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Partial Observability



Partially Observable Markov Decision Process

P T

training

o] |
© 606 060 Oo0

A POMDP is described by a model P = (S, 4,0,T, R, O, P,~).

execution

. States s, € S, « Transition T'(s, s, a;),
« Actions a, € A, « Reward r, = R(s;,a,),

« Observations o, € O, « Perception O(o,|s;),

« Discount vy € [0,1), « Initialization P(s).
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History-Dependent Policies

P

NN

o] |

O 0 0 0 O -ccuon

training

The history at time ¢ is h, = (0, ay, ..., 0;) € H.

Def. 1: History-dependent policy.
A history-dependent policy n € H = H — A(A) is a mapping from histo-
ries to distributions over the actions, with density n(a|h).
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History-Dependent Policies

training
| T
(@)
Q @ e Q Q execution
Policy —0

NB: POMDP a MDP whose state is the history: the “history MDP”.
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History-Dependent Reinforcement Learning

P T

training
N |
O
@ @ e @ execution
The problem of RL in POMDP is to find an optimal history-dependent policy,

)

oo
n* € argmax E" Z’tht
neH t=0
J(m)

from samples (0y, ag, 7o, -5 0, )-
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Asymmetric Observability



Asymmetric Observability

Decision process Execution Training Generality
MDP e e Too optimistic.
POMDP Q e Too pessimistic.
Privileged POMDP Q e Too optimistic.

Informed POMDP (0] Just right?

Examples: simulator state, trajectory in hindsight, additional sensors, addi-
tional viewpoints, observations of other agents, etc.
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From the POMDP...

P

N7

o] !
(o]

e e @ a execution

VN
]

training

The problem of RL in POMDP is to find an optimal history-dependent policy,

)

oo
n* € argmax E" Z’tht
neH t=0
J(m)

from samples (0y, ag, 7o, -5 0, )-
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...to the Informed POMDP

N A7
BT

training

execution

The problem of RL in POMDP is to find an optimal history-dependent policy,

)

oo
n* € argmax E" Z’tht
neH t=0
J(m)

from samples (i, 0, ag,Tq, -, )y, 0,) With s L 0 | @ (Lambrechts et al, 2024).
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Asymmetric Reinforcement Learning
Asymmetric RL leverages i to learn a policy n(a|h) faster (often, i = s).
1. Imitation learning approaches:

« Learn an informed policy n(a|h, i) and imitate n(a|h) ~ n(alh, 7).

2. Representation learning approaches:
« Learn to predict the belief ¢(i|h) as an auxiliary loss.

3. Model-based approaches:
« Learn to predict next information ¢(r,4’|h, a) instead of next observation.

4. Informed actor-critic approaches:
« Use additional information as input to the critic Q"(h, i, a).

While initial methods were heuristic or biased, recent works have proposed
theoretically grounded learning objectives (Baisero & Amato, 2022; Lambrechts et al.,
2024; Wang et al., 2023; Warrington et al., 2021).
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Asymmetric Actor-Critic

Actor-critic algorithms are policy-gradient methods with a critic QZ¢ ~ QM.
The critic is only used in the policy-gradient — not needed at execution.

= It can be informed with additional information: Q" (h,a) — Q" (h,i,a).

an(haiaa) = Enw[Gt | Ht = ha It = ivAt = a’]
The pOliCy‘ gradients becomes (Baisero & Amato, 2022; Ebi et al., 2026),

o0

V' Q (Hy, I, A) V. logny (A, |Hy) |
=0

t=

T an (h‘7 i; )
- :}» QU (h,1,0)V, logn, (alh)
h —— 7711;(‘ h)

Vi (my) = E™ [
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Asymmetric Actor-Critic Methods are Effective

+ Magnetic Control of Tokamak Plasma through Deep RL (Degrave et al., 2022).
+ Champion-Level Drone Racing using Deep RL (Kaufmann et al., 2023).
+ A Super-Human Vision-Based RL Agent in Gran Turismo (Vasco et al,, 2024).

elntermadonaljournalorscien

nature

= Effective in practice, but why?

