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Abstract

This work studies zero-shot policy transfer in reinforcement learning (RL), where a
policy trained on multiple tasks is deployed on new tasks without fine-tuning. We
study the Information Bottleneck (IB) framework as a probabilistic state abstraction,
compressing observations into latent variables that retain task-relevant information.
Our goal is to theoretically understand when and why such compressed represen-
tations enable policy transfer. We make three contributions: (1) an encoder-free
metric that measures a priori task transferability using the Shannon divergence
between action distributions, jointly with bisimulation distances comparing dy-
namics and rewards, (2) an encoder-dependent diagnostic metric, Latent-Action
Divergence (LAD), which compares action distributions in the latent space to
assess how well the learned abstraction preserves transferable behavior, and (3) a
generalization bound showing that excess information, information retained in the
latent representation that is not predictive of the policy, bounds the generalization
error. Finally, we discuss empirically testable ideas motivated by our theoretical
framework.

1 Introduction

Reinforcement learning (RL) has achieved remarkable successes in controlled benchmark environ-
ments, yet its deployment in real-world settings where trial-and-error interactions are costly or unsafe
remains challenging Dulac-Arnold et al. [2021]. A key requirement for practical RL is zero-shot
policy transfer: the ability to apply learned policies to novel tasks without further training Kirk et al.
[2023]. However, most RL agents often overfit to spurious correlations or task-specific cues that
fail to generalize even under slight distributional shifts Packer et al. [2018], Cobbe et al. [2019],
Farebrother et al. [2020].

A promising approach to mitigating overfitting is to learn compressed state abstractions that retain
only task-relevant information. Information-theoretic objectives, such as mutual information (MI)
maximization, are commonly used for state representation learning in RL Mazoure et al. [2020],
Laskin et al. [2022], as they encourage representations to capture relevant dependencies between
states and tasks. However, maximizing MI alone often leads to representations that encode many
irrelevant details, and it does not ensure that similar states are grouped together in a meaningful way
Rakelly et al. [2021].

The information bottleneck (IB) provides a principled framework for learning probabilistic state
abstractions that both compress and aggregate states into soft clusters based on their task relevance
Tishby et al. [2000], Tishby and Zaslavsky [2015]. By filtering out irrelevant information while
grouping states with shared functional similarity, IB enables agents to extract reusable knowledge
that can facilitate transfer across tasks and policies. IB-based regularization has been widely applied
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in RL to improve generalization and knowledge transfer Igl et al. [2019], Goyal et al. [2019], You
and Liu [2024], Yingjun and Xinwen [2019], Lu et al. [2020a], Fan and Li [2022], Islam et al.
[2022]. Despite these empirical successes, a rigorous theoretical understanding of why and when
IB-regularized representations enables transfer remains largely missing. In practice, IBs are often
applied and evaluated ad hoc through extensive hyperparameter tuning, and without guarantees on
performance, where deploying such policies in novel tasks can be risky.

In this paper, we provide, to our knowledge, the first theoretical study of why information bottlenecks
(IBs) improve transfer in reinforcement learning (RL). Our analysis builds on the empirical setup in
[Igl et al., 2019], where the IB is applied as a policy regularizer to enhance generalization. To make
theoretical analysis tractable, we focus on a simpler problem: zero-shot policy transfer, in which a
policy trained on one or more source MDPs is evaluated directly on a target MDP without further
training. Our central hypothesis is that transfer arises because the IB soft clusters action distributions
in a compressed latent representation. This clustering allows different abstract policies to emerge
during evaluation, which are sub-optimal yet sufficient to solve the task. It is precisely the trade-off
between compression and sub-optimality that we aim to characterize. To formalize this phenomenon,
we leverage rate—distortion theory Cover and Thomas [1991], Tishby et al. [2000], Zaslavsky and
Tishby [2019] to identify critical points along the compression—performance trade-off where clusters
emerge, providing a bound on the achievable sub-optimality that still enables successful transfer.

