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Abstract

Reinforcement learning in partially observable environments requires agents to act under
uncertainty from noisy, incomplete observations. Asymmetric actor-critic methods leverage
privileged information during training to improve learning under these conditions. However,
existing approaches typically assume full-state access during training. In this work, we
challenge this assumption by proposing a novel actor-critic framework, called informed
asymmetric actor-critic, that enables conditioning the critic on arbitrary privileged signals
without requiring access to the full state. We show that policy gradients remain unbiased
under this formulation, extending the theoretical foundation of asymmetric methods to the
more general case of privileged partial information. To quantify the impact of such signals,
we propose informativeness measures based on kernel methods and return prediction error,
providing practical tools for evaluating training-time signals. We validate our approach
empirically on benchmark navigation tasks and synthetic partially observable environments,
showing that our informed asymmetric method improves learning efficiency and value
estimation when informative privileged inputs are available. Our findings challenge the
necessity of full-state access and open new directions for designing asymmetric reinforcement
learning methods that are both practical and theoretically sound.

1 INTRODUCTION

Reinforcement learning (RL) has emerged as a powerful tool for optimizing control policies in
various domains, including the control of heating, ventilation, and air conditioning systems [,
energy systems [2 3], autonomous driving [4], and robotics [5]. However, when deploying RL
in such real-world applications, agents must often operate under partial observability, relying
on incomplete and noisy observations to make decisions. This setting is formalized by partially
observable Markov decision processes (POMDPs) [6], where optimal actions depend on the history
of past observations and actions.

To address this, RL methods for fully observable settings have been adapted by learning history-
dependent policies, typically using recurrent neural networks (RNNs) to encode observation-action
sequences [7, 8]. Although these methods are, in principle, capable of learning optimal history-
dependent policies, they assume the same level of observability during training and execution,
constraining policy learning to the limited information available at deployment. Yet, in practice,
this assumption is unnecessarily restrictive and possibly suboptimal. Many training environments
provide privileged information unavailable at execution, such as diagnostic sensors or simulators
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exposing internal variables, without necessarily providing full access to the true state. Leveraging
such asymmetric observability motivates the paradigm of asymmetric learning, which aims to
exploit additional information at training while ensuring deployable history-dependent policies.

Asymmetric actor-critic methods provide a framework for this setting, as they condition the
actor on observable histories while allowing the critic access to privileged information during
training [9, [10]. However, existing approaches often assume either full-state access or no additional
information, leaving the more general case of privileged partial information underexplored.

In this work, we introduce the informed asymmetric actor-critic framework, which generalizes
prior asymmetric approaches by allowing the critic to condition on arbitrary state-dependent
privileged inputs, without requiring full-state access. We show that this formulation yields
unbiased estimators of value functions and policy gradients, extending the theoretical foundation
of asymmetric learning to a broader class of training-time signals. To guide the selection and
evaluation of privileged inputs, we propose two informativeness criteria: (i) a pre-training measure
based on the Hilbert-Schmidt Conditional Independence Criterion (HSCIC), and (ii) a post-
training metric based on return prediction error. These tools allow practitioners to quantify
the utility of privileged signals before or after policy optimization. We empirically validate our
informed asymmetric method on benchmark navigation tasks and in synthetic informed POMDP
environments, demonstrating improved policy learning when informative privileged signals are
used. Our findings highlight the importance of informativeness and challenge the assumption
that full-state access is essential for asymmetric reinforcement learning.

2 RELATED WORK

Traditional RL methods have been adapted to partially observable settings by learning history-
dependent policies that process sequences of past observations and actions using RNNs [T}, [8] [7]
12| [T3]. Since directly optimizing from raw histories is challenging, many approaches compress
these sequences into compact latent representations, often by introducing auxiliary learning
objectives 14, [15] [16].

Some works address partial observability by training privileged expert policies conditioned on
true states and imitating them [I7]. However, these methods often lack theoretical guarantees and
may lead to suboptimal policies in POMDPs [I8]. To mitigate this, Warrington et al. [I8] propose
constraining the expert policy to yield an optimal policy under partial observability. Another
line of work exploits privileged information in model-based RL by constructing world models
that summarize histories or integrate additional state signals. Examples include the Informed
Dreamer [19], the Wasserstein Believer [20], and the Scaffolder [21].

Asymmetric actor-critic methods have emerged as a simple yet powerful framework for
leveraging privileged information during training. By conditioning the critic on the full state
and the actor on the history, these methods aim to guide policy updates more effectively. Pinto
et al. [9] introduce an early asymmetric actor-critic approach that achieves strong empirical
performance but suffers from biased gradient estimates [I0]. Baisero and Amato [I0] address this
issue by introducing the history-state value function, explicitly modeling the relationship between
histories and latent states to ensure unbiased gradients.

Recent theoretical work has established convergence guarantees for policy gradient and actor-
critic methods in both fully and partially observable settings, including symmetric recurrent
natural actor-critic methods using RNNs [14] 22] and asymmetric settings with linear function
approximators [23].

Despite these advances, existing actor-critic methods typically assume either full access to
the true state during training or no additional information at all. However, many real-world



settings fall between these extremes: some internal variables may be observable during training,
while others remain hidden or only partially measurable. Methods that exploit privileged partial
information, without requiring full-state access, are vastly unstudied, and it will be the main
focus of this article.

3 BACKGROUND

In this section, we introduce the formal notion of partially observable Markov decision processes
(POMDPs) and the informed POMDP framework, which motivates our informed asymmetric
actor-critic framework.