Image credits: first, second, third. See also penn-pal-lab.github.io/aawr (Hu et al., 2025).
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Under Truncated Partial Observability

A Theoretical Justification for Asymmetric Actor-Critic Algorithms

Gaspard Lambrechts'* Damien Ernst' Aditya Mahajan®

Abstract

In reinforcement learning for partially observable
environments, many successful algorithms have
been developed within the asymmetric learing
paradigm. This paradigm leverages additional
state information available at training time for
faster learning. Although the proposed learning
objectives are usually theoretically sound these
methods still lack a precise theoretical justifi-
cation for their potential benefits. We propos
such a justification for asymmetric actor-critic al-
gorithms with linear function approximators by
adapting a finite-time convergence analysis to this
setting. The resulting finite-time bound reveals
that the asymmetric critic eliminates error terms.
arising from aliasing in the agent state.

1. Introduction

Reinforcement learning (RL) is an appealing framework
for solving decision making problems, notably because it
makes very few assumptions about the problem at hand.
In its purest form, the promise of an RL algorithm is to
learn an optimal behavior from interaction with an environ-
‘ment whose dynamics are unknown. More formally, an RL
algorithm aims to lear a policy — which is defined as a
mapping from observations to actions — from interaction
samples. in order to maximize a reward signal. While RL
has obtained empirical successes for a plethora of challeng-
ing pmblems ranging from games to robotics (Mnih et al.,

2015; Schrittwieser et al., 2020; Levine et al., 2015; Akkaya
ctal., 2019), most of these achievements have assumed full
state observability. A more realistic assumption is partial
state observability, where only a partial observation of the
state of the environment is available for taking actions. In

tional RL approaches have thus been adapted by considering
history-dependent policies, usually with a recurrent neural
network to process histories (Bakker, 2001 Wierstra et al.,
2007; Hausknecht & Stone, 2015; Heess et al., 2015; Zha
etal, 2016; Zhu et al., 2017). Given the difficulty of learn-
ing effective history-dependent policies, various auxiliary
representation leaming objectives have been proposed to
compress the history into useful representations (gl et al.,
tal., 2018; Guo et al., 2018; Gregor et al.,

Subramanian et al., 2022; Ni et al., 2024). Such methods
usually seek to lean history representations that encode the
belief, defined as the posterior distributions over the states

given the history, which is a sufficient st
for optimal control.

ic of the history

‘While these methods are theoretically able to learn optimal
history-dependent policies, they usually learn solely from
the partial state observations, which can be restrictive. In-
deed, assuming the same partial observability at training
time and execution time can be too pessimistic for many
environments, notably for those that are simulated. This mo-
tivated the asymmetric learning paradigm, where additional
state information available at training time is leveraged dur-
ing the process of learning a history-dependent policy. Al-
though the optimal policies obtained by asymmetric learning
are theoretically equivalent to those leamed by symmetric
learning, the promise of asymmetric leaming is to improve
the convergence speed. Early approaches proposed to imi-
tate a privileged policy conditioned on the state (Choudhury
et al., 2018). or to use an asymmetric critic conditioned
on the state (Pinto et al., 2018). These heuristic methods
initially lacked a theoretical framework, and a recent line
of work has focused on proposing theoretically grounded
asymmetric learning objectives. First, imitation leaming
policy was known to be suboj i

e

P
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Agent-State Policies

Def. 2: Agent-state of a history.

An agent-state z, = f(h;) = u(f(h,_1),a,_q,0,) is a recurrent function.

Examples: sliding window, last observation, belief, etc.

The policy becomes 7,, = m,, o f and its gradient® becomes:

VwJ(Uw) ~ E'v Z’VtQW’(Zt, A;)logm, (Al Zy)
| t=0

o
~ Ev YR (Z, 1, Ay) IOgT"w(At|Zt)
| t=0

*The Q-function should be timed for an exact policy gradient, we omit this here.

18/42



Aliasing
If Z, is not Markovian, even if is sufficient for control, we may have aliasing.