Contributions We provide three use cases grounded in rate—distortion theory, offering information-
theoretic tools to diagnose, evaluate, and understand zero-shot policy transfer when using IB policy-
level regularization:

Use Case 1: Diagnosing Task Transferability Before Training When designing benchmarks or
evaluating transfer methods, fully training agents on every candidate task is often costly. We propose
the Jensen—Shannon divergence of actions to quantify differences in policy distributions, which we
connect to a bisimulation metric capturing behavioral similarity. These measures define a transfer
radius, specifying the range over which a policy trained on one task is expected to transfer to others.
This enables diagnosing which tasks are inherently transferable, independent of optimization or
exploration effects, and supports designing benchmarks of tasks with controllable levels of transfer
difficulty.

Use Case 2: Evaluating Representation Generalization After Training After training, it is
crucial to know whether an agent has captured task-general structure or merely memorized the
training tasks. To assess this theoretically, we introduce the Latent-Action Divergence (LAD) to
measure the consistency of the latent policy across tasks, and pair it with a latent-space bisimulation
metric computed in the same bottleneck latent space. Together, these metrics define a theoretical
“generalization envelope” that can be visualized across a range of compression levels, indicating for
each level which tasks the latent representation is expected to transfer to.

Use Case 3: Linking Compression to Generalization Error Practitioners need a formal under-
standing of how the compression of a latent bottleneck affects transferability with guarantees on its
performance. We introduce a new quantity, the excessive information, which measures the extra infor-
mation retained in the bottleneck that does not contribute to the policy’s predictions and can lead to
overfitting. Our theoretical framework relates excessive information to the LAD and the latent-space
bisimulation metric from use case 2, showing that low values of these quantities are expected to be
necessary for good transfer performance. From this, we derive a PAC-Bayes generalization bound
that provides formal guarantees on performance transferability between tasks.

Outlook The use cases in this paper provide theoretical tools for applying information bottleneck
principles in RL. While our focus is on theoretical analysis, we plan to empirically validate these
measures in ongoing work. Additionally, our theoretical framework suggests several promising
directions for future empirical studies.

2 Related Work

Information Bottleneck Prior work has demonstrated that the information bottleneck (IB) can
enhance transferability in various RL settings, including policy regularization for generalization [Ig]
et al., 2019], goal-conditioned RL [Goyal et al., 2019], robust control [Eysenbach et al., 2021], and



dynamics model learning [Lu et al., 2020b,a]. However, these contributions are primarily empirical,
whereas our work provides a theoretical perspective on transfer.

Abel et al. [2018] uses the information bottleneck to provide performance guarantees when compress-
ing an abstract policy to match a single demonstrator policy. In contrast, our work studies a zero-shot
transfer setting, where the IB is used to compress states arising from multiple policies into abstract
stochastic representations, enabling knowledge transfer to a target policy. While Abel et al. [2018]
briefly mentions grouping multiple abstract policies and its potential benefit for transfer, we provide
a theoretical framework to justify and formalize this process.

Bisimulation metrics Ferns and Precup [2014], Zhang et al. [2021], Castro [2019] provide a
principled approach to state abstraction by quantifying behavioral equivalence between states. These
metrics have been used to improve generalization in RL by identifying states that induce similar
future dynamics and rewards. To our knowledge, no prior work has considered the use of stochastic
encoders to learn bisimulation-based abstractions or connected them explicitly to the IB.

3 Preliminaries

3.1 Information Bottleneck

The Information Bottleneck (IB) method [Tishby et al., 2000] is a principled framework for extracting
relevant information from a signal random variable X about a target variable Y. It seeks a stochastic
encoding p(Z|X) that produces a compressed representation 2 while retaining relevant information
about Y. The IB optimization can be written as a trade-off:

min Lig =I1(X;2)—-pI(Z;Y),
oo, L (X;2) - BI(Z;Y)

where the parameter 8 > 0 balances compression (via I (X; Z)) and predictive power (via I(Z;Y)).

