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ABSTRACT
Active inference refers to a class of methods that influence or con-
trol observed information to minimize uncertainty about latent or
unknown variables. In this paper, we study a class of active infer-
ence problems in which an agent (the leader), with only partial
observations, seeks to infer the unknown type of another agent
(the follower), whose interactions with a dynamic environment are
modeled as a Markov decision process (MDP). Different follower
types are characterized by distinct dynamics, reward functions, or
both, and each follower acts optimally to maximize its own reward.
To improve inference accuracy and efficiency under imperfect ob-
servations, we introduce the paradigm of Active Inference through
Incentive Design, wherein the leader strategically offers side pay-
ments (incentives) to elicit diverging observable behaviors from
different follower types. This formulation leads to a leader–follower
game in which the leader balances the trade-off between incentive
cost and information gain, quantified by the entropy of the poste-
rior distribution over follower types. We show that the resulting
bi-level optimization problem can be reduced to a single-level one
by leveraging the softmax temporal consistency between followers’
policies and value functions. This reduction enables an efficient
first-order, gradient-based algorithm, where gradients are computed
using observable operators from hidden Markov models. Experi-
mental results in stochastic gridworld environments demonstrate
that the proposed method significantly improves both the accuracy
and efficiency of intent inference compared to systems without
incentive mechanisms.
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1 INTRODUCTION
The ability to recognize an agent’s actions, plans, and goals is
fundamental in many AI tasks [7]. While extensive research has
addressed the problems of identifying what the agent is doing
now, what the agent wants to achieve, and how the agent plans to
achieve it, a complementary question remains largely unexplored:
How can we design environments that amplify differences in observed
agent behavior? This question is closely related to active inference, a
framework in which agents act to influence observed information in
order to minimize uncertainty about latent or unknown states. For
instance, a teacher may wish to design an exam that more clearly
distinguishes students of different proficiency levels. Similarly, an
organization may seek to construct monitoring environments that
make it easier to distinguish between normal users (e.g., employees)
and malicious intruders.

We study this active inference problem through the lens of incen-
tive design. Incentive design [1, 2], also referred to as the principal-
agent or leader-follower game, studies the problem where a planner
or leader aims to optimize system performance while anticipating
and accounting for the active interactions of multiple users or fol-
lowers. This work connects active inference and incentive design
as follows. Consider a setting where a leader agent observes the
behavior of a follower agent only imperfectly and seeks to infer
the follower’s unknown type. The follower’s interaction with the
dynamic environment is modeled as a Markov decision process
(MDP). Different follower types are characterized by distinct dy-
namics, discount factors, or reward functions, and each follower
acts optimally to maximize its own reward. While each follower
has perfect observations within its own MDP, the leader receives
only imperfect and noisy observations of the follower’s activities.
To improve inference accuracy within a finite time horizon, the
leader strategically designs an incentive policy to offer side pay-
ments (additional rewards) within the environment, influencing
the followers’ best responses and amplifying the divergence in ob-
servable behaviors across different follower types. These incentives,
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however, incur a cost to the leader’s own payoff. The leader cali-
brates the incentive policy to minimize both uncertainty about the
follower’s type and the cost of providing incentives.

2 INCENTIVE DESIGN FOR ACTIVE
INFERENCE

Definition 1. Given a collection of policies, referred to as a policy
profile of followers, 𝝅 = [𝜋𝑖 ]𝑖∈T , and the set of leader’s observation
functions for followers, {𝐸𝑖 , 𝑖 ∈ T }. The following hidden Markov
model (HMM) can be constructed:

M(𝝅) = ⟨𝑆 × T , P𝝅 ,O, E, 𝜇0⟩
• 𝑆 × T is the augmented state space. Each state (𝑠, 𝑖) includes
a state in the follower’s Markov decision process (MDP) and a
type of the follower.

• P𝝅 : 𝑆 × T → D((𝑆 × T)) is defined by

P𝝅 ((𝑠′, 𝑗) | (𝑠, 𝑖)) =
{∑

𝑎∈𝐴 𝑃𝑖 (𝑠′ |𝑠, 𝑎)𝜋𝑖 (𝑠, 𝑎) if 𝑖 = 𝑗

0 otherwise.

In other words, at the state (𝑠, 𝑖), follower 𝑖 will take an action
by following his policy 𝜋𝑖 (𝑠), and the type does not change.

• 𝜇0 ∈ D((𝑆×T)) is the initial state distribution. For all (𝑠, 𝑖) ∈
𝑆 × T , 𝜇0 (𝑠, 𝑖) = 𝜇𝑖 (𝑠)P(T = 𝑖) . where T is a random variable
representing the estimated type of the follower. P(T) is the
prior distribution over possible types.