Let Q" (z,a) and Q" (2,1, a) be the fixed points of:

Q" (z,a) = E™ [Ry + Q" (2, Ay) | Zy = 2,4y = d
Q™ (z,i,a) = E™ [Ro +yQ™(Zy, I, Ay) | Zy = 2,0y = i, Ag = a]

Thm. 1: Aliasing bound (Cayci et al., 2024; Lambrechts et al., 2025).

In general, Q" (z,a) # Q" (z,a) and Q™ (2,4, a) # Q" (z,1,a):
Ny — ON dmv b)) —B(- 2.4

Qe = Qo] ,, < OB [[lo(- 1h,) = b(- 12,9)[]]),

which becomes zero for ¢ = s.

This critic error shows up in the finite-time bound on the policy suboptimality.
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Informed Asymmetric Actor-Critic:
Leveraging Privileged Signals Beyond Full-State Access

Daniel Ebi’ Damien Ernst® Klemens Bihm ' Gaspard Lambrechts ™

Abstract

Asymmetric_reinforcement leaming leverages

applications involve partial observabilit, where agents must
make decisions based on incomplete and noisy observations.

improve eaming under partal observbily. Ex-

cision processes (POMDPS) (Kaclbling ctal., 1998), where
1 depend on the history of

ing asymmetric
assume access to the full environmen state 1o
condition the critic during training, which is of-
ten unrealistic in practice. We introduce the in-
formed asymmetric actor-critic framework that
allows the eritic (o be conditioned on arbitrary.
state-dependent privileged signals, and show that
any such signal yields unbiased policy gradient
estimates. This substantially expands the set of
d

and actions.

To address this, RL methods for fully obscrvable settings
have been adapted by learming history.-dependent policies,
pcally g ecomns s etworks (RN taen-
bservation-action sequences (Bakker, 2001; Wier-
stra et al, 2010; Hausknecht & Stone, 2015; Zhang et al.,
2016; Zhu et al., 2017; Cayei & 2025). Many ap-
proaches compress these sequences into compa laen rep-

the
problem of selecting the most informative signals
for learning. To this end, we propose two novel

\formativeness critria: 4 dependence-based test
that can be applied prior (o training, and  test
based on improvements in value prediction that
can be applied post hoc. Experiments on par-

etal., 2018; Bucsing ctal, 2018; Guo ct L. 2018; Gregox
etal., 2019; Han et al., 2020; Guo et al.

2020; Subramanian et al., 2022; Ni et .
these methods can,in principl, lean optima polices, they
assume the same level of observability during training and
execution, restricting policy learning 1o the limited informa-

ronments demonstrate that carefully selected priv-
ileged signals can match or outperform full-state

y . his as

tion i unnccessarily restrictive and possibly suboptimal.

Many training environments provide additional information
tcal

sate information.

including muld-view sensory input in robotics (Pinto et al,
2018), simulator states available during training in simu-
lation, expert policies, and external knowledge obi

. ined

1. Introduction from foundaton models by queying prsntatios o

Reinforcement RL ditioned on obs d eventual additional context.
luding full st

Beaiag.veniaon sl coniolng sy o Seyod
. 2024, energy ysiems (Framois Lve 6:
vl a0

or ity the Marko propety. st ey provide uscul
information for improving learning.

and mmmnnpmmum However, many real-world

privileged in-
formation. For example, some methods train privileged

i Compu Tech

nology, Karlsruhe, Germany *Monicfore Insiute, Univrsiy of

Litge, Litge, Belgium Deparument of Flectrical and Computer
ne. sy Moniea, Consd M- Qutee

Anificia Itlligence Instute, Montcal, Canada. Corr

o Dol Eo b€ e

Proceedings of the 43" Intemational Conference on Machine
Learning, Seoul, South Korea. PMLR 306, 2026, Copyright 2026
by the athors).