3.1 Partially Observable Markov Decision Processes

A partially observable Markov decision process (POMDP) [6] models sequential decision-making
under uncertainty as tuple (S, A,0, T, O, R, P,v), where S, A, and O denote the state, action,
and observation spaces. The transition probabilities T'(s’ | s,a) describe the process dynamics.
The agent emits observations via O(o | s) and selects actions a; based on the observable history h,
defined as the sequence of past observations and actions. It receives a reward according to R(s, a).
We define the set of observable histories as H = [J;2, H¢, where Hy € O x (A x O)' is the set of
histories of size t. The objective is to maximize the expected return J(m) = E™ [ 72 v*R(s¢, ar)],
where 7(a | h) denotes a history-dependent policy and v € [0,1) is a discount factor. P specifies
the initial state distribution. The history-based Q-function is defined as
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and the corresponding value function as

VT(h) = > w(a|h) Q"(h,a).
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In the following, we write conditional expectations by placing the conditioning in the subscript,
eg., ET

50:00 a0x|ha[.]’

3.2 Informed POMDPs

The informed POMDP [19] augments the POMDP definition by a so-called information space Z
and a corresponding information function I : & — A(Z), which gives the probability to obtain
information i; € Z in the true state s; € S. Hence, the informed POMDP is defined by the
10-tuple (S, A, Z,0,T,1,0,R, P,7).

In contrast to the POMDP, the observation function is defined as O : T — A(O) and denotes
the probability to obtain o; € O given i; € Z. The main assumption in an informed POMDP is
that the observation o; is conditionally independent of the true state s; given the information i,
ie., p(ot | it,8:) = O(oy | it). Each informed POMDP induces an underlying execution POMDP
defined as (S, A, O, T, 0, R, P,~), where the observation function is given by

Ot|St ZO Ot| |St).
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3.3 Actor-Critic Paradigm

Actor-critic methods combine a policy model (actor), parameterized by 6, with a value estimator
(critic), parameterized by ¢. Under partial observability, both components typically condition
on the observation-action history h; € H and are trained via sample-based gradients. The actor
selects actions using my(ay | hy), while the critic guides learning via value estimates.

In the symmetric setting, both actor and critic share the same input, i.e., h;. The policy
gradient is given by

Vo (mo) =E | > +'Q"(he, ar)Vologmo(ay | h)| - (1)
t

In practice, the critic estimates Q™ (h¢, at) via the temporal-difference (TD) error
0 =1+ ’)’V(ht+1§ v) — V(hﬁ v),

computed from value estimates V(-;19).

Asymmetric actor-critic methods allow the critic to access additional information during
training, unavailable to the actor and at execution. Prior approaches often rely on state-based
critics V™ (s) [9], which are generally ill-defined in POMDPs [I0].

4 INFORMED ASYMMETRIC ACTOR-CRITIC

We introduce an asymmetric actor-critic framework that leverages arbitrary privileged information
during training. Based on the informed POMDP paradigm, we define informed history-based
value functions and derive an unbiased policy gradient for theoretically grounded asymmetric
learning.

4.1 Informed History-based Value Functions

Given an informed POMDP P, we first define the time-invariant informed history-based reward
function R(h,i,a), which incorporates additional state-conditioned information ¢ ~ I(i | s).

Definition 4.1 (Informed history-based reward function). The informed history-based reward
function R(h,i,a) is the expected state-based reward R(s,a) given the belief p(s | h,i) about the
true state s € S, i.e.,

R(hv (B a) = Es\h,i [R(57 a)} . (2)

Lemma 4.1 (Unbiasedness of the informed history-based reward). In an informed POMDP, the
informed history-based reward function R(h,i,a) satisfies

E;p [R(h,i,a)] = R(h,a),
for all h € H and a € A, where the expectation is taken under the belief p(i | h).

Proof. Using the definition of the standard history-based reward function, i.e.,

R(h,a) = By [R(s,a)] = R(s,a) p(s | h), (3)
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and applying the law of total probability, we obtain:
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This concludes the proof. O

By Lemma 4.1} R(h,i,a) defines an unbiased estimator of the standard history-based reward
R(h,a). We assume that the reward function R(s,a) is uniformly bounded by a constant rpyax > 0.
This bound also applies to the standard and informed history-based rewards.

Next, we introduce the informed history @-function, which conditions on h, i, and a.

Definition 4.2 (Informed history Q-function). The informed history Q-function Q™ (h,i,a)
denotes the expected discounted return when starting from history h € H, privileged information
1 € Z, and action a € A, and then following policy = :

Qﬂ(h,i,&) 500°,a000|h1a Z’Y S],Cl] . (4)

Lemma 4.2 (Unbiaseduness of the informed Q-function). In an informed POMDP, the informed
history Q-function satisfies

Ei\h [Qﬂ(hyiﬂl)] = Q”(h,a),
for allh € H and a € A.

Proof. Starting with the definition of the history @-function and using the law of total expectation,
we have:

Q"(h,a) =EL _ .0 iha {Z 7 R(s;, aj)}
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This concludes the proof. O

Hence, by Lemma Q7 (h,i,a) defines an unbiased estimator of the standard history-based
value function Q™ (h, a).

Based on the proposed Q7 (h,i,a), we can define the time-invariant informed asymmetric
value function that evaluates a history h of past observations and actions in conjunction with
state-conditioned information <.



