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Abstract— Accurate system modeling is crucial for safe,
effective control, as misidentification can lead to accumulated
errors, especially under partial observability. We address this
problem by formulating informative input design and model
identification adaptive control (MIAC) as belief space planning
problems, modeled as partially observable Markov decision
processes with belief-dependent rewards (ρ-POMDPs). We treat
system parameters as hidden state variables that must be
localized while simultaneously controlling the system. We solve
this problem with an adapted belief-space iterative Linear
Quadratic Regulator (BiLQR). We demonstrate it on fully and
partially observable tasks for cart-pole and steady aircraft
flight domains. Our method outperforms baselines such as
regression, filtering, and local optimal control methods, even
under instantaneous disturbances to system parameters.

I. INTRODUCTION

Accurate system dynamics models are essential for safe,
effective control since incomplete knowledge or simplifying
assumptions can lead to misspecifications. System identifi-
cation uses observed data to estimate model parameters for
better predictions, fault detection, and robust control [1]. For
example, an aircraft approximated as a linear model can be
rendered inaccurate due to continuous wind disturbances,
but its parameters can be updated online to compensate [2].
This approach is vital in many fields, including robotics [3],
biomedical engineering [4], and finance [5].

Model identification adaptive control (MIAC) extends
system identification by simultaneously learning system pa-
rameters and controlling the system to complete a desired
objective [6]. Though its online parameter estimation al-
lows it to adapt to external disturbances and time-varying
dynamics, typical MIAC methods assume full observability
[7]–[9], which is problematic in settings with limited state
information. Moreover, their extension to continuous state
and action spaces can introduce intense computational effort.

We address planning in partially observable environments
with continuous state and action spaces. We treat system
parameters as hidden state variables, which we estimate
with informative input design, which selects controls that
maximize information gain [2]. We reformulate system iden-
tification under informative input design and MIAC as par-
tially observable Markov decision processes with belief-state
dependent rewards (ρ-POMDPs [10]), where belief-states
include both the mean and uncertainty of true states. Since
belief-state dynamics are nonlinear, stochastic, and underac-
tuated, we efficiently solve the ρ-POMDP using an adapted

1Stanford University, Stanford, CA 94305 USA {mtho, arec,
mykel}@stanford.edu

2TerraAI, Redwood City, CA 94063 USA
*Toyota Research Institute provided funds to support this work.

belief-state iterative Linear Quadratic Regulator (BiLQR)
that plans over Gaussian beliefs and penalizes uncertainty
[11]. This approach quickly identifies system parameters by
prioritizing information-gathering actions while maintaining
effective control through robust state estimation.

We present our approach on both fully and partially
observable problems for a cart-pole balancing example and
a steady aircraft flight example. In these problems, BiLQR
outperforms common approaches that combine filtering or
regression for informative input design and model predictive
control approaches for MIAC. BiLQR not only achieves
control objectives while identifying system parameters more
quickly and accurately, but also adapts to time-varying
dynamics. To our knowledge, this is the first work to for-
mulate MIAC as a ρ-POMDP jointly over system states and
parameters, providing efficient solutions to MIAC problems
while reasoning over uncertainty about system parameters.

In summary, our contributions include:
• formulating system identification and MIAC as a ρ-

POMDP over system states and parameters,
• solving the ρ-POMDP using BiLQR more accurately

than the baselines, and
• demonstrating our approach in fully and partially ob-

servable settings, and with time-varying dynamics.
In this paper, we first provide an overview of system

identification, MIAC, and POMDPs. We then discuss our
approach for formulating MIAC problems as ρ-POMDPs
and solving them with BiLQR. Finally, we demonstrate our
approach against various baselines in fully and partially
observable environments with unknown system parameters.

II. BACKGROUND

A. System Identification and Adaptive Control
System identification uses observed data to learn parame-

ters θ that dictate a dynamics model f (s,a) [1]. Methods for
fully observable systems include regression [12], parametric
modeling [13], and informative input design, which selects
controls to maximize information about model parameters
[2]. Some filtering methods, like Kalman Filtering, can
address partial observability with these methods [14]. How-
ever, decoupling parameter and state estimation can lead to
suboptimal information flow, limiting the accuracy of both
parameter and state estimates.

