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Abstract

Partial observability is a notorious challenge in reinforcement learning (RL), due to
the need to learn complex, history-dependent policies. Recent empirical successes
have used privileged expert distillation — which leverages availability of latent
state information during training (e.g., from a simulator) to learn and imitate the op-
timal latent, Markovian policy — to disentangle the task of “learning to see” from
“learning to act” [56, 12, 9]. While expert distillation is more computationally effi-
cient than RL without latent state information, it also has well-documented failure
modes. In this paper — through a simple but instructive theoretical model called
the perturbed Block MDP, and controlled experiments on challenging simulated
locomotion tasks — we investigate the algorithmic trade-off between privileged
expert distillation and standard RL without privileged information. Our main
findings are: (1) The trade-off empirically hinges on the stochasticity of the latent
dynamics, as theoretically predicted by contrasting approximate decodability with
belief contraction in the perturbed Block MDP; and (2) The optimal latent policy
is not always the best latent policy to distill. Our results suggest new guidelines for
effectively exploiting privileged information, potentially advancing the efficiency
of policy learning across many practical partially observable domains.

1 Introduction

Partial observability is a common challenge in applied reinforcement learning: the decision-making
agent may not see the true state of the environment at all time-steps, whose information might only
be probabilistically inferred from the history of observations. An illustrative task is robot learning
for robots with image-based perception [58, 68]. A single image of the robot (or, in first-person
perspective, of the environment) will not capture important elements of the state such as the robot’s
velocity, and may miss other features due to e.g. occlusion or limited view.

The canonical theoretical model for such tasks is Partially Observable Markov Decision Process
(POMDP). Unfortunately, there are well-documented computational [57] and statistical [28] barriers
to planning and learning in POMDPs, which have motivated many theoretical works that seek to
bypass these barriers by making additional structural assumptions [28, 33, 19, 24, 23, 42]. On
the empirical side, the standard technique for mitigating partial observability is frame-stacking,
which enabled notable successes for learning to play Atari games [50, 51]. The idea is to treat the
“state” of the environment as the concatenation of a short window of L recent observations, and
apply a standard algorithm for fully-observed reinforcement learning (RL). This technique inspired
theoretical developments such as L-step decodability [19], and has some theoretical underpinnings
for y-observable POMDPs [24]. Yet frame-stacking is not a silver bullet for partially observable
decision-making: sometimes effective planning requires long memory [18]. Also, high-dimensional
observations (such as stacks of images) can confound learning complex behaviors [58, 78].

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



Learning from latent state information. A common heuristic for planning in known POMDPs

is to use the optimdhatent policy (also known as the state-based policy or privileged policy) —
i.e., the optimal policy that is allowed to “cheat” and see the underlying state of the environment
— as a starting point for computing @&xecutablgolicy — i.e. a policy that only depends on the
observable history40, 65, 12]. More recent works have brought this ansatz to the learning task,
where the description of the POMDP is a priori unknown. In the standard theoretical formalization of
this task B1], the latent states of the POMDP are never observed (nor even identi able); however,
for applications such as robotics, it is often practically reasonable to constsiotudator of

the environment3], from which the learning agent may draw trajectories that include both the
observations as well as the latent states — “privileged” information that is only available at training
time, not at test time.

The most prominent paradigm for exploiting this additional information is caltedleged expert
distillation,! which applies methods from imitation learning and structured prediclibreR, 64, 8]

to learning in POMDPs. Expert distillation has two steps: (1) learn an optimal latent policy, using a
standard RL algorithm with the latent state information provided by the simulator; and (2) distill the
latent policy to an executable policy, using an imitation learning algorithm subigger[64]. This
paradigm has achieved impressive success in applications such as autonomousdjyixabgtics

[37, 48, 85] and LLMs [11].

These successes suggest a fundamental questioen does expert distillation help in realistic
decision-making tasksOn the one hand, in controlled experiments, expert distillation uniformly
converges faster and more stably than RL without latent state inform&Bhrlikely because it
disentangles representation learning from decision-maldhdoreover, expert distillation enjoys a
provable computational advantage in decodable POMIPRsOn the other hand, there are well-
documented failure modes of expert distillation — most notably, due to its inability to encourage
purely information-gathering action®,[79 — where more expensive hybrid methods such as
Asymmetric Actor-Critic [58] are fundamentally required.

