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Abstract—Designing learnable information-theoretic objectives
for robot exploration remains challenging. Such objectives aim to
guide exploration toward data that reduces uncertainty in model
parameters, yet it is often unclear what information the collected
data can actually reveal. Although reinforcement learning (RL)
can optimize a given objective, constructing objectives that reflect
parametric learnability is difficult in high-dimensional robotic
systems. Many parameter directions are weakly observable or
unidentifiable, and even when identifiable directions are selected,
omitted directions can still influence exploration and distort
information measures. To address this challenge, we propose
Quasi-Optimal Experimental Design (QOED), an adaptive in-
formation objective grounded in optimal experimental design.
QOED (i) performs eigenspace analysis of the Fisher information
matrix to identify an observable subspace and select identifiable
parameter directions, and (ii) modifies the exploration objective
to emphasize these directions while suppressing nuisance effects
from non-critical parameters. Under bounded nuisance influence
and limited coupling between critical and nuisance directions,
QOED provides a constant-factor approximation to the ideal
information objective that explores all parameters. We evaluate
QOED on simulated and real-world navigation and manipulation
tasks, where identifiable-direction selection and nuisance suppres-
sion yield performance improvements of 35.23 % and 21.98 %,
respectively. When integrated as an exploration objective in
model-based policy optimization, QOED further improves policy
performance over established RL baselines.

I. INTRODUCTION

In robot exploration, information-theoretic objectives pro-
vide a principled mechanism for making effective use of
limited interaction budgets by encouraging actions that collect
data reducing uncertainty about unknown quantities. Bayesian
optimal experimental design (BOED) [1] formalizes this idea
by selecting actions that maximize expected information gain
about a chosen set of parameters [1]. This perspective has
been used across robotics, including active perception for
scene representations [2—4], sim-to-real transfer via simulator
calibration [5, 6], and manipulation via contact-rich interac-
tions [7]. Due to its statistical rigor, BOED can substantially
improve exploration efficiency by prioritizing informative data.

Website with additional information, videos, and code: https://www.
youwei-yu.com/qoed.

However, the success of BOED-based exploration depends
on a well-specified objective—in particular, choosing pa-
rameters that the collected data can reliably reveal (i.e.,
that are sufficiently observable and identifiable). In practice,
learnability varies widely across settings: geometry can be
more observable than appearance in active perception [2-
4], and mass/motor properties can be easier to infer than
aerodynamic effects in system identification [6]. In challenging
scenarios, such as a quadruped traversing ice, it may be
difficult to determine whether abnormal behavior is caused
by the environment or by degraded actuators [8]. When the
objective is well defined, BOED can also yield interpretable
behaviors (e.g., rubbing to estimate friction) [7]. Nonetheless,
specifying the “critical” parameters typically requires domain
expertise and often assumes they can be pre-specified a priori.
Moreover, naively ignoring unselected parameters can distort
information objectives and lead exploration to pursue spurious
or uninformative directions.

This work addresses the challenge of adaptively design-
ing learnable information-theoretic objectives. We focus on
identifying critical parameters online and reducing the in-
fluence of nuisance parameters on the exploration objective.
To this end, we propose Quasi-Optimal Experimental Design
(QOED). QOED first leverages eigenspace analysis of the Fisher
information matrix to identify an observable subspace and
select identifiable parameter coordinates. It then constructs
an adaptive information objective that emphasizes the critical
coordinates while suppressing nuisance directions.

Our main contributions include:

1) Identifying Critical Parameters. Many physical param-
eters in robotic systems are weakly observable or uniden-
tifiable. We analyze the eigenstructure of the FIM to
characterize an observable subspace and select a compact
set of identifiable parameter directions.

2) Adaptive Information Objective. The proposed adap-
tive information-theoretic objective emphasizes critical
directions of interest while suppressing the influence of
nuisance parameters. Under bounded nuisance effects and
limited coupling between critical and nuisance directions,
this objective yields a constant-factor approximation to
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the ideal objective that explores all parameters.

3) QOED for Model-Based Policy Optimization. Be-
yond pure exploration, we integrate QOED into model-
based policy optimization (MBPO). We learn a physics-
conditioned forward dynamics model that enables estima-
tion of the QOED objective, and augment the task reward
with this objective to guide robot exploration.

II. RELATED WORK

Exploration is a central challenge in robotics because real-
world interaction is expensive. In this section, we review (i)
exploration methods in RL, (ii)) BOED for exploration objec-
tives, and (iii) model-based policy optimization, highlighting
the practical gaps that arise when bringing BOED into real-
world robotic learning.

A. Learning to Explore

Exploration in robotics has moved from heuristics-driven [9]
to learning-based methods. In RL, exploration is typically
implemented through additional reward bonuses and is often
grouped into two families: uncertainty-driven (information
gathering) and intrinsic-motivation (curiosity).

Uncertainty-driven exploration. It encourages actions that
reduce uncertainty. A common distinction is between: (i)
uncertainty about learned parameters (e.g., value functions),
and (ii) irreducible randomness in the environment (e.g.,
stochastic transitions). In discrete settings, the uncertainty
can be propagated with Bayesian updates [10]. In continuous
domains, it is often approximated using low-dimensional struc-
ture [11] or ensembles/bootstrapping [12, 13]. Exploration is
then driven by reducing parameter uncertainty [10], controlling
information regret [14], or reducing uncertainty in predicted
returns [15]. Irreducible randomness is commonly modeled
with distributional RL [16, 17]. Although theoretically distinct,
these uncertainty sources often overlap in practice [15, 18].