Definition 4.3 (Informed history value function). The informed value function V™ (h,i) denotes
the expected return starting from history h € H and additional information i € L:

o0

VT (hyi) =BT a0 jhi Zw‘R(sj,aj) ) (5)
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It satisfies the recursive form:
VT (h,i) =Y m(a|h)Q"(h,i,a), (6)
acA

where the informed Q-function satisfies the Bellman equation:
Qﬂ- (h7 ia CL) = R(ha i7 CL) + ’Y]EO’,i’\’i,a [Vﬂ-(h/7 Zl)} ’ (7)
with b’ = hao'.

In contrast to the history value V™ (h), the informed history value V7 (h, i) leverages additional
state-conditioned context, potentially enabling a more comprehensive understanding of the
environment’s current state and its reward structure. Similarly, unlike the state value V™ (s), the
history-information pair (h,i) € H x Z provides a richer observable basis for forecasting agent
behavior.

Lemma 4.3 (Unbiasedness of the informed value function). In an informed POMDP, the
informed value function satisfies for all h € H.:

Ejn [VT(h,3)] = V™ (h).

Proof. Given the definition of the history value function, i.e.,

Vﬂ(h‘): 50007(1000\}1 27 S_jaa_] )
and using the law of total expectation, we have:

V7™(h) = sUwaom\h[27 st,a]]
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= Ein {VW(h,i)}.

This concludes the proof. O

Hence, by Lemma the informed history value function V™ (h,4) is an unbiased estimator
of the standard history value V™ (h). Put differently, V7 (h,4) provides, in expectation, the same
signal as the standard history value function.

In the special case where the privileged information i corresponds to the full state s € S, i.e.,
i = s, the informed history value function reduces to the history-state value function of Baisero
and Amato [10] (cf. Corollary [A.T)).



4.2 Informed Asymmetric Policy Gradient

Based on the informed history-based Q-function, we define the informed asymmetric policy
gradient as:

VIAAC T () = Z'th” (ht,ie,ae)Vologmg(as | he) |
t=0

where the actor conditions on observable histories, and the critic may condition on additional
privileged inputs. We show that this gradient remains unbiased:

Theorem 4.1 (Informed asymmetric policy gradient). Given an informed POMDP, the informed
asymmetric policy gradient is equivalent to the standard policy gradient:

VIAAC I (mg) = Vg J (mp).

Proof. Given Equation [T and following the Lemmas we have
VoJ(mg) Z'y T(ht,at) Vologmg(as | he)
S By, [Q7 (e ar) Vologma(ag | )]
t
© S Enpas [Easjn, [Q7 (e, ar)] Vo logma(ay | hy)
¢

(é) Z’yf Eht7it,at [Qﬂ(ht’it’a’t) ve IOgﬂ'G(at | ht)]
t

d .
@ E Z’yt Q" (hy,it,as) Vologmg(as | hy)

t

= VIAAC I (7).

In (a) and (d), we use the linearity of the expectation to decompose or combine the summation over
t and the expectation over (hy, is, a;), respectively. In (b), using Lemma[d.2] we substitute Q™ (h, a)
with E;, [Q™(h,4,a)], as the informed history-action value function is an unbiased estimate of
Q™ (h,a). By applying the law of total expectation in (c), i.e., En, a,i; ['] = Enyoar [Biyjn,[1]], we
can rewrite the expression. This concludes the proof. O

Thus, the critic can incorporate additional training-time signals without biasing policy updates.
This result generalizes prior work and recovers the asymmetric policy gradient presented by
Baisero and Amato [10] for it = s, (cf. Corollary [A.2).

Based on Theorem [4.1) we introduce the informed history critic V:HXT - R, which
estimates the informed hlstory value V™ (hy, i) given the history h; and additional information ;.
Combined with a history-dependent policy model 7y (as | ht), this yields an asymmetric actor-critic
method, which we refer to as informed asymmetric actor-critic (IAAC). The informed asymmetric
policy gradient is approximated by sampling VIAACJ(mg) = E[X2, 7' & Velogmg(as | he)],
where the TD errors 0; = 7 4+ V(hey1,ie11;9) — V(hy,ig;9) are computed using the critic’s
informed value estimates.



5 INFORMATIVENESS OF PRIVILEGED SIGNALS

While the informed asymmetric actor-critic framework guarantees unbiased policy gradients for
arbitrary additional information (cf. Theorem , not all privileged signals are equally beneficial
for learning. In practice, some signals may accelerate policy optimization, while others may
degrade value estimation or introduce instability when poorly correlated with the environment’s
true state.

This motivates the need to quantify the informativeness of additional information i; € Z with
respect to the underlying control task. Specifically, we seek criteria that assess whether i; provides
useful structure for value estimation and can improve the policy learning of actor-critic methods.

In the following, we formalize two criteria that enable the comparison of different forms of
privileged signals in terms of their informativeness about true returns.

5.1 Informativeness via Kernel-based Independence Criterion

The relevance of a privileged signal in the critic depends on whether it captures information about
the return that is not already encoded in the history of past observations and actions. To quantify
this, we evaluate the conditional dependence between the return G; := ZJ.T:_Ot -t Y Ryt jand ,
conditioned on h; and a;, using a non-parametric kernel-based approach.

Kernel methods embed probability distributions into a reproducing kernel Hilbert space
(RKHS), where statistical relationships can be expressed as distances between mean elements. For
istance, a distribution PP over X is represented as the kernel mean embedding pp := E,p[k(z, )] €
Hx, where k(-) denotes a positive-definite kernel function.