In this paper, motivated by image-based locomotion tasks, we focus on the middle ground where
(perfect) decodability may fail, yet the observations are still highly informative of the latent state.
In this regime, we ask: (i) when and how is expert distillation as performant as standard RL with
frame-stacking, and (ii) are there lightweightprovementso expert distillation? We use simple
theoretical models in tandem with controlled experiments to address the preceding questions.

Our contributions.

1. The prior theoretical model for understanding the bene ts of latent state information was a
perfectly decodabl®OMDP [7]. We begin by empirically demonstrating that this model is too
restrictive for image-based locomotion tasks.

2. We then introducapproximate decodabilityand connect it to the success of expert distillation
— in analogy with the connection betwebalief contractiorand the success of standard rein-
forcement learning with frame-stacking. But when are these conditions satis ed? As a theoretical
testbed, we introduce thgerturbed Block MDP

3. We show both theoretically (by analyzing the perturbed Block MDP model) and experimentally
that the performance of expert distillation compared to standard reinforcement learning depends
crucially on thestochasticityof the model dynamics: for deterministic dynamics, distillation is
competitive with RL, but as the stochasticity increases, its performance comparatively degrades.

4. Finally, we show that distillation of the optimal latent policy is often a sub-optimal use of latent
state information: the simple modi cation @dding stochasticity to the latent MDigefore
computing the optimal policy yields robust performance bene ts via imprevedothness

2 Preliminaries

A ( nite-horizon, layered) Partially Observable Markov Decision Process (POMDP) is a tuple
P = (H; X;S;A;P;0;R), whereH 2 N is the horizon,X = fX hg::':l is the observa-

1The same paradigm is sometimes callegrning by Cheatingr Teacher to Student Learning
2Decodable POMDPs without any pre x refer kb-step decodable POMDPs, whéteis the horizon of the
POMDPs.



tion space,S = fShgr'Ll is the latent state spacéd, = fA hgﬁzl is the action space? =
fPh:Sh 1 Anh 1! ( Sn)gi., describes the latent transitior®,= fOp : Sp ! ( Xn)0h-4
describes the emission distributions, &Rd= fR, : S, A ! [0;1]g describes the rewards.
We write A := maxhjAnj, S = maxpjSpj, and X = maxpjXhj. Given any timesteg
andL 2 [H], we denoteX™ " := X, | X Ln X 1, and similarly forAh L:h,
with the shorthandh L := maxfl;h Lg. Then anL-stepexecutablegolicy is a collection

=f poxh b A hLh T (CAp)g;welet b denote the class of such policies. Given
any executable policy 2 := M atrajectory = (Si;X1;a1;r1;:::;SH;XH ;a1 ;) iS gen-
erated bys,  Ph(sh 1;8n 1), Xn  On(Sh), an (Xz:h;@wh 1), 'h = Rn(sh;an). We use
P andE to denote the law and expectation under this process. Following coryention, ywe assume

E=1 rn  lalmost surely under all policies. Thalueof a policy isJ( ):= E E=l h .

Note that the POMDPP also de nes an underlying Markov Decision Process (MDP)
M = fS;A;P;R;Hg (which we call thelatent MDP where the state is fully observable.
A latent (Markovian) policy is a collection’ent = f [aent . g 1 (- A,)g, and we let 'aent
denote the class of latent policies. A latent trajectdi"i?”t = (sg; al; 111;SH;ap) is generated

bysn Pn(sh 1;an 1),@  [@"(sy), and we de neP “" andE “" accordingly.

Learning with/without latent state information. In the standard theoretical RL access model
(i.e. without latent state information3(, 27, at training time, the learning agent can repeatedly
interact with the POMDRP by playing an executable policyand observing the partial trajectory
(X1:4;a1:4;r1:1)- In contrast, in théearning with latent state informatiomodel [7], at training
time, the learning agent can plapy policy, and observes the full trajectof$1-H ; X1:1 ;@11 F1H ).