Curiosity-driven exploration. Curiosity bonuses encour-
age agents to seek experiences that are either novel or hard
to predict. For novelty, classic count-based methods in tabular
RL [19] have been extended to continuous spaces using density
estimation [20, 21]. Go-Explore [22] further biases exploration
by returning to previously discovered states and expanding
from them. For prediction-based curiosity, Random Network
Distillation (RND) [23] uses the prediction error of a fixed ran-
dom target network as an intrinsic reward. Related methods use
forward dynamics prediction [24, 25] or inverse dynamics to
emphasize controllable novelty [26]. Physics-based curiosity
can also be defined through parameter estimation error [27],
but it typically assumes a small and specified set of parameters.

B. Bayesian Optimal Experiment Design

BOED selects experiments (e.g., actions) to maximize ex-
pected information gain about unknown parameters. However,
classical BOED typically relies on two assumptions: (i) a
compact, expert-defined set of parameters, and (ii) an accurate
probabilistic model for predicting information gain.

Choosing parameters of interest. BOED traditionally
assumes key parameters are pre-specified by experts. With
a good choice of parameters, BOED has achieved strong
results in locomotion [6], underactuated control [28], and
manipulation [7, 29]. However, success hinges on parameters
that are both observable and identifiable (e.g., masses and
damping in a cart-pendulum system [28]). This assumes
that unselected parameters do not alter experiment utility.
While active subspaces [30] provide tools for dimensionality
reduction, they are typically applied to static experimental
design. Standard Bayesian active learning can fail in the
presence of nuisance parameters [31]. Nonetheless, identifying
nuisance parameters and accounting for their influence remains
a significant gap.

Statistical model. In policy learning, the statistical model
usually represents forward dynamics [6]. Robotics applica-
tions often employ manually-designed physics models with
Gaussian noise to ensure analytical tractability [5-7]. While
effective in controlled settings, these are sensitive to model
mismatch. Conversely, model-based reinforcement learning
(MBRL) excels at learning dynamics [32] but often lacks
the tractable likelihoods required for BOED. Consequently,
a practical gap persists between predicting the next state and
estimating the information gain it yields.

C. Model-Based Policy Optimization

Much recent progress in robotic RL relies on models that
can generate large amounts of training experience with little
additional data collection. These models are typically either
(i) physics simulators or (ii) learned dynamics models.

Simulators. Physics simulators act as a library of validated
physical rules and have enabled impressive sim-to-real transfer
in agile locomotion and manipulation [33-37]. Ongoing work
continues to improve simulator fidelity and breadth [38], but
accurately modeling every aspect of the real world (e.g., fluids,
contact micro-effects) remains difficult, and the sim-to-real gap
can still limit performance.

Learned world models. MBRL learns a dynamics model
directly from real experience and uses it to generate imagined
rollouts in parallel [39, 40]. Training policies using imagined
rollouts from a learned model is often referred to as model-
based policy optimization [39]. Our proposed approach is
based on this framework, but we emphasize an additional re-
quirement that is critical for BOED: the model should support
likelihood-based reasoning about unknown parameters.

In contrast to existing work, our model is designed to be
both a forward dynamics model for imagined rollouts and a
statistical model that supports BOED-driven exploration.

III. PRELIMINARY

We study a hidden-parameter Markov decision process
(MDP) defined by the tuple (S, A, ®,po, P,p(¢), R, T,7).
States are s € S C R, actions are a € A C R% and
the hidden parameters are ¢ € ® C R™ with prior p(¢). The
initial state is sg ~ po(sp). Given (s¢, at, ¢), the next state is
sampled from the transition model P(-|sy, at, @), i.e., Sg11 ~



p(St+1lst, at, @). The per-step reward is R: S x A — R, the
horizon is 7' € NT, and v € (0, 1] is the discount factor. We
write a trajectory prefix as 7+ = [sg, @o,S1, - .., @t—1,S¢]. For
a stochastic policy m(als), the induced distribution over 7 is

t—1

p(7ild. ) = po(so) [ [ m(arlsk) p(ss1lse, ar, @). (1)

k=0

Problem 1 (Policy learning with an exploration objective).
We learn a stochastic policy 7 (al|s) that maximizes reward
while also collecting data that helps estimate the hidden
parameters ¢. Concretely, we solve

" =argmax Epg) p(r|p,m) l
well

T-1
> " (Rsisa0) + aB(glm))
t=0
S.t. Sty1 ~ p(St+1 |St, a, ¢)7 St € S, a; € A, Vt(z)

where B(¢p|T:) is an exploration objective computed from
the trajectory prefix T, and « > 0 controls the trade-off
between task reward and exploration.

Across the literature, ¢ can represent different unknowns,
ranging from explicit physical parameters [5] to weights
of neural networks [41]. In this paper, ¢ denotes physical
parameters (e.g., friction). These parameters are interpretable
and can be used as inputs to a forward dynamics model.
We focus on physically meaningful parameters to avoid the
degeneracy caused by arbitrary unit scalings.