Kernel-based measures such as Maximum Mean Discrepancy (MMD) [24] and the Hilbert-
Schmidt Independence Criterion (HSIC) [25] enable non-parametric tests for differences in
distributions and (in)dependence, respectively. In this work, we adopt the Hilbert-Schmidt
Conditional Independence Criterion (HSCIC) [26], which extends HSIC to the conditional setting.

Given random variables X,Y, Z, HSCIC measures the RKHS norm between the conditional
joint embedding and the product of conditional marginals:

j(va | Z) = H/’LPX‘Y|Z — HPx |z ®IU’PY\ZH:}(X®Q—CY :

Under standard conditions, such as a characteristic kernel on X x Y and that the conditional
probability distributions given Z admit a regular version, HSCIC equals zero almost surely if and
only if X L Y | Z (cf. Theorem [C.1)).

We leverage HSCIC to test whether ; is conditionally dependent on the return G; given h;
and a;. This analysis does not require a trained critic and can be applied to trajectories collected
under a random or exploratory policy. As a result, informativeness can be estimated prior to
training, enabling informed decisions regarding which auxiliary signals to include in the critic.

Let X, = Gy, Yy =iy, and Z; = (hg, at). Given samples {(z;, i, ;) }1;, the empirical plug-in
estimator of the squared HSCIC is given by

Beviz() =k W(Kx © Ky )W kg = 2k W(KxW Tkz) © (Ky W kz))
+ (kyWExW Tkz)(kyWKyW Tkz),

where kz denotes the kernel function kz(-) on Z evaluated at the estimator input z;,
[Kylij = ky (yi,y;), W = (Kz + AI)7!, and ® denotes the element-wise product.



Hypothesis test. We can construct a hypothesis test based on permutation testing to assess
statistical significance. Let

Ho : Gt iR it | ht,at, and H1 . Gt—M— it | ht,at.

To obtain a scalar test statistic, we average the pointwise HSCIC values over all sample
realizations z; of Z:

_ 1 < .
Ixyiz= - leX,Y|Z(Zi).
i—

Under Hp, the null distribution is generated by independently permuting {y:} while keeping
{z;, 2;} fixed. For each of B permutations, we compute I and evaluate the empirical p-value
asp= % Zle I [j(b) > ﬂ, where I denotes the indicator function. We reject Hy at significance
level a > 0 if p < «, indicating that i; is informative for predicting G, given h; and a;.

5.2 Informativeness via Return Prediction Error

Beyond pre-training evaluation of privileged signals using HSCIC, we propose a complementary
post-hoc criterion to quantify the utility of a privileged signal ¢; in improving return prediction
after training. Importantly, this evaluation focuses exclusively on the value prediction accuracy
and does not involve any policy-related metrics.

Consider two critics trained on the same task: a symmetric critic Q(hy, ar) = E[G¢ | by, adl,
and an asymmetric critic Q(ht, i¢,a:) = E[Gt | by, it, as].

Let T be the length of a trajectory. We define the pointwise reduction in squared error from
conditioning on i; as

Ey = (Qhe, ar) — G)* — (Q(huyiv, ar) — Gy)?, )

where a positive E; indicates improved return prediction at time ¢. To summarize the benefit
over a trajectory, we compute the empirical mean and variance of {F;}7 -

1T—l 1T—1
i ==S E, 62== E, — ).
x th:; ty O th:;(t JU)

Definition 5.1 ((¢,d)-Informativeness). A privileged signal i; is said to be (e, 0)-informative if,
with probability at least 1 — §, the expected gain satisfies

2621og(2/6)  2Clog(2/6)

E[Et] Z €:=1— T 3T )

9)
where C' := maxo<¢<T |Et|.

This bound, derived via Bernstein’s inequality, provides a lower confidence bound on the
expected gain from including 4;, serving as both a quantitative metric and a test statistic for a
hypothesis test.

Hypothesis test. We test the hypotheses
Hop:e<0, and Hy:e>0,

where € is the lower bound defined in Defintion [5.1] We reject Hy if € > 0, concluding that
the privileged signal i; is (e, §)-informative with confidence 1 — §. Otherwise, we fail to reject
Hy, indicating insufficient evidence that i; improves value prediction. Hence, this test offers
a statistically grounded post-training criterion for evaluating privileged signals based on their
empirical effect on return prediction accuracy.
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Figure 1: Learning performance on six benchmark navigation tasks. Curves show episodic returns
averaged over the last 100 episodes, with means and standard deviations computed across 20
independent runs.

6 EXPERIMENTS

We evaluate the proposed informed asymmetric actor-critic framework on POMDP benchmarks
against three baseline actor-critic variants. Moreover, we empirically validate the effectiveness of
the presented informativeness criteria on synthetic informed POMDP instances.

6.1 Environments

We use six benchmark navigation tasks from the work of Baisero and Amato [I0] to evaluate the
learning performance of our method: Heaven-Hell-3, Shopping-5, Car-Flag, Cleaner, Memory-
Four-Rooms-7x7, and Memory-Four-Rooms-9x9. Each environment is formulated as a POMDP,
and we define task-specific privileged partial information accessible only to the critic. For the first
two tasks, the privileged input corresponds to the Earth Mover’s Distance between the agent’s
position and the target. In Car-Flag, the agent’s velocity is provided as additional information.
For the remaining three environments, the privileged signal consists of an expanded spatial
observation of the agent’s surroundings. See Appendix [B]for details.