In both settings, the goal is to eventually producea@cutablgolicy b that minimizesl ( ) J(b)
(where ? is the optimal executable policy).

Belief states.A belief states a distribution over latent states. For a pfian the latent state at step
h 1, letUn(bjan 1;Xn) be the posterior on the latent state at $tegdter taking actiora, ; and
then observingy, (see De nition B.1 for the formal algebraic de nition).

De nition 2.1. For any observation/action sequende:.h;ai:n 1), the true belief state
bh(X1:h;a1:n 1) is de ned as follows. Foh = 1 with observatiorxy, letb;(x1) := B1(P1;X1).
Forany2 h H,let

br(Xzn;acn 1) := Un(brn 1(Xn 1581 2);8n 1;%n): 1)

For any executable policy, steph, and history(x1:n;ai:n 1), bh(X1:h; a1:n 1) is the distribution
of the latent stats;,, underP , conditioned or{X1.h;a1:n 1) (Lemma C.2).

Many methods for ef cient planning in POMDPs are basedapproximate belief statehat only de-
pend on a short window of recent actions and observat@®2H]. Informally, the approximate belief
stateb?P(Xp L+1:h;@ L:n 1; D) is the posterior on stat after observingXn +1:n;@h L:h 1)
with prior D on states,, . See De nition B.2 for the formal de nition (analogous to De nition 2.1).

Additional notation.  For distributionsb; ¥ 2 ( Sp), the density ratio iskb=tk, =
SUps,s ,, K(s)= B(s) 2 [1;1 ], with the convention tha®=0 = 1. For a belief statd 2 ( Sh) and
condltlonal distribution , : Sh!' ( Ap),welet , bdenote the distribution ovek,, obtained as

P
(n D(an) = g 25, bsn) n(@njsn): 2

Experimental Setup. We use three tasks in the Deepmind control suif:[walker-run , dog-walk

and the challengingumanoid-walk To implement online (resp., of ine) expert distillation, we
(1) train an expert on the latent state information usitm§)[22], and (2) imitate the expert via
DAgger[64] (resp., Behavior Cloning (BC)) oh-step executable policies. Unless otherwise
speci ed, we use the standard ch0|ceLof— 3, and we use mean squared error (MSE) as the
loss function: g%e mplgx = fxi g, ', and targety = fy' 2 RYg\, , the loss of a functiof is

(XY )= W =1 o (f (x! i Y 12, To implement reinforcement learning (RL), we use
MrQ22] on L -step executable policies. In experiments, we follow the common empirical practice
of only stacking observations (rather than both observations and actions).

Appendices.See Appendix A for additional related work, and Appendix H for experimental details.



3 Approximate Decodability and Belief Contraction

Even with access to latent state information during training, the problem of learning a near-optimal
policy in a POMDP is as hard as tpéanningtask (where a description of the POMDP is already
known), which is well-known to be computationally intractable in the worst cage However,
POMDPs encountered in practice will often satisfy additional structural properties that may mitigate
this hardness. Some of the most widely-studied propertiesl@cedability[19, 7] and belief
contraction(also known adlter stability) [29, 24].

Privileged information is known to yield a provable computational bene t in decodable POMDPs
[7]. However, as we empirically demonstrate in Section 3.1, perfect decodability is an unrealistic
assumption in our motivating tasks. For this reason, in Section 3.2 we introduce the notion of
approximate decodabilityHeuristically, this property governs the success of expert distillation
with L -step framestacking, whereas belief contraction governs the success of standard RL (also with
L -step framestacking). But when are these properties satis ed? As a clean theoretical testbed for
studying this question, in Section 3.3 we introduce therturbed Block MDP

3.1 Prior Work: Perfectly Decodable POMDPs

In some applications, such as video games, it is plausible that the agent can deduce the latent state
from a small number of recent observations. This was empirically substantiated by the success
of DQN [50] and its variants, which only use the most recent four observations as policy inputs.
Theoretically, this motivated the study of thestep decodable model9], which posits that the most
recentL observations and actions suf ce to fully disambiguate the latent state (De nition B.3).