A. Exploration Objective from Information Gain

We design the exploration objective 3; to encourage col-
lecting data that is informative about ¢. Intuitively, data
is informative if changing ¢ would noticeably change the
likelihood of the observed transitions. We motivate this using
Bayesian optimal experiment design (BOED) and the Fisher
information matrix (FIM).

Definition 1 (BOED with Fisher Information). BOED
chooses a design to maximize the expected information
gain (EIG) about unknown parameters. In our setting, the
“design” is the policy m. We quantify the information
content of a trajectory Ty with respect to ¢ using FIM,
which measures the sensitivity of the trajectory distribution
to parameter perturbations. For a trajectory prefix T, define
the score g(T¢, @) := Vg log p(7¢|¢, ). The FIM is

Td) = ETtNP(Tt‘(Ib,‘IT) g(Tt’ d)) g(Tt7 ¢)T:|7 (3)

assuming standard regularity conditions (Sect. 2.3.1
in [42]). Since the policy w(a|s) and initial state distri-
bution p(sg) are independent of the parameters ¢, their
gradients vanish. The score depends solely on the transition
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Fig. 1: Fisher information matrix values for physical parameters of
26 representative robots. Color denotes parameter type; size indicates
information content. The large variation in information distribution
indicates that information can be concentrated in only a few critical
physical parameters.

dynamics:
t—1
Velogp(ri|d, m) = Vg logp(siiilsk, ar, @). (4)
k=0

The full derivation is given in Appendix B.

To obtain a single scalar measure of informativeness, we
summarize the FIM using its trace (i.e., T-optimality [43]):

Ideal BOED Objective :  Bpopp(¢|Ti) = tr(Fe). (5)

B. Challenges to Address

The success of BOED-style exploration depends on ideally
an expert-curated, low-dimensional set of critical parameters.
This expert curation relies on the implicit assumption that
other excluded parameters exert negligible influence on the
policy exploration. Real robots often provide neither. This
leads to two questions that we address in this paper:

Q1 Critical parameter subspace. In high-dimensional sys-
tems, only a few “critical” parameters affect what the
information can reveal [44, 45] (see Fig. 1 for an illus-
tration). Can an agent identify these critical parameters
automatically, without expert assumptions?

Q2 Subspace-optimal experimental design. Simply opti-
mizing for critical parameters is insufficient; discarded
parameters inevitably affect the information objective.
Consequently, how can we design an objective to com-
pensate for these unmodeled effects, ensuring the policy
remains near optimal to the full BOED—the ideal objec-
tive computed over the entire parameter space?



IV. METHOD

This section details our design of an exploration objective to
focus on critical parameter directions that are learnable from
data. Sect. IV-A identifies a compact, non-redundant set of
critical parameters, and Sect. IV-B introduces QOED, which
prioritizes these parameters while suppressing the influence of
the remaining ones. Sect. IV-C integrates QOED into model-
based policy optimization to improve policy performance.

A. Selecting Critical Parameters

To answer Q1 presented in Sect. III-B, we select critical
parameters in three steps: (i) estimate the current parameter
values, (ii) find the well-observed subspace via eigenspace
analysis of the FIM, and (iii) select a compact set of parameter
coordinates within the observable subspace that are weakly
correlated with each other, improving identifiability.

Step I — Parameter estimation. Because the FIM de-
pends on the parameter value, we first estimate ¢ from data.
Given an observed trajectory prefix 7°"* with action sequence
A; =lag,...,a;_1], we estimate ¢ by matching rollouts to
the observed trajectory:

¢ = arg m(gnEpr(nW,At) [ = 7l3] - ©)

Here p(7¢|¢, A;) is the trajectory distribution with fixed
actions Ay, i.e., p(7¢|¢, At) = p(so) Hz;lo p(Sk+1|Sk, Ak, @).
See Appendix B for the derivation. Although differentiability
would allow gradient-based optimization, we use the cross-
entropy method (CEM) [46], a derivative-free optimizer, which
is effective in practice [5]. We maintain a Gaussian belief
over parameters, p(¢) = N (ug, X4), and update uncertainty
approximately as X, < (.7-' P E;l)_l, analogous to
updates in extended Kalman filtering [47]. This Gaussian
approximation may overestimate uncertainty, but it empirically
facilitates parameter convergence in our setting [7, 47].

Step II — Identify the well-observed subspace. We use
eigenvalues and eigenvectors of the FIM to identify the critical
parts of the parameter space. Eigenvalues indicate how much
information the trajectory provides along different directions in
parameter space (larger is better). In high-dimensional settings,
many FIM eigenvalues are often close to zero [44], meaning
the data carries little information about many directions (as
shown in Fig. 1). Eigenvectors indicate which physical pa-
rameters are contributing together in a particular informative
direction (in some cases, individual parameters may not be
separable: different physical parameters can produce nearly
indistinguishable behavior [45], which prevents reliable iden-
tification of individual parameters). We start with the following
assumption for FIM’s eigen-decomposition.