Several methods also combine model identification and
control. Many decouple system identification from control
for quicker estimation, such as by using expectation maxi-
mization [15], planning for worst-case parameter estimation
or distributions [7], optimizing data generation for better esti-
mation [8], or sampling-based methods [9]. Model reference



adaptive control (MRAC) selects controls so the system fol-
lows a reference model that represents the desired behavior
[16]. Model identification adaptive control simultaneously
learns system parameters and controls the system [6]. Com-
pared to MRAC, MIAC’s online estimation allows flexible
responses to disturbances and time-varying dynamics [6].
Still, existing MIAC methods do not explicitly account for
partial observability or consider actions that balance control
and parameter uncertainty reduction simultaneously.

B. POMDPs

A partially observable Markov decision process (POMDP)
is a formulation for systems with observations that provide
incomplete information about the state. A finite horizon
POMDP is defined by the tuple (S ,A ,O,T,O,R,τ) con-
sisting of state, action, and observation spaces S ,A ,O , a
dynamics model T mapping states and actions to a distri-
bution over resulting states, an observation model O map-
ping an underlying transition to a distribution over emitted
observations, a reward function R that maps the underlying
transition to an incremental reward, and finite time horizon τ .
A policy π generates actions from an initial state distribution
b0, a history of actions a0:t , and observations o1:t , which
together can be represented concisely as an instantaneous
belief distribution over states bt where bt(s) = p(st = s |
b0,a0:t ,o1:t). An optimal policy maximizes the expected
cumulative reward over the time horizon:

max
π

V π(b0) = ET,O

[
τ

∑
t=0

R(bt ,at) | b0

]
, (1)

where the belief-based reward function returns the expected
reward from transitions from states in the belief [17].

Traditional POMDPs model state-based rewards and can-
not explicitly model an agent’s goal to reduce state un-
certainty. To address this, ρ-POMDPs modify the standard
POMDP framework by introducing belief-dependent rewards
that favor actions that reduce the uncertainty (i.e., entropy) in
the belief state [10]. They have been applied to active sensing
problems to balance between strategically gathering informa-
tion and completing tasks [18]. This work can be seen as a
dual control problem with belief-dependent rewards.

Exact planning in large POMDPs is generally intractable.
While small, discrete POMDPs can be solved offline with ap-
proximate methods [19], larger ones require online, receding-
horizon planning [20]. Sampling-based tree search extends to
continuous state and action spaces [9] but struggles in high-
dimensional control problems. Trial-and-error techniques
like reinforcement learning can learn effective policies in
large problems, but can be very data inefficient [21]. Under
certain assumptions, these problems can be addressed using
optimal control methods like model predictive control (MPC)
or Linear Quadratic Regulator (LQR) from a mean state
estimate [22]. These methods can be extended to plan over
nonlinear dynamics with iterative linearization (e.g. iLQR),
or to plan over full belief-state dynamics rather than planning
from a mean (BiLQR) [11].

III. METHODOLOGY

A. Problem Formulation
As stated previously, the goal of system identification is

to learn the system parameters. The goal of informative
input design for system identification is to choose actions
that decrease uncertainty over system parameters. Consider a
prior distribution over possible system parameters p(θ) with
shorthand bθ . Let bθ ,τ be the shorthand for the posterior dis-
tribution over system parameters consistent with observations
through the time horizon τ . With an uncertainty measure H
of the belief (e.g., Shannon entropy), we can formulate the
objective for active system identification as:

min
π

E[H(bθ ,τ)]. (2)

That is, the optimal policy π results in minimal expected
uncertainty in the parameters at the final time step τ .

We may also consider identifying system parameters
quickly, possibly in the presence of large, instantaneous
disturbances to system parameters. We can accomplish this
with an objective that minimizes stagewise uncertainty:

min
π

E

[
τ

∑
t=1

H(bθ ,τ)

]
. (3)

The goal in MIAC is to reduce uncertainty in the param-
eters and simultaneously control the system. Consider the
system state x and stagewise costs Ct(x,a). The objective is:

min
π

E

[
τ

∑
t=1

Ct(xt ,at)+λH(bθ ,τ)

]
, (4)

with trade-off hyperparameter λ . That is, we wish to deter-
mine the policy π that optimizes the control objective over
the time horizon while reducing the uncertainty in the system
parameters at the final time step.