Without latent state information (i.e. in the standard RL access model), learning a near-optimal
policy in anL -step decodable POMDPs requirésA') samples 9. However, with latent state
information, [7] show that the sample and time complexity of learning a near-optimal pdlRy M
suchthat () argmax , « J( ) " with high probability is onlypoly(S; A; X; H; 1="). Thus,

for largeL, there is a clear theoretical bene t of latent state information (both statistically and
computationally). However, unfortunately;step decodability is not always a realistic assumption:

Empirical test: does perfect decodability hold? Through controlled experiments on our three
chosen locomotion tasks (Section 2), we observe that latent states are not perfectly decodable in
practice, especially in early timesteps. We defer details of this experiment to Appendix H.1.

3.2 Errorsin POMDPs

The above empirical result motivates the following theoretical de nition of decodability error:
De nition 3.1 (Decodability Error) Fix a POMDPP. Thedecodability erroifor an executable
policy andtimestefn 2 [H]is

"N )= E [1 K ba(xuniarn 1)k I
Intuitively, decodability error quanti es stochasticity of the true belief. Below, we show that it upper
bounds thamisspeci cationof any latent policy '€ with respect to the class of executable policies.

Lemma 3.1(See Lemma E.3)Let 'aent 2 latent e 5 |atent policy and I8, be a collection
of functionsB, : X" A " 11 ( S,). De ne executable policieg by e(X1h;anh 1) =

latent By (xy:n;an 1) and (Xenjaeh 1):= " by (xeniaes 1) (see Eq. (2)). Then
latent )t‘ h |
TV(P ~ ;P°) 2tdecode Y4+ E®  bp(Xynarh 1) Bhn(Xwpjaph 1) L 3
h=1

Low decodability error is not strictly required for low misspeci cation (see Section 6), but some such

assumption is needed to rule out moqgls requiring active information-gath@8hd\s a special
H

case, Lemma 3.1 implies thaf®®" js 2 [, "decodq )_close to the executable policy which
evaluates '@ at a random statef sampled from the true belih, (x1:n;a1:n 1); this is because if
bh(X1:n;a1:n 1) is highly concentrated, thesﬁ likely matches the true latent state. The second error
term in Eqg. (3) quanti es error in learning the true belief — e.g., due to using lordiep histories.



Next, it is instructive to contrast decodability error wiiblief contraction errorthe discrepancy
between the true belief and the approximate belief induced bl tmest recent observations/actions:

De nition 3.2 (Belief Contraction Error24]). Fix a POMDPP. For an executable policy, and
timesteph 2 [H], theL -stepbelief contraction errofl 2 [h 1]) is

mpontect( 1) i= E Kbn(Xuh;anh 1) BEP(Xn Lsnnian Lono1;unif(ShoL))k,

In the absence of latent state information, bounding the belief contraction error is the standard method
of analyzing provably ef cient algorithms for RL in POMDPZ29, 75, 24]. Indeed, belief contraction
implies that the POMDP with -step frame-stacking is approximately Markovian, which heuristically
suggests that a standard RL algorith30, [5] with frame-stacking should achieve low error in time

(AX)°M®) Due to technical issues with error compounding, this is not formally true, but under
an additionabbservabilitycondition, therds an algorithm that provably achieves that guarantee:

Theorem 3.1(Informal; see Theorem B.1; due t83). Suppose the POMDP is-observable
(De nition B.4), and satis ed_-step belief contraction with errdt.® There exists a reinforcement
learning algorithm that achieves the sub-optimality bound

ICH IC™ " opoly(S;iXiH; Yy
intime(XA)O(L) poly(H; S; 1;-- 1).

Technically, the explicit result in28] xes L log*(SH=")= (in which case the desired belief
contraction bound is implied by-observability, but the algorithm requires quasi-polynomial time),

but we observe that the proof extends to the result above — see Theorem B.1. Notably, Theorem 3.1
gives a polynomial-time algorithm if belief contraction holds for O(1).

3.3 The Perturbed Block MDP

Approximate decodability and belief contraction are conditions under which expert distillation and
standard RL with frame-stacking, respectively, may be reasonably expected to succeed. But when
are these conditions satis ed, and how do they compare? As a theoretical testbed, we introduce
theperturbed Block MDRnodel. Block MDPs 6] are a well-studied abstraction of environments

with rich observations yet simple latent dynamics. However, they assume that the latent state is
fully determined by the current observation. Below, we generalize Block MDPs by allowing for
probability that the observation is sampled from an arbitrary conditional distribtition.