To assess the expressiveness of our informativeness criteria, we generate synthetic informed
POMDP instances with a finite state space (|S| = 10), a discrete action space (].A| = 4), and
continuous observation and information spaces. Following the methodology of Francgois-Lavet
et al. [27], transition probabilities are randomly assigned by setting each (s, a, s’)-entry to zero
with probability 0.75, and sampling uniformly from [0, 1] otherwise. To ensure valid transitions,
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we assign a non-zero probability to a randomly chosen next state whenever all transitions from a
given state-action pair are initially zero. We then normalize the probabilities to ensure they sum
to one. Rewards are sampled uniformly from [—1, 1] at initialization. Privileged information is
generated by sampling from a Gaussian distribution centered on a state-specific embedding, with
variance controlled by a noise parameter ¢ € R>(. Observations are then obtained by applying a
noisy linear transformation to the privileged information, with another noise parameter controlling
the observation uncertainty.

6.2 Baselines

We compare our informed asymmetric actor-critic method against three advantage actor-critic
(A2C) variants: (1) A2C, a symmetric approach using a history-based critic V' (h); (2) asym-A2C-s,
an asymmetric variant with a state-based critic V(s); and (3) asym-A2C-hs, an asymmetric
variant with a history-state critic V(h7 s). For the benchmark environments and all baselines, we
adopt the model architectures and hyperparameters recommended by Baisero and Amato [10].

6.3 Results and Discussion

We highlight three key results from our evaluation: (a) empirical learning curve comparison; (b)
results from the hypothesis test assessing our HSCIC-based informativeness criterion; and (c) the
boxplot distribution of the test statistic for our post-hoc informativeness criterion.

Learning curves. First, we compare informed-asym-A2C against the baselines across the six
benchmark navigation tasks (Figure[l] (a)—(f)). In Heaven-Hell-3, informed-asym-A2C exhibits
strong performance relative to A2C and asym-A2C-s, though it is slightly outperformed by asym-
A2C-hs, which benefits from full-state access in the critic. In Shopping-5, the informed asymmetric
actor-critic converges faster than asym-A2C-hs and achieves comparable final returns. In Car-Flag,
informed-asym-A2C outperforms all baselines, demonstrating both higher sample efficiency and
improved final performance. For Cleaner, asym-A2C-hs achieves marginally higher returns, but
informed-asym-A2C converges at a similar rate with greater stability than A2C, which suffers a
performance drop after 2.5 million steps. In the Memory-Four-Rooms tasks, informed-asym-A2C
significantly outperforms both asymmetric baselines, particularly asym-A2C-s, which lacks critic
access to history.

Overall, informed-asym-A2C matches or surpasses the performance of asym-A2C-hs and/or
achieves faster convergence in most tasks while relying on less privileged information. This
underscores the importance of not only leveraging asymmetric information but also structuring it
to align effectively with task requirements.

Information  J (mean + std)  p-val. (mean =+ std)

iv =10 66.287 £ 29.840 1.000 £ 0.000
1¢: ¢ = 0.0 132.435 £ 90.216 0.108 +0.144
742 ¢ =0.1 140.454 + 78.242 0.147 +0.194
71 ¢ =0.5 122.671 £ 56.914 0.136 +0.229
t¢: ¢ =0.9 98.173 £ 43.427 0.239 +0.235
1y = Sy 126.793 £ 63.656 0.122 +£0.251

Table 1: HSCIC- and p-value statistics for different privileged signals, computed across 12 synthetic
informed POMDP instances.
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Kernel-based independence criterion. To investigate the role and informativeness of different
privileged signals, we estimate the empirical mean pointwise HSCIC value J and its null distribution
across 12 synthetic informed POMDP instances. Gaussian RBF kernels kg, k7, and kz are used
with bandwidths selected via the median heuristic, i.e., using the median pairwise distance
between samples. We consider three configurations: (1) no privileged input, (2) noisy latent
vectors i; with varying noise levels ¢, and (3) full-state access (i; = s;). Using random policies,
we collect 20 episodes of length 25 and perform B = 30 permutations.

Table [1] reports the mean and standard deviation of J and the corresponding p-values across
informed POMDP instances. As noise increases, both the mean and variance of p-values generally
increase (except for ¢ = 0.5), suggesting reduced statistical significance and potential informative-
ness. Interestingly, full-state access appears on average less informative than noiseless partial
input, consistent with trends observed in the learning curve analysis. However, the substantial
variance across instances highlights the instance-specific nature of informativeness.

(a) x103
4 - . -
2
-2
—4 —f— I 1
§=0.01 §=0.05 §=0.1
(b) x103
| ——
R —_— ==
o —— —
; —
1 2 3 4 5

Instance

Figure 2: Boxplot distributions of € over 1,000 test episodes for synthetic POMDP instances with
privileged signal i; (¢ = 0.1), computed for (a) different § across 20 instances; (b) fixed 6 = 0.05
for five randomly sampled instances.

(¢,0)-informativeness. We validate the post-hoc informativeness criterion on 20 synthetic
informed POMDP instances with noisy privileged signals (¢ = 0.1). Specifically, we compare
critic variants trained for 25,000 episodes with 7" = 50 using the Rec-NAC algorithm [I4], with
an Elman-type RNN of width 64 to encode the observation-action history. The RNN is followed
by a fully connected layer with 256 units with ReLU activation, and a linear readout.