Assumption 1 (Regularity). Assume p(7¢|¢p, ™) is contin-
uously differentiable in ¢ and its score has bounded norm:

Vg logp(re|d, )|| < s~ Vb € @,

for some constant 6y.g > 0. This holds under standard

smoothness and boundedness conditions; for example, if ¢
is compact and the score is uniformly bounded.

Lemma 1. For any ¢ € @, the FIM F4 € R™*™
is symmetric positive semidefinite and admits an eigen-
decomposition

Fp=WAW' A =diag(A\i,..., \m),

where \y > -+ > XAy > 0and W = [wy,...,w,,] €
R™>™ is orthonormal. The Fisher information along eigen-
direction w; equals \;:

Ernp(rigm | (Vo logn(rle, m)Twi)*] = A

Proof: Please refer to Appendix C. O

Lemma 1 shows that each eigenvalue \; measures infor-
mation along eigen-direction w;. If \; = 0, then the score
has zero projection onto w;, and trajectories provide no
local information in that direction. The Cramér-Rao lower
bound [48] further implies that small \; correspond to large
lower bounds on estimation error.

Proposition 1 (Multivariate ~ Cramér—Rao  lower
bound [48]). Let ¢ be any unbiased estimator of the
true parameters ¢. Under standard regularity conditions,

Cov(e) = .7:;1,
where F ¢ is the FIM. Consequently,
Ell) - ] = tr(24) > tr(F5}).

Let deig > 0 be an eigenvalue threshold and define the index
set of well-observed directions 0 = {i | A; > deig}, With
|o| = n. We partition the eigen-decomposition as

As O .
A= |: 0 Ao:| 5 W = [Wo Wﬁ] , 0= {Z|>\z > 5eig}7
(7

where W, = W[;,;0] € R™*" spans the well-observed
subspace and Wg € R™*(™=") gpans the weakly observed
(or unobserved) subspace. Importantly, individual physical pa-
rameters may not be observable by themselves; the observable
direction is defined as WI ¢ in the literature [30], which
represents linear combinations of physical parameters.

Step III - Select identifiable parameter coordinates.
Even if a direction is well observed, it can correspond to a
linear combination of multiple physical parameters. To obtain
a compact and interpretable set of coordinates, we select a
subset of parameter indices k C {1,...,m} that (i) have
strong components in the well-observed subspace and (ii) are
not redundant with each other. Let ro be the j-th row of
W,,. Intuitively, r; describes how parameter j loads onto the
well-observed directions. Selecting indices k gives the row-
submatrix Wy, = Wk, o] € RkI*" With a budget |k| < n,
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Fig. 2: Information gain trajectories. Top: Fisher information
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timizing information in both parameters can drift off the identifiable
ridge. Restricting the objective to selected coordinates can stay closer
to the ridge but may still excite non-identifiable directions. Our QOED
method (Sect. IV-B) adds constraints/regularization to suppress these
directions and keep trajectories near the ridge.

we choose

k:

arg max
kC{1,....m}: |k|<n

S.t. ‘COS(I‘Z‘7rj)| < 6c057 Vi 7é Js 4, J € k7

log det (Wko W{O) "

where cos(r;,r;) = /v /|lr;|lr;|. The log-determinant term
favors a diverse set of rows that spans the well-observed
subspace, and the cosine constraint prevents selecting highly
correlated parameters. We approximately solve Eq. (8) with
a lazy-greedy procedure [49] that adds one index at a time
and rejects candidates that violate the cosine constraint. In the
rare case where two parameters induce the same observable
direction, this procedure keeps only one representative.

Solution to Q1. Steps I-III output the index set k. We refer
to the selected coordinates ¢ = ¢[k]| as the critical (identi-
fiable) parameters. A straightforward exploration objective is
the FIM restricted to these coordinates. Let Fix = F gk, k]
be the principal submatrix of the FIM. We define

Agnostic QOED Objective :  Bagnostic (@|7T¢) = tr(Fkk) ,

)
where the term “Agnostic” indicates that this objective ignores
discarded (i.e., non-critical) parameters.

B. Adaptive Information-Theoretic Objective

We now present our Quasi-Optimal Experimental Design
(QOED). To answer Q2 presented in Sect. III-B, QOED prior-
itizes information gain in critical parameter coordinates ¢y
while suppressing the influence of the remaining ones. This
operation is important because non-critical or weakly identi-
fiable parameters can still influence the dynamics and induce
non-negligible Fisher information. In such settings, simply
dropping parameters as in Eq. (9) can distort the information

objective [30]. Formally, denote the score as g = [gk; gl
so that F4 = E[gg'] implies the block form in Eq. (10).
The agnostic objective Bagnosic = tr(Fkk) maximizes the

retained score energy E||gi||3 while treating gi as irrelevant.