De nition 3.3. Fix a parameter > 0. APOMDPP isa -perturbed Block MDHf, for eachh 2 [H],
there are®y,;E, : Sy ! ( Xp) suchtha®y, : S, ! ( X;) satis es theblock property [17], i.e.
©n(jsn):®n(j sﬁ) have disjoint supports for al, 6 s®, and moreover the emission distribution
Oy, at steph can be decomposed as follow3;, (Xn j sp) = (1 )h(Xnhjsh)+ En(Xnjshn):

A simple example is th@oisy sensomodel whereS = X and the true state is observed with
probability at leasi. . Later, we will examine the empirical validity of this model; for now we
study its theoretical implications. Below, we prove that for argerturbed Block MDP, the belief
contraction error decays exponentially as the frame-stack increases, by a faofo) pler frame.

Theorem 3.2(See Theorem D.1)Suppose that the POMDIP is a -perturbed Block MDP. There is
a universal constantp. ; > 1 with the following property. Fix an executable policyindicesl
h L<h H, and a distributiorD 2 ( S, ). Then for any partial historyxi.n, ;a1h L 1),

(Cp-1 )L:9 bh(X1:n L;81h L 1)

E [kbn(Xzn;ann 1) bp™(Xn L+ni@n L 1;D)K,] D
1

where the expectation is over trajectories drawn from poliggonditioned on the partial history
(Xz:h L;@1n L 1)- Thus, in particular'§nat( ;1) (Cp.q )-°°S.

3Technically, the result requires slightly generalizing De nition 3.2; see Theorem B.1 for the formal statement.

“To be clear, our theoretical focus is on issues arising from partial observability, not on representation learning.
The size of the observation space is conceptually tangential, so we omit introducing technical complications
such as function approximation, which are central to theory for fully-observed Block MDPs [82, 47, 61].



Figure 1: The performance of (of ine/online) expert distillation and RL with respect to wall-clock
time. We repeat each experiment 5 times and plot the mean and standard deviation. For the time
complexity of BC, we include the data collection time, and amortize it over the training steps. For
both BC andDAgger, we include the time to train the latent expert (also amortized).

While prior belief contraction result2f]] apply to this model, they only yield contraction by

1 (1 2)=C perframe, for a large consta@t > 1 (Remark D.1), and so are vacuous for

L = o(logS), even in the regime 1 (i.e. low observation noise). Theorem 3.2 remedies this
limitation; e.g. for = 1=Sityields"f"act( ;L) O (1=S) with only L = O(1). To prove
Theorem 3.2, one might hope that each new observation contrack¥thétance bypoly( ) in
expectation. This is false (Example D.1), but in such cases, it turns out that the density ratio decays,
yielding a win-win argument.

Heuristically, Theorem 3.2 suggests that standard RL listep frame-stacking should progressively
improve ad_ increases. Formally, Theorem 3.2 and Theorem 3.1 imply the following end-to-end
learning guarantee for the RL algorithm of [23] (which does not use latent state information):

Corollary 3.1 (Informal; see Corollary F.1)There is a method that, for anyperturbed Block MDP,
learns a polico with J( ?)  J(b) (Cs:2 )-"2(SXH )W intime (XA= )O(L)(HS)OWD

From a theoretical view, it remains to understand the decodability error for the perturbed Block MDP.
As we will show, this qualitatively depends on the stochasticity of the transition dynamics.

4 Distillation is Competitive for Deterministic Dynamics

In some environments, it is reasonable to assume that the latent transition dynardietearenistic

(e.g., if the dynamics are governed by simple Newtonian mechanics). Simulation benchmarks with
this property include some Atari games as well as MuJoCo tasks. In this section, we theoretically and
empirically study the performance of expert distillation, versus standard RL with frame-stacking, in
such environments (with deterministic latent transitions, but stochastic initial state and observations).