them (Choudhury et al, 2018). However, these methods
often lack theoretical guarantees and may lead to subop-
timal policies in POMDPs (Warrington et al., 2021). To
‘mitigate this, Warrington et al. (2021) propose constraining
the expert policy to yicld an optimal policy under partial
obscrvability. Another line of work exploits privileged in-
formation in model-based RL by constructing world models

Under Untruncated Partial Observability

to Informed Value Estimation
urrent Natural Actor-Critic

‘ymous Author(s)
‘Affliation
Address
email

Abstract

. einforcement earing sge actbased
Whie asymmetic scorértic methods

lexplored. We generalize the Recurrent Natu-
ithim 10 the asymmetric setting, where a statc-
bl only drin g and is used by the
Lof a recurtent encoder of the observable history
¥ head i eamable and nearatesthe priilscd
y adapting the inie-time and finite-width analy-
‘ent temporal-difference learning to this seting.
HE informed vau cotimation edces e var-
and lowers the asymptotic error floor, but also
sasing st complesy We et nlyze
o ardint updaeandshow e e cri's e
ormation mismatch i he acor's compatible
rctensewhen v e iomtion mprovs
ns for policy learning.

problems, the rue state of the environment is not directly

y on the entire interaction history to act optimally
ide a natural parameterization of such history-dependent
fze latent representation [3-7]. However, learning in these.
the large history space and possibly subs

this limitation by granting the ritc access o privileged
s the actor 1o use only historics of ast observations and
st vl estmaion i mproe oy pds

< domains [8-12]. Early asym
o ot ol e 12] sncely e
ok esoles s s b nrodaing sty e vloe
1the sty and st eing unbised srdints (13
Y between he extremes of ful s obse
s such a ocliary measrements,frecots, otues,
e unobservable state without fuly revealing it, may
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Informed Actor Critic
The informed Q-function is Q" (h,i,a) = E"[G, | H, = h,I, =i, A, = a].

Thm. 2: Q"(h, i, a) is unbiased (Ebi et al, 2026).
Qn(h'va’) = E[Qn(HaIvA) | H=hA= (1,]

Thm. 3: Q"(h, i, a) uniquely solves a Bellman equation (Ebi et al., 2026).
Q"(h,i,a) = E"[R, + yQ"(Hyp1, L1, Apyr) | Hy = h, I, =i, Ay = a

Thm. 4: Q" (h, i, a) is valid in the policy gradient (Ebi et al, 2026).

V¢J(n¢) =E" Z’YtQ%(Ht,Ita At)vq/; lognzp(At‘Ht)
t=0
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Informed Policy Gradient Theorem

Vyd (1) = Em
= E"»
= [E
=K
= [E"

= K"

Z Y Q" (Hy, At)vw logn,, (A Hy)
t=0

Z YE G, | Hy, At}vw log U (A;|H,)
| t=0

Z’YtE% [E™[Gy | Hy, I, Ay | Htht]vz/) 10g771p(At|Ht)
t=0

YE™ Q™ (Hy, I, Ay) | Hy, At}vw log nw(At‘Ht)
=0

t=

Z’YtEn"'” [Qn""’(Ht; Iy, A )V y logmy (A [Hy) | Hy, At]
t=0

Z’Yth” (Hy, 1, At)vqp log n¢(At|Ht)

| t=0
23/42



Justification for Informed Actor-Critic

If any I(- |s) can be used, which one should we use? And why would it help?

First insight: the regression target for the critic (MC or TD) has less variance.
VIG, | H =h, A, = a] 2 E[V[G, | H,, I;, A,] | H, = h, A, = a
— Could help because it reduces the variance of the return?
Second insight: the policy gradient has higher variance.
V[E[Gt | H, =h,A, = a]V,l, log n¢(a|h)]
< VIE[G, | H, = h, I, A, = a]V ; logn,(alh)]

— Could help because it increases the variance of the policy gradient?