However, the discarded energy E|lgi||3 = tr(Fig) can be
non-negligible, and gy can be correlated with gi- (via F5).
As a result, maximizing tr(Fyx) can overestimate how much
the data truly informs ¢y: the apparent information may arise
mainly from correlations with nuisance directions (via F,3).
Solution to Q2. Let k denote the critical parameter indices
returned by Sect. IV-A, and let k = {1,2,...,m} \ k be the
complementary indices. We block-partition the FIM as
Frac :Fkk}
Fao Tl
QOED uses the nuisance-adjusted Fisher information for ¢y,
given by the Schur complement'

Ty = Frk — Frae Fgp Frae: (11)
We define the QOED information objective using the trace:

QOED Objective : BQOED(¢|Tt):tr<Ik‘E). (12)

Fop= { (10)

Algorithm 1: QOED Information Objective

Input : Trajectories {7;,,}Y ;, parameter ¢, policy 7
Default: Thresholds of eigenvalue i, = 0.1,
g = 0.01, and similarity dq0s = 0.95

/* Fisher Information Matrix Eqg. (3) */
N

Fo(m) = § Xn18n8n, 8= Vglogp(Tin|e, ™)

/* eigen-decomposition %/

WAW ' Fo(m)

/* Observable Subspace Eg. (7) */

Jeig < max(Jeig, Cteig - max diag(A))

Split (A, W) into (Ao, Wy), (As, W5) with Jeig

/* Identifiable Parameters Eg. (8) */
Greedy select k from W, with §cs

0k« {1,2,..., |9} \ k

Return: tr (F) — tr (]:kﬁ}—%i}-ﬂk)

e 0 NN T AR W N -

Alg. 1 summarizes the computation of the QOED informa-
tion objective. We use a relative threshold ci, - max diag(A)
to make the eigenvalue split robust to global scalings. Here,
we also give an interpretation of the Schur complement.
Partition the score as g = [gx; g;|. Then the Schur comple-
ment Ik|§ equals the covariance of the residual score after
removing the best linear prediction from gi: tr(Zyg) =
mina E[[lgx — Aggll3]. Thus QOED rewards information
about the critical parameters that cannot be linearly predicted
from the non-critical ones. As shown in Fig. 2, QOED stays
near the identifiable ridge while optimizing the full trace drifts
off the ridge. On the other hand, from an eigen-subspace view-
point [30], projecting the score onto a selected FIM eigenspace
discards an expected squared score magnitude equal to the
sum of the omitted eigenvalues (Appendix F). The following
theorem shows that optimizing QOED is quasi-optimal, in the
sense that it achieves a constant-factor approximation to the
full BOED objective.

I'We use the standard stabilization Fix ¢ Fix + €l before inversion.



Theorem 1 (Quasi-optimality w.r.t. full BOED). Make the
policy dependence explicit by writing F™ := F ¢ in Egq. (3).
Fix a set of critical indices k1( with complement k) and let

k‘k = Fr—Fre (F&) ~ Fr.. Define the full BOED
and QOED ob]ecnves

BBOED(W) = tr(f'")7 BQOED(T‘-) = tr( k|k) (13)

Let m* g arg max,.cp Bpoep(7)  and
T € argmax,cy Booep(w). Assume Firy > 0 and
Fix = 0 for all w € 11 and define
tr(Fig)
= sup ———=%
T e u(FL)’

(14)
B=sup [|(Fm) ™!
well

2]:.;‘. (:F.ﬂ- 71/2H

If n < 00 and B < 1, then the QOED-optimal policy is
a constant-factor approximation to the full BOED-optimal

policy:
w(FF) > 10
I+n
Proof: Please refer to Appendix E for a justification of
1 and (3, an extension to our time-varying k, and a proof
that the agnostic objective is not quasi-optimal in general.
O

tr(F™). (15)

C. Policy Learning with QOED

We consider Problem 1 in a model-based policy optimiza-
tion (MBPO) setting [39]. Because analytical physics models
can be mismatched to real dynamics, we learn a differentiable
dynamics model

qo(St+1lse, as, @), (16)

parameterized by 6. Together with a policy w(als), this
induces a trajectory likelihood gg(7¢|¢, ) that serves as a
surrogate for the real likelihood p(7:|¢, 7). We instantiate
ge with a shortcut model [50]: we sample latent noise § ~
N (0, I) and generate a one-step state increment via a transport
map Tp,

o ~N(0,I), si+1 =8¢ +To(0,8¢,a¢,0). 17

We train Ty using the shortcut-model objective [S0] (Ap-
pendix A). If Ty is invertible in §, then the conditional log-
density follows by change of variables [51]:

log QB(St+1 |St, ag, ¢)

(18)
where pg is the standard normal density and & is the la-
tent satisfying s;+1 — s; = Tp(0,s¢, at, ¢). This yields a
tractable estimate of the FIM; the trajectory-level derivation
is in Appendix B, following Eq. (4). We parameterize Ty
with a Transformer [52]: state, action, and parameter inputs
are embedded by separate MLPs, processed by a six-block
Transformer with Adaptive Layer Normalization (AdaLN),
and mapped to the output by a final AdaLN modulation layer.
Architecture details are in Appendix G.

= log po(0)—log |det V5To(d,s¢, ar, d)|,

To learn the policy, we follow the MBPO paradigm [40] us-
ing a learned dynamics model gg to train a PPO [53] policy .
Specifically, we follow the Robotic World Model [40] pipeline.
To prevent catastrophic failure and initialize the dynamics
model with physics knowledge, we pretrain both the policy
7 and the dynamics model gg in simulation with domain
randomization of physics parameters [54]. Upon deployment,
we transition to online learning to bridge the reality gap. At
each iteration:

1) Collect a transition (s, a, o, St+1) with the current policy
™, where c;B is estimated using Eq. (6), and update D <
DU{(st,ar, @,s141)}-

2) Update dynamics gg with the shortcut model objective [50]
using data sampled from dataset D.