4.1 Theoretical Analysis under Deterministic Dynamics

Below, we show that for perturbed Block MDPs with deterministic dynamics, the decodability error
decays exponentially as the stef2 [H] increases. Intuitively, each observation concentrates the
true belief state further, and the deterministic transitions cannot “spread out” the belief state. While
this intuition is not quite rigorous, it can be proven thatstobservations concentrate the belief state;
the result follows from an appropriate martingale analysis (Lemma C.5).

Proposition 4.1(See Proposition D.1)There is a universal constaf.; > 1 so that the following
holds. Suppose th#t is a -perturbed Block MDP with deterministic transitions. For any executable
policy and indexh 2 [H], it holds that'decod¢( ) min( ; (Cqy )" D=9):

From Lemma 3.1, the “ideal” distillation of a latent expeltet jg imitaton .- latent p j o

given any history, query the latent expert based on the true belief. Combining Lemma 3.1 and
Proposition 4.1 immediately yields a strong, horizon-independent guarantee for this poli€{f"if

is the optimal latent policy, then

J( ?) J( imitation) J( Iatent) J( imitation) 2)(4 mln( . (C4'l )(h 1):9) 0] ( )
h=1
where the rstinequality is by Lemma C.4. Of course, exactly learning the true belief state may be
unrealistic, since this would require conditioning on the entire history. However, we can prove that (a



Figure 2: The normalized suboptimality of the expert distillation algorithms (top: behavior cloning;
bottom: DAgge) with respect to the horizon. We repeat 5 runs for each horizon and task, and perform
linear regression on the results from each task. Note that the trajectory rewards for this plot have
been normalized by horizon (and by action-prediction error), so linear scaling indicates compounding
errors.

slight modi cation of) theForward algorithm [62] (the non-stationary version @Aggei) on L -step
executable policies learns the following approximation 8¥i°" 5 in the in nite-sample limit:

Forward

apx . . .
Forward( iy | i1ni@n Loh 1) = atent b (Xp Lsrnid@h L 130y ) ifh>L
" o ' R b (Xhs 8zn 1) otherwise

See Appendix E.2 for the algorithm and proof. Applying this derivation to Lemma 3.1, then using
Proposition 4.1 to bound the decodability error and Theorem 3.2 to bound the error in approximate
beliefs, gives the following guarantee for expert distillation under deterministic latent dynamics:

Theorem 4.1(See Theorem E.1)Suppose that the POMDIP is a -perturbed Block MDP with
deterministic transitions, and X 2 N. Let 'aent 2 latent ha the optimal latent policy, and let

Foward he the policy computed Byorward with policy class “ (i.e. all L-step executable policies)
and expert '3t in the in nite-sample limit. Then

latent

J( ?) J( Forward) J( Iatent) J( Forward) TV(P ,Pe) 0] ()+(CD:1 )LZQSH:

Comparison with RL. While Theorem 4.1 is presented in the in nite-sample limit, the effective
sample complexity is only (XA )C(L) | since the optimization is ovér-step executable policies.
More concretely, up to additional errbgy, the above guarantee can be achieved by the same
algorithm with onlypoly((AX )-; H;" Op%) time and samples (Theorem E.2). Thus, the guarantee
for Forward qualitatively matches the guarantee for RL (Corollary 3.1), aside from the additional
horizon-independent term & ( ) incurred above (due to poor decodability in initial steps).

4.2 Empirical Analysis under Deterministic Dynamics

Theorem 4.1 gives a strong performance guarantee for expert distillation under deterministic latent
dynamics, nearly matching that of RL. This suggests that expert distillation may be preferred over
standard RL due to its (practical) ef ciency. Also, Theorem 4.1 suggests that error may compound
with the horizorH . However, the result is only an upper bound, and only for a stylized setting. We
now investigate whether these two theoretical implications hold up empirically.

Expert distillation outperforms RL under deterministic dynamics. In this experiment, we
compare the (a) asymptotic performance and (b) computational ef ciency of expert distillation and

SNote that behavior cloning will not learn the same policy, due to the latching ef&ktife. conditioning on
past actions of the latent expert). It may nevertheless achieve the same regret bBarnwlaad in our setting:
theoretically separating these algorithms likely requires assuming e.g. recoverability [20].
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