= Variance is transferred from the critic estimation to the gradient estimation.
Trade bias-variance in policy gradient while reducing variance in critic target?
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Under Full Observability

Future-Informed Actor-Critic

Samy Mokeddem Gaspard Lambrechts
University of Lizge McGill University, Mila
samy iege.be gaspard. 1 i11.ca
Adrien Bolland Damien Ernst
Ecole Polytechnique University of Lidge
adrien.bolland@polytechnique.edu dernst@uliege.be

Abstract

Actor-critic methods optimize a parametrized policy using a eritic to estimate thei
policy gradien. Recent workshave shownthat condiionin the i on features
re states, actions, or rewards can improve returns and/or sample efficiency.
Humer, existing methods are restricted to exogenous features (independent of
on).overooking the endogenous eatures (dependent on ation) that may
be crucial for credit . We introduce the future-informed value func-
tion, which can he conditioned o both exogenous and endogenous featurs of
future states, actions, or rewards. Then, we express the policy gradient using this
value fun ielding the future-informed policy gradient. Building on that, we
propose a future-informed actor-criti algorithm. Empirical results show that our
method with endogenous features can outperform standard actor-critic algorithms
in environments with noisy and sparse rewards.

";

1 Introduction

A central component of actor-critic (AC) methods is the critic, a function approximator of a value
function that reduces the variance of policy-gradient (PG) estimates at the price of an estimation bias.
Recent work proposes to condition a cri onal information available during training. In
particular, Mesnard et al. [2021] and Sinclair et al. [2023] condition a critic on features of future
states and rewards. They empirically demonstrate improvements in return and/or sample efficiency
in some environments. To ensure unbiased policy gradients, these methods restrict the additional
information to exogenous features (independent of actions). However, hindsight cre
methods [Harutyunyan et al., 2019, Ramesh et al., 2026], which reweight rewards through a leamed

hindsiht action distrbution,show thatendogenous features (dependent on ations) offture siats, 26/42
actions, and/or rewards are valuable for credit assignment. These methods nevertheless do not use the

endogenous feaures to condition the ¢rtc. The cosest .\uempl to condition a critic on endogenous

features is Guez et al. [2020]. which con i




Future-Informed Q-function

Leveraging additional information is not restricted to POMDPs. Indeed,
+ In a POMDP, the history h is sufficient for control, and Markovian,
« In an MDP, the state s is sufficient for control, and Markovian.

— What information about the return could we leverage in MDP? The future.

Def. 3: Future-informed Q-function.
The future-informed Q-function of a policy 7 is defined as,?
Qﬂ-(s7a’af) :]ETF[Gt | St = S’At = G,E = f]
with F, any random variable on the probability space of (S, .00, A411:00)-

NB: Both 7 and F; condition the distribution of G, and its expectation.

*While this talk assumes deterministic rewards r, = R(s,, a,), the paper generalizes this
to stochastic rewards and features F; of the future states, actions and rewards.
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Future-Informed Actor-Critic
Reminder: Q™ (s, a, f)=E"[G,| S, =s, A, =a, F,= f].

Thm. 5: Q" (s, a, f) is unbiased (Mokeddem et al., 2026).
Q"(s,a) = E"[Q"(S;, Ay, B) | S, = s, Ay = a].

Thm. 6: Q" (s, a, f) uniquely solves a Bellman equation (Mokeddem et al., 2026).
Q"(s,a, f) = E"[R(S;, A) +7Q™ (St41, Apyr, Fiya) [ Sy =35, A, =a, F=f].

Thm. 7: The policy gradient is writable with Q" (s, a, f) (Mokeddem et al., 2026).

V¢J(7T¢) = K™ Z'thﬂw(StaAt?E)vz/J IOgﬁw(At|St) c
t=0
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Relation to Existing Methods

= As in POMDPs, variance is transferred from the critic to the policy.
Trade bias-variance in policy gradient while reducing variance in critic target?

Rem. 1: Q¥ (s, a, f) generalizes existing advantage estimators.