Figure [2] shows the boxplot distributions of e computed over 1,000 test episodes for § €
{0.01,0.05,0.1} across all instances (top), and for five randomly sampled instances with fixed
d = 0.05 (bottom). The results indicate substantial variability across instances. In some cases, €
is consistently positive, reflecting a clear predictive benefit; in others, it centers near zero or is
negative, suggesting limited informativeness or even harmful effects on return prediction. Across
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instances, median values of € remain close to zero for each evaluated §, exceeding zero only for
d = 0.1. These findings underscore the environment-dependent nature of (e, §)-informativeness.

7 CONCLUSION

We propose an informed asymmetric actor-critic method that generalizes the asymmetric ap-
proaches by allowing arbitrary privileged inputs in the critic without requiring full-state access,
while preserving unbiased policy gradients. To guide the selection of such signals, we introduce two
complementary informativeness criteria: a pre-training metric based on conditional dependence,
and a post-hoc metric based on return prediction error. Our results show that privileged partial
information can improve policy learning and value estimation, though its informativeness is
task-dependent and not captured by return-based measures alone.

Future work may refine these criteria by exploring aspects such as signal complexity or direct
policy impact, enabling better trade-offs between informativeness and model capacity for more
robust and efficient learning under partial observability.
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A AUXILIARY RESULTS

This section collects our auxiliary results.

Corollary A.1 (Relation of V™ (h,i) to the history-state value function of Baisero and Amato
[IQ]). The informed history value function V™ (h,i) reduces to the history-state value function for
i =s, where s € S denotes the true environment state. In particular,

V™(h,s) = Z w(a | h) Q™ (h,s,a),

acA

where the history-state action-value function is defined as
Qﬂ(ha S, a’) = R(Sa CL) + ’yEs’,o’|s,a [Vﬂ(hlv S/)] ’

with ' ~T(s' | s,a), o' ~ 5(0’ | s'), i =5, and h' denoting the updated history resulting from
appending action a and observation o' to h.
By Lemmal[{.3, this formulation provides an alternative unbiased estimator of the history value

function:
Vw(h) = Es|h [Vﬂ-(hv S)] )

as previously established by Baisero and Amato [10].

Corollary A.2 (Relation of VA€ J(7y) to the asymmetric policy gradient of Baisero and
Amato [10]). The informed asymmetric policy gradient VéAACJ(’]TQ) reduces to the asymmetric
policy gradient introduced by Baisero and Amato [10] for i = s, where s € S denotes the true

environment state. In particular,

oo

ViCI(m) = E | Y 7" Q" (he, s1,a5) Vo logma(ar | hy)
t=0

Following Lemma[{.1{4.3, this formulation recovers an alternative asymmetric policy gradient
estimator that is equivalent to the standard policy gradient:

V43I (mg) = VgJ(ms),

as established by Baisero and Amato [10].

Generality of state-dependent information functions. It is worth noting that the assump-
tion of the information function I : S — A(Z) depending solely on the current state s; is not
restrictive in the context of informed POMDPs. For instance, consider a more general setting
where the information variable i; is sampled from a distribution conditioned on the current state,
action, and next state, i.e., iy ~ P(i; | 8¢, a¢, s¢+1). In such cases, the model can be reformulated
as an informed POMDP by augmenting the state space to S=8xAx S, and defining a
corresponding transition function 7" and reward function I over this augmented space. Under this
formulation, the information function retains the standard informed POMDP form I : § — A(Z),
thereby demonstrating that the state-only dependency assumption is without loss of generality.
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B BENCHMARK ENVIRONMENTS

In this section, we describe the partially observable benchmark environments used in our experi-
ments.

Heaven-Hell-3. The Heaven-Hell task [28, 29] is a partially observable navigation problem
within a gridworld environment characterized by a corridor-like structure with a fork leading to
three distinct terminal branches. Two of these branches correspond to terminal exits: one leading
to a positive outcome (heaven) and the other to a negative outcome (hell). The third branch
leads to a non-terminal location where the agent can interact with an oracle (referred to as a
"priest") who provides information necessary to disambiguate the exits. The agent is initially
unaware of which terminal corresponds to heaven.

The underlying state includes both the agent’s position and the true location of the heaven
exit. As observation, however, the agent either perceives its own location or, when visiting the
priest, receives an observation that reveals the location of heaven. We construct privileged partial
information by adding to the agent’s location its distance to the heaven terminal using Earth
Mover’s distance.

At each time step, the agent selects an action from the discrete set NORTH, SOUTH, EAST, WEST.
The environment is deterministic, and movement is constrained by the grid-world layout. To
solve the task optimally, the agent must first visit the priest to acquire the necessary information
about the correct exit, then return to the fork and proceed to the identified heaven location.

The agent receives sparse feedback in the form of a terminal reward:

e a reward of 1.0 for exiting to heaven, and

e a reward of -1.0 for exiting to hell.

Shopping-5. The Shopping-5 environment [29] models another grid-world navigation task
in which an agent must buy a forgotten item from a store. The environment is modeled as a
two-dimensional gridworld of size 5 x 5, with the item placed randomly at one of the grid cells.
The agent begins at an arbitrary location and must locate and buy the item. While the agent’s
position is fully observable, the item’s position is hidden and must be explicitly queried.

Hence, the full state encodes both the agent’s position and the item’s location, represented
compactly as integers. Observations are similarly encoded, but are partial: at each time step,
the agent observes either its own position or, upon executing a query, the position of the item.
Similar to the Heaven-Hell task, we introduce a privileged partial by computing the current Earth
Mover’s distance between the agent and the item.