B. ρ-POMDP Formulation
We propose solving the MIAC objective in Eq. (4) by

formulating the problem as a ρ-POMDP that combines
system states and parameters. Given a joint state s = [x,θ ],
we can define belief-based rewards as the stagewise cost of
the MIAC objective in Eq. (4):

R(b,a) =−Ex∼b[C(x,a)]−λH(bθ ), (5)

where bθ marginalizes the joint belief over θ . As is common
in informative input design [18], we assume Gaussian beliefs.

b(s) = N

(
s | µs =

(
µx
µθ

)
,Σs =

(
Σxx Σxθ

Σθx Σθθ

))
, (6)

with shorthand b = [µs Σ∗s ]
⊤, where Σ∗s is the covariance

matrix Σs flattened. Assuming nonlinear Gaussian dynamics
and measurements, we write the joint transition function as:

T (s′ | s,a) = N

((
x′

θ ′

)
| µ =

(
f (x,a,θ)

θ

)
, (7)

Σ =

(
Wx 0
0 Wθ

))
(8)



where f (x,a,θ) is the deterministic part of the dynamics
function, and Wx and Wθ are process noise matrices for x
and θ respectively. We can plan for disturbances to system
parameters by assuming a nonzero Wθ . We will use f̄ (s,a) as
a shorthand for the deterministic part of the joint transition.

We can also define a Gaussian observation function:

O(o | s,a) = O(o | x,a,θ) (9)
= N (o | µ = g(x,a),Σ =V ), (10)

where g(x,a) is the deterministic part of the observation
function and V is the observation noise. For fully observable
systems, we approximate the true observation function
O(o | x,θ ,a) = δ (o = x) with a Gaussian centered at x′ with
an arbitrarily small, user-defined covariance.

C. Belief-state iLQR

We propose solving this reformulated MIAC problem by
adapting Platt Jr. et al.’s BiLQR approach to plan over system
state and parameter beliefs with a receding horizon.

Algorithm 1 Belief-state iLQR planning applied to MIAC
Require: Nominal control sequence, (ā0, . . . , āτ−1), Current
Belief State, b0 = b0(x,θ) = [µx,0,µθ ,0,Σ

∗
x,0]

1: Set b̄0 = b0 and δat = 0 for all t ∈ {0, . . . ,τ−1}
2: while not converged
3: Forward pass: ∀t ∈ {0, . . . ,τ−1}
4: Compute nominal trajectory b̄t+1 = F(b̄t , āt +δat)
5: Set āt ← āt +δat
6: Compute matrices Ãt and B̃t from Eq. (13)
7: Compute reward, Rt(b,a) around b̄t , āt
8: Backward pass: ∀t ∈ {τ−1, . . . ,0}
9: Update value approximation as in Eq. 15 of [11]

10: Update feedback law δat as in Eq. 16 of [11]
11: return ā0

Algorithm 1 depicts the adaptation of the BiLQR planner
to MIAC. It initializes a nominal trajectory over a receding
time horizon by forward-propagating the initial belief with
zero control input. Then, it executes forward and backward
passes, starting with the initial belief state to update the ac-
tions until the optimal sequence is found. In the initialization
and forward pass, the belief-state dynamics F(b,a) propagate
the belief state over the time horizon. The dynamics are

bt+1 =F(bt ,at) =

 f̄ (µs,t ,at)
µθ ,t
Σ∗t+1

 , (11)

Σt+1 =(I− (AtΣtA⊤t +Wx)C⊤t (Ct(AtΣtA⊤t
+Wx)C⊤t +V )−1Ct)(AtΣtA⊤t +Wx), (12)

where At is the joint dynamics Jacobian matrix and Ct is
the observation Jacobian matrix. The belief-state dynamics
are linearized around the nominal trajectory. The linearized

belief-state space matrices Ã and B̃ are

Ãt =
∂F
∂b
|(b̄t ,āt )

=


∂ f
∂xt

0 0
0 I 0

∂Σ∗t
∂xt

∂Σ∗t
∂θt

∂Σ∗t
∂Σt


B̃t =

∂F
∂a
|(b̄t ,āt )

=

 ∂ f
∂at
0
0

 ,

(13)

where Σ∗t is the stacked column representation of the co-
variance matrix Σ. The forward pass propagates the mean
of the belief forward with the linearized state dynamics and
the covariance through an extended Kalman filter assuming
maximum-likelihood observations O = g(x,a).