V¢J(W¢) =E"™ Z’YtQﬂ‘”(SmAt, )V logm,(A]S;)

t=0

Name Feature f, Estimator Q™v (s, a;, f;)

Critic 1%} Q™ (s, a;)

™ (T4 8441) e + YV (8441)

TD-n (Te) s Terms Se4nsa) ZZ:O Vorppr YTV (5441)
Reinforce (7,741, 449 ---) ZZZO Yo, e

.2 (St -evs Spamst) > o YER(s,) + "IV ™ (5,41)
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Open Research Questions

« 1. With existing f,’s, is it better to learn V™ (s) / Q™% (s, a) or Q™ (s, a, f)?
2. Is there new f,’s that could provide better learning?

UmbrellaChain FrozenLake 03 Noisy FrozenLake CartPole Noisy CartPole
c 100
3
£ 075
o
E 0.50
© 025
Q
X 0.00
-025 OL=
0 500 1000 1500 0 250 500 750 0 500 1000 1500 0 200 400 600 0 200 400 600
update step update step update step update step update step
—— FIAC: zz=rf —— V-ID-AC —— A2C —— Q-TD-AC FIAC z; = (St, @¢, ..., St+20,@t+20) = FIAC: Ztso =17

Fig. 10: FIAC with various features f, (called z, here) and classical baselines.

Conclusions:

« Asymmetric actor-critic can be effective in POMDPs and in MDPs.
« It is not clear why, but we are making progress.

« It is a generalization of existing methods.
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An Asymmetric World Model



Uninformed and Informed Dreamer

\@ 7\@ 7\, \T \> Y

Flg 11: Umnformed Dreamer and Informed Dreamer Models.
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Reinformed Dreamer

Fig. 12: Reinformed Dreamer Model.
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Imagination and Execution

Fig. 13: Imagination and Execution.
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Varying Mountain Hike

—— Uninformed —— Informed —— Scaffolder —— Reinformed
Position, North Position, Random Altitude, North Altitude, Random
—50 =50 =50
100 —100 100 —100
—~150 —150 —150 —150

0.0 0.5 1.0 1.0 0.0 1.0 0.0 0.5 1.0

Environment steps (M)

Fig. 14: Uninformed, Informed and Reinformed in Varying Mountain Hike.
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PopGym Suite

—— Uninformed Informed Scaffolder Reinformed
Concentration Count Recall Higher Lower Mine Sweeper 1mNoisy Position Cart Pole
0.00 025 .
~025 e 2 / 000 075
- 0.2 5
~0.50 —08 , -025 050
0.0 5
3 0.2
-0 —0.50 ’
=10 =02
Noisy Position Pendulum Position Cart Pole Position Pendulum Repeat First Repeat Previous
10
0.75 —_— 05
0.5
0.50 5
05 05 00 00
0.25 o
—0.5 s
0.00 00 0
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.5 1.0 0.0 0.5 1.0

Environment steps (M)

Fig. 15: Uninformed, Informed and Reinformed in Pop Gym.

36/42



Velocity Control

—— Uninformed —— Informed —— Scaffolder Reinformed
Acrobot Swingup Cartpole Balance Cartpole Balance Sparse Cartpole Swingup Cartpole Swingup Sparse Cheetah Run
1000 1000- 5
40 70 o 70
750 B
. 500 w 500
200 500 200 -
250 250 250
250
0 0 0 0
Cup Catch Finger Spin Finger Turn Easy Finger Turn Hard Hopper Hop Hopper Stand
1000 750- 1000 1000 400
500
250- v
0 0 0 0 0 0
Pendulum Swingup Reacher Easy Reacher Hard Walker Run Walker Stand ‘Walker Walk
1000 1000 1000 1000
o0 750
500 500 500 400 S0 500
o 250
0 0 0 o 0
00 [ 0 00 05 0 0o 05 000 05 a0 05 000 [ 0

Environment steps (M)

Fig. 16: Uninformed, Informed and Reinformed in Velocity Control.
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Conclusions



Conclusions

Don’t make the problem harder than it is.

Consider all available information at training,.

A warm thank to my coauteurs Adrien Bolland, Daniel Ebi, Samy
Mokeddem and Edward Hu, along with my supervisors Aditya
Mahajan and Damien Ernst, for their help on these projects.
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