At each time step, the agent selects an action from the discrete set {UP, DOWN, LEFT, RIGHT,
QUERY, BUY}. The four movement actions update the agent’s position deterministically within the
bounds of the grid. Executing the QUERY action returns the location of the item, but is subject to
a cost. The BUY action attempts to purchase the item at the agent’s current position; if executed
in the correct cell, it completes the task successfully.

The environment provides a dense reward signal to encourage efficient behavior:

e a reward of -1.0 for moving,
e a reward of -2.0 for querying the item’s location,
e a reward of -5.0 for a BUY action in the wrong cell, and

e a reward of +10.0 for a BUY action in the correct cell.
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Optimal behavior requires the agent to query the item’s location once, retain that information
internally, and efficiently navigate to the target cell before executing a successful BUY action.

Car-Flag. The Car-Flag environment [30] models a continuous control task where an agent
controls a car moving along a one-dimensional track via discrete force-control actions. At the two
ends of the track are terminal flags: one representing a positive outcome (the good flag) and the
other a negative outcome (the bad flag). Reaching either flag terminates the episode. Additionally,
an intermediate information flag is placed along the track; when reached, it reveals the position
of the good flag. While the task is conceptually similar to Heaven-Hell, key differences are the
force-control and the position of the information flag.

Both the state and observation spaces are represented as three-dimensional real-valued vectors.
The state includes the agent’s position, velocity, and the position of the good flag. The observation
mirrors the state structure, but the third component (i.e., the good flag’s position) is masked,
i.e., set to zero, when the agent is outside the observation range of the information flag; and the
agent’s velocity is always hidden. In the informed setting, we provide the agent its velocity as a
privileged partial signal.

At each time step, the agent selects an action from a discrete set of seven force-control inputs:
LEFT_HIGH, LEFT_MEDIUM, LEFT_LOW, RIGHT_LOW, RIGHT_MEDIUM, RIGHT_HIGH, and NONE. These
actions apply varying levels of acceleration to the left or right, or maintain zero acceleration.

The environment provides a sparse, terminal reward signal:

e a reward of 1.0 for reaching the good flag, and
e a reward of -1.0 for reaching the bad flag.

Optimal behavior requires the agent to first locate the information flag to identify the correct
goal, then apply appropriate force controls to reach the good flag while avoiding the bad one.

Cleaner. Originally designed as a two-agent cooperative task, the Cleaner environment [31] is
adapted in this work to a single-agent control problem via fully centralized training and execution.
In this formulation, the joint actions and observations are constructed via the Cartesian product
of the corresponding spaces of the two individual agents. The environment is a maze-like 13 x 13
grid-world in which two robots must collectively traverse and clean the entire area. The task is
considered complete once every non-wall cell has been visited by at least one of the agents.

The full environment state is represented as a binary tensor of shape 13 x 13 x 5, where each
channel encodes the presence of: (i) a wall, (ii) a dirty cell, (iii) a cleaned cell, (iv) the first agent,
and (v) the second agent. Each agent’s local observation is a 3 x 3 x 3 binary tensor that captures
the immediate neighborhood centered around the agent, including information about walls, dirty
cells, and clean cells. As privileged input, the critic receives a 13 x 13 x 5 tensor encoding the
agent’s own position within the grid world, while masking out the position of the other agent by
setting its corresponding cells to zero.

Each agent independently selects from four movement actions: UP, DOWN, LEFT, and RIGHT. In
the centralized setting, where both agents are controlled jointly, the action space is the Cartesian
product of the individual action sets, yielding a total of 16 composite actions.

At each time step, the agent receives a reward proportional to the number of new cells cleaned
during that step. The possible reward values are:

e a reward of 0.0 if no new cells are cleaned,
e a reward of 1.0 if one agent cleaned a new cell, and

e a reward of 2.0 if both agents cleaned a new cell.
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Memory-Four-Rooms. The so-called Gridverse suite [32] defines a collection of partially
observable environments in which agents interact within structured gridworlds. In this work, we
consider the 7 x 7-Memory-Four-Room and 9 x 9-Memory-Four-Room environments. While actions
are encoded as categorical indices, both states and observations are structured representations
comprising multiple semantically meaningful components. Importantly, these components differ
between state and observation, and some are only available in the state representation. The key
components are:

e Grid component: A tensor of shape 3 x 7 x 7 for 7 x 7-Memory-Four-Room or 3 x 9 x 9
for 9 x 9-Memory-Four-Room, where each channel encodes a semantic property of the
environment (e.g., cell type, cell color, or status). The observation includes a rotated,
agent-centric 3 X 2 x 3-view of this grid rendered from the first-person perspective of the
agent. Cells obstructed by walls are occluded in the observation.

e Agent-ID-Grid component: A binary matrix of size 7 x 7 or 9 x 9, respectively, indicating
the agent’s absolute position. This component is included only in the state.

e Agent component: A three-dimensional categorical array encoding the agent’s position and
orientation. In the state, this is expressed in absolute coordinates, while in the observation,
it is provided relative to the agent’s perspective and is thus constant, and not necessary for
control.

The environment contains a good exit, a bad exit, and a beacon, each placed randomly at
the start of each episode. The beacon shares its color with the good exit, and successful task
completion requires the agent to first locate the beacon, memorize its color, and then navigate to
the exit of matching color while avoiding the bad exit.