The backward pass refines the policy using the quadratic
reward that updates the optimal actions from the initial guess.
In maximizing the reward, the resulting plan better aligns
with the system dynamics and mitigates uncertainty.

If only system identification is considered, the goal is to
reduce the uncertainty in the system parameters. Thus, the
per-time-step reward function is

Rt(b,a) = 1(t = τ)Σ∗⊤θθ ,tΛΣ
∗
θθ ,t , (14)

where Λ is a negative semi-definite matrix that penalizes
uncertainty in system parameters at time τ , measured by
Σθθ ,τ , the sub-vector of Σ∗t for just the covariance between
the unknown system parameters.

For MIAC, the stagewise reward function is

Rt(b,a) = (µx,t −µgoal)
⊤Q̂t(µx,t −µgoal)

+a⊤t R̂tat +1(t = τ)Σ∗⊤θθ ,tΛΣ
∗
θθ ,t , (15)

which incorporates negative semi-definite Q̂t and R̂t state and
action cost matrices from traditional LQR. This formulation
is equivalent to Eq. (4), with H(bθ ) as a quadratic cost
function on system parameter uncertainty. The forward and
backward passes are performed until the optimal control
sequence converges. Only the first action from the plan is
executed. We update the belief and replan after receiving
new state information. Platt Jr. et al. show that once the
belief covariance is sufficiently reduced, the system enters
a locally linear regime where LQR guarantees exponential
convergence of the belief mean to the target. BiLQR, like
iLQR, is not globally optimal but provides locally optimal
solutions around a nominal belief trajectory.

The ρ-POMDP formulation of MIAC and the BiLQR
planner allows efficient solutions in both fully and partially
observable domains with continuous state spaces.

IV. EXPERIMENTS

Our experiments consider both fully and partially ob-
servable systems to empirically demonstrate our adapted
BiLQR’s performance. As expected, performance degrades
under partial observability compared to full observability, but
BiLQR is more successful, and this case provides a strong
lower-bound baseline for comparison. We compare informa-
tive input design performance against filtering and regression



baselines and MIAC performance against model predictive
control (MPC) with regression and extended Kalman filter
(EKF) baselines. Moreover, we demonstrate robustness to
time-varying disturbances in system parameters.

We use the POMDPs.jl framework for our experi-
ments [23]. For full experimental details, including cost ma-
trices and hyperparameters, see https://github.com/
sisl/MIAC_BiLQR/.

A. Problem Domains

We discuss the problem domains used in our experiments,
the POMDP definition, their fully and partially observable
variations, and the system parameters to be identified.

1) Cart-pole: In this one-dimensional traditional control
problem, a cart moves along a track, and a pole, attached by
a pivot, must be balanced upright. The state of the system
xt is described by the cart’s position pt , the pole’s angle ψt ,
and their respective velocities ṗt and ψ̇t . Control is achieved
by applying a one-dimensional force a to the cart [24]. We
assume the mass of the pole is unknown and seek to identify
the log mass, θ = logmp.

The dynamics follow xt+1 = xt + ẋtδ t where

ẋt =


ṗt ,
ψ̇t ,

mp sinψt(Lψ̇2
t +gcosψt)+a
h

− (mc+mp)gsinψt+mpLψ̇2
t sinψt cosψt+acosψt

hL

 . (16)

Reward is given for minimizing control effort and keeping
the pole within 12◦ of the vertical [24]. The partially ob-
servable setting includes noisy observations of cart and pole
position, i.e., g(x,a) = [p,ψ]⊤ with Gaussian noise V .

2) Aircraft Steady Flight: We adapt the linear aircraft
informative input design problem from Ott et al. to a
longitudinal motion model with three degrees of freedom.
The goal is to identify the linear state-space dynamics defined
by the transition matrix Φ1 and input matrix Φ2. The state
xt consists of horizontal and vertical velocity perturbations
ut and wt , angle of attack αt , and pitch rate α̇t . The action
at includes elevator deflection δe and throttle δth. To test
the method on multiple unknown parameters while balancing
computational efficiency, we treat the first columns of Φ1 and
Φ2 as the unknown parameters.

