0.003 0.336 ± 0.004 0.501 ± 0.003 0.491 ± 0.002 0.476 ± 0.002
MaxMean–Var 0.512 ± 0.013 0.803 ± 0.424 0.562 ± 0.063 0.559 ± 0.101 0.690 ± 0.075

Table 1: Negative Log-Likelihood Loss on Testing Dataset (20 Random Seeds).

train a separate neural network using 80% of the data from
HT for training and 20% for validation. This neural network
outputs the predictions of r(x) and λ(x), and we train it by
maximizing the log-likelihood as in (2). At last, we test the
prediction performance of the trained neural network by a
large testing datasetHtest, using the following metrics:
• NLL Loss: It is the negative log-likelihood loss of pre-

dicting investor choice y inHtest;
• MSEs of Predicting r(x) and λ(x): They are the mean

squared errors between the outputs of the neural network
and the actual r(x), λ(x) of investors inHtest.

The NLL is the most important metric, as it reflects the ac-
curacy of predicting investor behavior. Note that we train the
network using HT , which includes labels of investor choice
y but not labels of the true hidden information r(x) and
λ(x). Therefore, accurately predicting r(x) and λ(x) simul-
taneously is challenging.

Under each setting, we repeat our experiments with
20 random seeds. For each random seed, all experimen-
tal design methods are exposed to the same sequences
of X1, . . . ,XT and D1, . . . ,DT , ensuring a fair com-
parison. Our codes and generated data are available at:
https://github.com/zhougongtao/IIDLP.

6.2 Experimental Results
Comparison Among ID Methods Figures 3 and 4 com-
pare the quality of Ht (t = 1, . . . , 15) collected by differ-
ent ID methods under settings A and B, respectively. We
measure the quality of each Ht using Htest and the afore-
mentioned metrics. The shaded areas represent the standard
deviations over 20 random seeds.

Figures 3 and 4 show that I-ID-LP collects the most infor-
mative behavioral dataset Ht for training a neural network
to predict investor behavior. ID-LP-minEIG performs the
worst, demonstrating the sensitivity of the quality of Ht to
the EIG of the design. Due to space limit, we include the
figures for settings C∼E in the supplemental material.

Next, we compare the computational costs of these meth-
ods based on the time required to complete 15 periods un-
der Setting A. Each method is run with 20 random seeds

simultaneously on a computer equipped with an Intel Core
i7-12700KF (3.6 GHz) and 32 GB of RAM. ID-LP is the
fastest method, taking an average of 425.96 seconds per
seed. The running times for ID and I-ID-LP are 2521.84 and
3720.74 seconds, respectively. Unlike ID, ID-LP involves
an extra step to train a neural network for setting the prior
distribution p(θ). Compared with a randomly chosen prior
distribution, this p(θ) is meaningful and closer to the actual
posterior distribution. As a result, it accelerates the train-
ing of the Bayesian neural network, and compensates for the
computational cost of learning p(θ).

Comparison with Other Methods We show the means
and standard deviations of the NLL loss in Table 1, after run-
ning different methods for 15 periods under settings A∼E.
Our three methods significantly outperform the baselines.

Predicting investor behavior depends on the predictions
of r and λ. Due to space limit, we leave the comparison be-
tween different methods for predicting r and λ to the sup-
plemental material.

7 Conclusion
In this paper, we proposed experimental design methods for
learning general (possibly non-linear) contextual behavioral
models. Using portfolio selection as an example, we showed
that our methods can simultaneously learn the dependence
of risk preferences and rationalities on investor contexts. To
collect more informative behavioral data, we integrated vari-
ational inference with experimental design.

As discussed in Section 3.3, our work considers a system
with unknown dynamics of investor arrival. One direction
for extension is to address the case where this information is
known and improve the sequential experimental design by
considering the future arrival of investors.

Another extension direction is to evaluate experimental
design methods based on the performance gains in down-
stream tasks (e.g., the profit generated by learning an accu-
rate portfolio selection model) and further optimize experi-
mental designs by accounting for these performance gains.
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