3) Roll out imagined trajectories with domain randomization
branched from states in D under gg, 7, and p(¢). Update
7 with rewards augmented by Alg. 1.

Exploration terminates when the trace of the parameter pos-
terior covariance falls below y,, and the dynamics prediction
error falls below d4yn. The prediction error is measured as the
horizon-H {5 deviation between real states and model rollouts.

V. SIMULATION EXPERIMENT

We evaluate the two questions raised in the preliminary
section. (Q1) Does the QOED strategy collect information that
improves identification of unknown parameters? (Q2) Does
QOED improve policy learning compared with state-of-the-art
methods? What is the contribution of each component? Finally,
we compare the learned dynamics model against the purely
analytical physics model.

Environments. We evaluate on seven environments in Mu-
JoCo [55], covering locomotion and manipulation platforms:
Unitree Quadruped Gol-Flat and Gol-Rough (54), Hu-
manoid G1-Flat and G1-Rough (119), Clearpath Vehicle
Jackal-Flat and Jackal-Rough (31), and the dexterous
Inspire-FTP Hand-Rotate (104). The numbers in paren-
theses denote the dimensionality of the physical parameters.
Flat and Rough indicate flat ground and uneven terrain,
respectively. All policies are pretrained in mjlab [56] with 100
episodes, using the mjlab default configuration, and then run
in MuJoCo with 20 episodes, on a single NVIDIA 4090 GPU.
In MuJoCo, we use a single robot as a surrogate for real-world
challenges, and we randomize physics coefficients by sampling
from mjlab’s default domain randomization distribution. We
additionally test multiple noise levels, with the first level set
to 0 = 0.025. Full settings are provided in Appendix G.

A. Does QOED yield informative data?

In the MuJoCo evaluation, we analyze Q1 using the RMSE
of (i) parameter estimates and (ii) dynamics predictions. We
compare QOED against two ablations. (1) QOED-AGNOSTIC
only considers identifiable parameters [5, 6], defined in Eq. (9)
as Bagnosiic(@|T:) = tr(Fik), which is agnostic to the
discarded parameters. (2) BOED is the canonical and ideal
formulation that uses all parameters, defined in Eq. (5) as
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Fig. 3: Policy performance across diverse robot environments. QOED-PHYSICS with ground-truth physics consistently outperforms baselines,
validating our adaptive information objective. QOED with learned dynamics also performs well, highlighting the promise of learned models

for exploration.

Bgoep(@|T:) = tr (Fg). We do not include an “observable-
subspace” BOED variant because the observable directions
W/ ¢ need not map uniquely to physical parameters. All
methods use the same CEM optimizer and learned dynamics
model, running 5 optimization steps with 2048 samples per
step. Following [57], we use a« = 1, H = 258, §yar = 0.052,
and dqyn = 1 as defaults.

Results. Table I reports (i) the RMSE of parameter estimates
and (ii) the RMSE of dynamics prediction when using the
within-episode parameter estimate, averaged over 25 random
seeds per scenario. Across all scenarios and noise levels,
QOED achieves the strongest dynamics-prediction RMSE and
competitive parameter-estimation RMSE. QOED improves dy-
namics prediction by 21.98% over QOED-AGNOSTIC and by
35.23% over BOED. BOED often produces poor estimates
because it does not explicitly account for observability and
can allocate exploration effort to directions that are hard to
learn. QOED-AGNOSTIC restricts exploration to the identifi-

able subspace, but it still underperforms QOED because it
treats the discarded parameters as irrelevant; in practice, these
dropped directions can remain coupled to the critical ones
and degrade estimation. Although the parameter estimation
RMSE is similar across methods, the prediction RMSE differs
because not all parameters contribute equally to the dynam-
ics. QOED gathers data that is informative about the critical
parameters while reducing the influence of the dropped ones,
enabling CEM to recover the parameters that matter most for
accurate prediction. Our CEM runtime averages 6.3 ms and
FIM estimation runtime averages 28.3 ms. Overall, the results
highlight the importance of identifying critical parameters and
suppressing the influence of discarded directions.

Why dynamics prediction improves despite similar pa-
rameter errors? To explain why dynamics-prediction RMSE
can improve even when aggregate parameter RMSE changes
less, we perform a post-hoc attribution analysis. Specifically,
by fixing all non-critical parameters to their ground-truth