The state evolution is governed by the equation:

xt+1 = Φ1xt +Φ2at .

Reward is given for keeping αt within 0◦ to 30◦, maintaining
non-negative vertical velocity, and minimizing control effort.
In the partially observable setting, all states except pitch rate
are observed, i.e., g(x,a) = [u,w,α]⊤ with Gaussian noise V .

B. Experiments and Discussion

1) Informative Input Design Comparison: We evaluate
BiLQR on informative input design in fully and partially
observable environments using (1) the trace of the final
system parameter covariance, Σθθ ,T (zero indicates complete
uncertainty reduction), and (2) the log likelihood of the true

parameter, log p
θ̂ ,τ (higher implies more accurate estimates).

We benchmark BiLQR against approximate least squares
(regression) and an EKF applied to the joint state under a
random policy sampled from U (amin,amax).

Table I summarizes the performance of the algorithms
on the domains, averaged across 150 simulations per ex-
periment. BiLQR significantly outperforms both baselines
at reducing uncertainty in system parameters, as shown by
the lower trace of the system parameter covariance matrix.
Additionally, the log likelihood at the final time step for
the system parameters is the highest for BiLQR, indicating
a higher probability that the system parameters learned by
BiLQR are accurate. In the partially observable environ-
ments, the uncertainty is higher, and the log likelihood is
lower than in the fully observable counterparts, indicating
that it was more difficult to identify the system parameters.
Still, BiLQR outperformed the EKF baseline in this setting.

2) Model Identification Adaptive Control Comparison:
Our evaluation metrics for MIAC are the trace of Σθθ ,T ,
log p

θ̂ ,τ , and the expected reward over the time horizon
E[R(b,a)], indicating success in achieving the control ob-
jective. For the cart-pole domain, the objective is to balance
the pole at ψ = π/2. For the aircraft domain, the objective
is to reach a forward speed of 100 m/s and reduce vertical
velocity, angle of attack, and pitch angle rate to zero. We
benchmark BiLQR against both a least squares approxima-
tion and using an EKF when following model predictive
control (by solving a quadratic program) and also using an
EKF when following a random policy.

Table II summarizes the performance of the algorithms on
the different domains, averaged across 150 simulations per
domain and observability variation. In both problem domains
with both full and partial observability, we see that BiLQR
reduces uncertainty, as shown by the low trace of the system
parameter covariance matrix. It performed comparably to
MPC with EKF updates, indicating it learned the system
parameters just as effectively. Also, as indicated by the higher
average reward per time step, BiLQR drives the system to
achieve the objective better than all of the baselines.

Figure 1 shows performance over time for the cart-pole
fully observable environment. BiLQR does better than EKF
and both MPC baselines in reducing the uncertainty about
the pole mass, as shown by the higher final log likelihood.
This measure indicates that the BiLQR estimate achieved
for the mass at the final time step is most accurate. In this
plot, BiLQR’s log likelihood remains higher than the other
baselines for most of the time horizon, indicating that it finds
more accurate estimates earlier than the baselines.

Figure 2 shows performance over time for the partially
observable aircraft environment. BiLQR performs better than
EKF and MPC with EKF in reducing the uncertainty about
unknown elements of the linear state space Φ1 and Φ2 matri-
ces, as shown by the higher log likelihood across most of the
time horizon and at the final time step. This log likelihood
was calculated from the multivariate Gaussian distribution
defined by the vector of means for the unknown elements and
the associated covariance matrix. BiLQR’s likelihood also



Cart-Pole Full Obs Cart-Pole Partial Obs Aircraft Full Obs Aircraft Partial Obs
Solver tr

(
Σθθ ,τ

)
log p

θ̂ ,τ tr
(
Σθθ ,τ

)
log p

θ̂ ,τ tr
(
Σθθ ,τ

)
log p

θ̂ ,τ tr
(
Σθθ ,τ

)
log p

θ̂ ,τ

BiLQR 0.012±0.001 0.514±0.147 0.108±0.007 −2.396±1.824 7.994±0.470 −4.976±0.425 22.604±0.816 −7.792±1.202

Random + EKF 0.022±0.002 −39.945±29.861 0.132±0.011 −4.507±2.932 32.329±0.148 −31.219±2.613 45.970±0.079 −17.837±1.937

Regression 0.172±0.081 −35.235±3.966 − − 49.480±0.234 −28.865±1.362 − −

TABLE I: Informative input design with ρ-POMDP planning, reported mean and standard error of Σθθ ,T and log p
θ̂ ,τ over

the predicted distribution across 150 simulations using BiLQR with a covariance minimizing objective, random policy with
EKF, and linear regression.