As privileged input, the critic is provided with an agent-centered 3 x 3 x 5 tensor, offering an
expanded view of the agent’s local surroundings.

At each time step, the agent selects from the following discrete action set: MOVE_FORWARD,
MOVE_BACKWARD, MOVE_LEFT, MOVE_RIGHT, TURN_LEFT, TURN_RIGHT, PICK_N_DROP, and ACTUATE.
The MOVE_ actions are interpreted relative to the agent’s orientation, while TURN_ modifies the
orientation itself. Although the action set includes PICK_N_DROP and ACTUATE for generality,
these are no-ops in the Memory-Four-Rooms tasks, as there are no doors or pickable objects.

The reward signal is composed of the following terms:

e a living reward of -0.05 per time step,
e a reward of +5.0 for reaching the good exit, and

e a reward of -5.0 for reaching the bad exit.
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C IMPLEMENTATION DETAILS

In this section, we detail some parts of our implementation used in the evaluation. All experiments
were conducted on a cluster node equipped with 64 cores running at 3.0 GHz and 72 GB of RAM
allocated per task.

C.1 Model Architectures

In the following, we describe the model architectures employed for the actor and critic networks
in each environment.

Benchmark tasks. For the benchmark tasks, we use the implementation [33] of environments
and actor-critic methods provided by Baisero and Amato [10], extending them to the informed
setting.

In each task, a 128-dimensional single-layer gated recurrent unit (GRU) encodes the concate-
nated action and observation features into a history representation. While the actor and critic
networks share this architectural component, their parameters are maintained separately. The
subsequent actor and critic network components vary across environments as follows:

e For the Heaven-Hell-3 and Shopping-5 tasks, we employ a 64-dimensional embedding model
to represent states, actions, and observations. Both the actor and critic networks consist of
two-layer feedforward neural networks with 512 and 256 units, respectively, using ReLLU
activations in the hidden layers and a linear output layer.

e For the Car-Flag and Cleaner environments, actions are represented as one-hot encodings of
their respective categorical indices. As the state and observation representations provided by
these environments are already flattened and structurally simple, no additional embedding
is applied. The actor and critic subsequent networks adopt the same architecture used for
the Heaven-Hell-3 and Shopping-5 tasks.

e For the Memory-Four-Room tasks, the 3 x 2 x 3 observation tensors are initially processed
by an embedding layer that maps each categorical value to an 8-dimensional vector. The
resulting embedded tensor is then flattened into a 144-dimensional feature vector, which
serves as the observation input to both the actor and critic networks. Actions, provided as
categorical indices, are represented using one-dimensional embedding layers. For the states,
the grid component is first embedded and then concatenated with the agent-ID grid. A
three-layer convolutional network subsequently processes this combined input. The output
of the convolutional network is concatenated with the agent components. The actor and
critic networks each consist of a hidden layer with 512 units using ReLU activation, followed
by a linear output layer.

We encode the privileged information analogously to the observations. The embedded privileged
information is then concatenated with the latent history representation before being passed to
the task-specific feedforward neural network.

For each environment and method, we use the hyperparameter values recommended by
Baisero and Amato [I0] to ensure comparability with prior work. Table [2| summarizes the actor
learning rate oy, critic learning rate ay, and the initial negative-entropy weight g selected
for each environment. Additionally, the following model hyperparameters are applied across all
environments: discount factor is set to v = 0.99, episodes are automatically terminated if they
exceed 100 time steps; two episodes are sampled per gradient update; a frozen target network is
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used to stabilize critic training, with target parameters updated every 10,000 time steps; and
the negative-entropy weight A decays linearly over 2 million time steps to a final value equal to
one-tenth of Ag.

Environment Qi oy Ao
Heaven-Hell-3 0.001 0.001 0.1
Shopping-5 0.001 0.0003 3.0
Car-Flag 0.001 0.001 0.03
Cleaner 0.001 0.001 1.0

7 x 7-Memory-Four-Room  0.0003 0.001 0.1
9 x 9-Memory-Four-Room  0.001 0.0003 0.3

Table 2: Hyperparameters for the benchmark environments.

Synthetic informed POMDPs. For the synthetic informed POMDP environments, the actor
is implemented as an Elman-type recurrent neural network (RNN) of width m, = 64, followed by
a linear readout layer, as in the symmetric Rec-NAC algorithm [I4]. The informed critic consists
of an Elman-type RNN of width m. = 64, followed by a feedforward neural network with 256
hidden units and ReLU activation, and a linear output layer. Across all environments, we use a
fixed discount factor of v = 0.99.

C.2 Kernel-based informativeness criterion

In this work, we leverage the following result of [26] to construct a hypothesis test for conditional
independence:

Theorem C.1 (Theorem 5.4 in [26]). Suppose kx ® ky is a characteristic kernel on X x Y,
and that P(- | Z) admits a regular version. Then J(X,Y | Z) = 0 almost surely if and only if
X1UY|Z

We implement the HSCIC-based informativeness criterion using the PyRKHSstats libraryﬂ
Specifically, we employ Gaussian RBF kernels with bandwidth parameters selected via the median
heuristic, i.e., using the median pairwise distance between samples. To improve test sensitivity
while maintaining valid Type I error control, kernel parameters can be optimized by splitting the
data set into two disjoint subsets, one for bandwidth selection and the other for computing the
HSCIC statistic and null distribution.

Thttps://github.com/Black-Swan- ICL/PyRKHSstats
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