Env. Noise QOED (Ours) QOED-Agnostic BOED
Param. Est. | Dyn. Pred. | Param. Est. | Dyn. Pred. | Param. Est. | Dyn. Pred. |
lo 848.29 + 26.95 28.57 1+ 4.56 847.95 1+ 27.0 59.64 + 18.08 848.15 4 26.92 119.04 +94.74
Gol 20 847.89 1+ 27.0 32.22 +4.97 848.08 £ 26.99 73.16 4+ 35.84 847.91 +£27.0 59.36 + 22.39
30 847.98 4+ 26.99 37.91+5.17 833.94 £ 25.42 47.19 £10.54 825.69 + 27.69 101.88 +9.51
lo 963.02 1 33.73 37.65 +1.24 1059.73 + 30.58 39.52+1.75 1014.05 £ 56.02 44.93 4+ 2.43
Gl 20 1051.11 + 35.28 35.61 + 0.88 1063.02 4+ 33.95 37.18 +£1.02 1062.99 £ 33.74 40.73 +1.23
30 1063.17 £ 33.72 35.49 £+ 0.70 1063.11 £ 33.75 43.46 £ 1.27 1063.05 + 33.73 44.52 + 1.45
lo 291.81 + 75.29 1.00 +£0.13 369.74 £ 102.23 1.02£0.11 370.74 £ 101.87 1.01 +0.08
Jackal 20 296.90 + 66.54 1.64 +£0.11 348.36 £ 91.93 1.73+0.16 363.12 £ 99.15 6.57 + 3.34
30 293.43 £+ 63.38 2.64 +0.25 360.77 £+ 87.60 4.92 £+ 2.40 375.36 £ 95.16 5.29 + 2.38
lo 50.98 & 3.89 3.55 + 0.57 52.68 + 2.72 4.66 £+ 0.68 52.68 4 2.84 4.75 +0.69
Hand 20 51.74 + 3.7 3.86 + 0.55 52.59 + 2.99 4.57+0.63 52.67 £ 2.72 4.72 £ 0.67
30 52.59 4 2.99 4.8 +0.61 53.18 + 2.91 5.16 + 0.69 52.68 + 2.72 5.04+0.7

TABLE I: Parameter-estimation and dynamics-prediction RMSE (x100), averaged over 25 seeds and (when available) over Flat and

Rough environments. Lower is better; best results are in bold, and least favorable results are in gray.



values, we measure how much of the dynamics-prediction
error is explained by the identified critical parameter set. The
critical parameters account for 65.9% (Gol), 53.1% (G1),
51.9% (Jackal), and 47.2% (Hand) of the total dynamics-
prediction error. For G1, for example, QOED identifies only 16
parameters (13.4% of the full parameter space), indicating that
a compact identifiable subset can explain a disproportionate
share of dynamics prediction.

Robustness to Hyperparameters. We assess QOED robust-
ness to Jeig, eig, and Ocos Using a grid search. We sweep
deig € [0.05,0.5] (step 0.05), aeig € [0.005,0.05] (step 0.005),
and o5 € [0.9,0.99] (step 0.01). In Jackal environment,
QOED achieves an average dynamics prediction RMSE of
2.42+0.11, while QOED-AGNOSTIC yields 4.77 £ 2.51. These
results indicate that QOED is robust to the choice of hyperpa-
rameters over a wide range. While better settings may exist
for specific tasks, we use our defaults because they are simple
and perform well.

B. Does QOED help policy learning?

Baselines and Ablations. We compare against the following
strong exploration baselines. (1) SAC-ADAPT (SAC [58]) adap-
tively tunes the weights of task and exploration rewards [59]
to balance exploration and performance. (2) DISAGREEMENT
(SAC) follows an explore-then-exploit schedule: it maximizes
an exploration reward for the first 25% of interactions, then
switches to maximizing task reward [60-62]. We use ensemble
disagreement as the exploration reward, computed from an
ensemble of five learned dynamics. (3) DOMAIN-RANDOM
trains PPO with domain randomization (DR) [54] using mjlab
settings. We also evaluate QOED ablations: (4) QOED-PHYSICS
(finite differences with ground-truth simulator physics), (5)
QOED-AGNOSTIC (matching prior settings [5, 6]), and (6)
BOED [1]. PPO and SAC follow Stable-Baselines3 [63] (with
adjustments in Appendix G). For fairness, all methods except
QOED-PHYSICS use our learned dynamics for policy optimiza-
tion.

Results. Fig. 3 answers Q2 by reporting episodic task re-
ward (excluding exploration reward), averaged over ten seeds.
Results are normalized to [0, 1] per environment for compa-
rability. QOED-PHYSICS performs best across all environments
since it has access to ground-truth physics, confirming that
when the dynamics model is accurate, QOED can achieve
strong policy performance. In contrast, BOED is greedy for
information, leading to weaker policies. QOED-AGNOSTIC fo-
cuses on critical parameters but underperforms QOED because
it ignores the influence of dropped parameters; as in the previ-
ous experiment, poorer dynamics estimates yield miscalibrated
physics during policy optimization. A similar issue appears in
DOMAIN-RANDOM, where broad domain-randomization priors
do not efficiently improve online performance. DISAGREEMENT
is a strong baseline by targeting regions of high dynamics-
model uncertainty, an approach that is effective in model-based
RL (e.g., PETS [64]) compared to SAC baselines. Nonetheless,
in our robotics scenarios, conditioning the dynamics model on
physics parameters yields further gains; see Scaffolder [65] for
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Fig. 4: Rod balancing demonstration and parameter-estimation error
bars. Our QOED identifies the parameters quickly and accurately.

a broader discussion of incorporating privileged information
in dynamics models. QOED performance drops in G1-Rough
because the learned dynamics model does not reliably capture
the critical parameters during early learning. Appendix H
provides further result analysis of the learned dynamics model.

VI. REAL-WORLD EXPERIMENT

We evaluate Q1 and Q2 in real-world experiments on two
platforms: a Franka Emika Panda arm (manipulation) and a
Clearpath Jackal mobile vehicle (navigation).