Cart-Pole Full Obs Cart-Pole Partial Obs

Solver tr(Σθθ ,τ ) log p
θ̂ ,τ R(b,a) tr(Σθθ ,τ ) log p

θ̂ ,τ R(b,a)

BiLQR 0.010±0.001 0.022±0.328 4.251±2.050 0.140±0.010 −0.699±0.169 4.035±2.046

MPC + Regression 0.096±0.012 −46.671±6.270 3.687±1.635 - - -
MPC + EKF 0.011±0.001 −6.497±5.102 3.748±2.185 0.145±0.010 −13.114±9.782 3.863±2.052

Random + EKF 0.022±0.002 −39.945±29.861 3.584±1.804 0.132±0.011 −4.507±2.932 3.606±2.141

Aircraft Full Obs Aircraft Partial Obs

Solver tr(Σθθ ,τ ) log p
θ̂ ,τ R(b,a) tr(Σθθ ,τ ) log p

θ̂ ,τ R(b,a)

BiLQR 2.057±0.120 −3.377±3.353 77.953±12.905 22.609±0.334 −7.919±0.900 78.429±12.471

MPC + Regression 44.974±0.289 −180.014±10.128 3.707±0.902 − − −
MPC + EKF 9.440±0.212 −7.578±3.010 56.040±18.239 20.741±0.146 −8.035±6.288 58.033±19.242

Random + EKF 32.329±0.148 −31.219±2.613 51.707±17.305 45.970±0.079 −17.837±1.937 51.967±16.678

TABLE II: MIAC with ρ-POMDP planning, reported mean and standard error of Σθθ ,T and log p
θ̂ ,τ over 150 simulations

using BiLQR with a covariance-minimizing objective, MPC with linear regression and EKF, and a random policy with EKF.
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Fig. 1: MIAC log p(θ̂ | a1:t ,o1:t) for BiLQR, Random +
EKF, MPC + EKF, and MPC + Regression in one example
simulation of the fully observable cart-pole environment
(showing the mean trend with error would obscure the
BiLQR trend, since the baseline uncertainties in log p

θ̂ ,τ are
orders of magnitude larger than BiLQR).

rises faster than the baselines, so more accurate estimates
were found earlier in this example as well.

3) System Identification during Disturbances: In the ρ-
POMDP formulation, a nonzero Wθ enables robust planning
against parameter disturbances. For example, although the
cart-pole mass remains constant in practice, a large dis-
turbance may alter its modeled value to better model the
dynamics. We simulate a sudden change in mass to test
our approach with non-stationary parameters. As shown in
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Fig. 2: MIAC log p(θ̂ | a1:t ,o1:t) for BiLQR, Random + EKF,
and MPC + EKF in one example simulation of the partially
observable aircraft environment.

Figure 3, BiLQR quickly tracks the change and reduces
uncertainty about the pole’s mass, with a slight delay to first
detect and then adjust to the abrupt shift using observed data.

V. CONCLUSION

We framed informative input design and model identi-
fication adaptive control in fully and partially observable
systems as a ρ-POMDP, with system parameters as hidden
variables and a belief-based objective to balance control with
system identification. Our experimental results on both fully
observable and partially observable domains demonstrate that
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Fig. 3: Tracking change in pole mass that changes suddenly
at time t = tc for one example simulation with BiLQR.

our adapted BiLQR significantly outperforms baselines, par-
ticularly in scenarios with high measurement noise. We also
demonstrate robustness to time-varying system parameters.

Limitations of our approach include its local optimal-
ity and the computational challenges of scaling to high-
dimensional state or parameter spaces. Real-time feasibility
may be improved through warm-started linearizations or
low-rank approximations. Framing MIAC as a ρ-POMDP
also invites opportunities for incorporating constraints and
exploring other belief-space planning approaches.
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