• O is a finite set of observations.
• E : 𝑆 × T → D(O) is the observation function, defined by
E(𝑜 | (𝑠, 𝑖)) = 𝐸𝑖 (𝑜 |𝑠), which is the probability of observing 𝑜
when agent 𝑖 at the state 𝑠 .

Let𝑂𝑡 denote a random variable representing the observation at
time 𝑡 , and let 𝑜𝑡 be a specific realization of this random variable.
We denote the posterior estimate of the type T given an observation
sequence 𝑜0:𝑇 under a policy profile 𝝅 as P𝝅 (T|𝑂0:𝑇 = 𝑜0:𝑇 ). Next,
we define the planning objective—Shannon conditional entropy.

Definition 2. Let 𝑌 :=𝑂0:𝑇 . The conditional Shannon entropy of
the agent’s type given the observations is defined by,

𝐻 (T | 𝑌,M(𝝅)) =
∑︁
𝑦∈Y

P𝝅 (𝑦)𝐻 (T|𝑌 = 𝑦,M(𝝅))

=−
∑︁
𝑖∈T

∑︁
𝑦∈Y

P𝝅 (𝑖, 𝑦) log P𝝅 (𝑖 |𝑦),
(1)

where𝑦 is a sample observation, andY is a set of all finite observation
sequences of length 𝑇 .

Problem 1 (Active inference with incentive design). As-
suming the followers always best responds to the side payments by
taking an optimal policy in the follower’s MDP 𝑀𝑖 (𝑥), the leader’s
incentive design for active inference problem is the following bi-level
optimization problem:

minimize
𝑥∈X

𝐻 (T|𝑂0:𝑇 ,M(𝝅∗ (𝑥))) + 𝜆ℎ(𝑥)

subject to 𝜋∗
𝑖 (𝑥) ∈ argmax

𝜋 ∈Π
𝑉𝑖 (𝜇𝑖 , 𝑅𝑖 (𝑥), 𝜋),∀𝑖 ∈ T . (2)

where 𝝅∗ (𝑥) = [𝜋∗
𝑖 (𝑥)]𝑖∈T is a policy profile consisting of the best

responses of followers given side payments 𝑥 , ℎ : X → R+ is a side
payment cost function, and 𝜆 > 0 is the regularization factor.

We assume that the follower employs an entropy-regularized
optimal policy [5]. Based on this assumption, the best response of
each follower is unique and the original bi-level optimization (2) can
be reduced to a single-level optimization problem [3, 4, 6]. Then, we
employ hypergradient descent algorithms to compute the leader’s
optimal design, given the followers best responses.

3 EXPERIMENTS
We validate the convergence of the algorithm and evaluate its ef-
ficiency in distinguishing between different agent types within a
randomly generated 10 × 10 gridworld. The sensor can detect if an
agent is within its FoV, with a false negative rate 0.05. We consider
five distinct agent types with different transition dynamics and
reward function. We set the regularization factor 𝜆 = 0.1. We ran-
domly select 20 states where the leader can assign side payments
across all state-action pairs for those states. The side payment cost
function is defined as ℎ(𝑥) =

∑
𝑠,𝑎 𝑥𝑠,𝑎 where the side payment

𝑥𝑠,𝑎 ≥ 0 for each sampled state-action pair (𝑠, 𝑎).
The initial conditional entropy𝐻 (T |𝑌0:𝑇 ;M(𝝅∗ (𝑥0))) with 𝑥0 =

®0 is 2.0457, which is close to the maximal entropy − log2
1
5 = 2.32

derived from a uniform distribution. When the algorithm con-
verges, the total side payment cost ℎ(𝑥) is 5.2590 and the entropy
𝐻 (T |𝑌0:𝑇 ;M(𝝅∗ (𝑥∗))) = 0.8652.

We compare the inference accuracy to a baseline which uses
maximum likelihood goal recognition given the observed trajecto-
ries without side payments. We compare confusion matrices with-
out side payments and with the computed optimal side payments,
shown in Figure 1. The average true positive rate over five exper-
iments is 28.73% (SE 0.0067, 95% CI 27.00–30.47%) without side
payments and 57.12% (SE 0.0061, 95% CI 55.43–58.81%) with side
payments. It is worth noting that these optimal side payments are
not solely designed to minimize entropy, as the objective function
is also regularized by the cost of the side payments.

(a) Confusion matrix with no
side payments.

(b) Confusionmatrixwith the op-
timal incentive design.

Figure 1: Performance of active inference: comparison of
confusion matrices without and with the optimal incentive
design.
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