A. Rod balance

This section primarily answers Q1, since the Franka setup
provides high-accuracy reference measurements for compar-
ison. We use the same ablations as in Sect. V-B. Note that
QOED-PHYSICS updates the real-to-sim residual distribution
using an unscented Kalman filter [66].

Environment. We use a Franka Emika Panda equipped with
a RealSense D435i camera (30 Hz) and an NVIDIA 4090
GPU. The robot must identify the mass, inertia, and friction
of three cubes, then pick the cube with the highest friction
and balance the stacked cubes (Fig. 4). We create three task
variants by randomly stacking the cubes. For each variant and
each method, we run six trials.

Results. Despite the apparent simplicity of the task, the
ablations often fail. QOED achieves an 89% success rate,
whereas QOED-PHYSICS, BOED, and QOED-AGNOSTIC achieve
42%, 8%, and 17%, respectively. Failures are typically caused
by center-of-mass misalignment: an error of only 2cm is
sufficient to topple the stack, contributing to the low success
rate of QOED-PHYSICS. During exploration, QOED adopts a
simple objective-adaptation strategy—first identifying mass
and inertia, then estimating friction—leading to faster param-
eter convergence (Fig. 4). The parameter estimation curve is
not smoothed, as we opt to present the raw results rather
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Fig. 5: Real-world snapshots with success rates shown in the text
boxes. QOED achieves the highest success rate and the lowest dynam-
ics prediction RMSE. By explicitly suppressing nuisance directions, it
attains the highest cumulative information gain across environments.

than apply the filters. Although QOED-AGNOSTIC targets a
similar objective-adaptation strategy, it does not account for
the influence of friction when estimating mass, making the
resulting exploration behavior (e.g., hefting the cube) less
reliable. Even with the Franka arm’s accurate sensing, jointly
identifying mass/inertia and friction is challenging, which
helps explain the poor performance of QOED-AGNOSTIC and
BOED.

B. Wild Wheeled Navigation

This section further evaluates Q1 and Q2 in real-world
navigation. Since ground-truth parameters are unavailable, we
use the dynamics prediction RMSE as the primary indicator.
We use the same baselines and ablations as in Sect. V-B.

Environment. We use a Clearpath Jackal equipped with
an OS1-64 LiDAR for LiDAR-inertial odometry [67, 68]
at 100 Hz and a RealSense D435i camera for navigation at
30 Hz; all computation runs on a Jetson Orin SoC. We evalu-
ate three scenarios and a transition: Motor Malfunction
(front-left wheel axle broken), Adversarial Force (tow-
ing a cart loaded with rocks), and Forest under Motor
Malfunction. The robot must reach a goal while avoiding
sparse obstacles. After Adversarial Force, we unload

the trailer and move it to the Forest environment. For each
scenario, we run six trials.

Results. Fig. 5 reports real-world trajectories together with
success rate, dynamics prediction RMSE, and normalized cu-
mulative information gain. QOED reaches the goal by quickly
identifying key parameters, whereas baselines often crash due
to miscalibrated physical coefficients. It also achieves the
highest cumulative information gain across scenarios. QOED
first identifies mass and friction, then diagnoses wheel-related
effects and longitudinal force while suppressing other coupled
directions, yielding faster and more stable estimation than
QOED-AGNOSTIC; BOED estimation often fails to converge. In
the recorded data, QOED spends 52.5 % of exploration time on
mass and friction, whereas QOED-AGNOSTIC and BOED spend
87.5% and 89.5 %, respectively, which slows exploration and
degrades estimation of motor and adversarial-force effects. In
the real world, the learned dynamics model further improves
performance over QOED-PHYSICS, benefiting from the data
efficiency of MBRL. DISAGREEMENT is also strong due to
its ensemble-based uncertainty signal, whereas SAC-ADAPT
exhibits wobbling behaviors that are uninformative for policy
learning and can lead to obstacle collisions. See Appendix H
for additional discussions.

C. Discussions and Limitations.

Although the SAC-based baselines perform poorly in our
scenarios, they are usually more general than our MBPO
setup because we require physics parameterization to define
the exploration objective. One way to relax this requirement
is to learn a latent parameterization (e.g., with a variational
autoencoder) and perform exploration in the latent space. In
the real world, limited training time also leads to less refined
behavior than in simulation: BOED-style objectives can be
difficult to learn with RL, as observed in prior work [5, 6]. This
creates a tension between objective complexity and exploration
efficiency, which remains an important direction for future
work.

VII. CONCLUSION AND FUTURE WORK

We presented Quasi-Optimal Experimental Design (QOED),
an adaptive information objective for robot exploration.
Grounded in optimal experimental design, QOED identifies
critical parameters online and prioritizes them while suppress-
ing nuisance directions. Extensive simulation and real-world
experiments show that QOED collects informative data and
efficiently reduces model error. We also demonstrate benefits
in model-based policy optimization with a learned dynamics
model, allowing QOED to outperform purely physics-based
analytical models. Finally, we plan to extend QOED to broader
robot learning problems, such as meta-learning RL update
rules by treating them as parameters of interest, or optimizing
the hyperparameters of differentiable algorithms, including
differentiable MPC.
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