3.2 State-Policy Information Bottleneck in RL

Let us denote with S € S the state random variable and with A™ € A the action random variable
distributed according to the policy 7 . We consider the state-policy information bottleneck Z <+
S — A™, with source variable S, relevancy variable A™ and bottleneck variable Z. In this context,
the IB method provides us with an optimal encoder p*(z | s) that compresses the state space S as
much as possible by minimizing the mutual information I(S; Z), while keeping a given amount of
information about the policy I(Z; A™) specified by the value of S.

4 Quantifying generalization performance

What is the role of 3 in the state-policy IB? For the limit 5 — oo all s that induce the same p(als)
share the same code value z and the resulting representation is a hard partition by policy invariances.
For large (3, two states with slightly different p(a|s) may still be assigned the same z with high
probability. By decreasing g further, the partition lines blur and a coarser grouping increases the
action prediction error. The “distance” that decides whether two states fall into the same soft cluster
is the IB information-distortion Dk (p(als1)||p(als2)), where as 3 grows, the effective tolerance

B! shrinks.!

To formally study how the IB latent space policy leads to better transfer than a full-state policy, we
need to study what MDPs fall in the generalisation offered by the IB method. Considering how
the IB assign states to latent variable via the similarity of their action distributions, we want to
define metrics that quantify the extent the same IB latent code z (almost) identifies states up to their
action distribution p(a|s) and investigate how this is related to successful transfer. In the following
section we will define encoder-free metrics that justify why the IB policy should generalise, and
encoder-dependent metrics that indicate whether the IB actually generalised.

'When 3 crosses a critical value the optimum bifurcates: a cluster splits because keeping those two sub-
groups together would now cost more in prediction accuracy than the S-weighted penalty for storing an extra bit.
This deterministic-annealing picture is worked out in Zaslavsky and Tishby [2019]



4.1 Use case 1: Compatibility via Encoder-free Metrics for analysis before training

Since we know what determines the soft or hard partitioning of the states s in latent variables z
(i.e., the similarity of their p(al|s)), we can define MDP metrics that predict when the representation
computed by the IB on a MDP will transfer over another MDP. Given two MDPs M and M, we
want a numerical distance D (M, M) that quantifies how much similar the two MDPs are when
the IB transfer between the two is successful. Two complementary families of metrics have emerged
in the recent literature and they slot neatly into the IB viewpoint. At the policy level, the expected
Jensen—Shannon Divergence (JSD) of Actions measures how different two MDPs’ policy distributions
are. At dynamics level, the Wasserstein bisimulation distance Ferns and Precup [2014], Zhang et al.
[2021], Castro [2019], measures how different rewards and transitions of the two MDPs are.?

The expected JSD of actions is defined as
Dys = Egvp[ISD(pa(als) || p2(als))] M

where, given two probability distributions P and () defined over the same domain, the JSD is
defined as JSD(P|Q) = 2 Dx1(P|| M) + $ Dx(Q[| M), with M = 1(P + Q) being the average
(mixture) distribution, and Dk, (+||-) denotes the Kullback—Leibler divergence. In Equation 4.1,
p(s) = 1(p1(s) + pa2(s)), with px(s) denoting the state occupancy distribution generated by the
action distribution ps(a|s) for k = 1,2. The metric Djs is zero if and only if the two tasks have
identical p(a | s) for every sampled state s, i.e. their hard IB partitions coincide. Note that this
quantity can be estimated before training the IB.

The trade-off parameter [ is the slope of the IB rate-distortion curve (i.e., they are related by the dual
relation 3 = R'(D)), where the rate is R = I(S; Z) and the distortion is D = E,, , [DKL (p(a |

s)|lg(a | z))} . Here, § indirectly controls an information-distortion radius via the allowed distortion

budget Dyax(5): the IB encoder merges all states whose action distributions obey D < Dy (5),
where Dy, () in practice is chosen by setting (. Starting from these observations, in Equation (5)
we bound the Djg of two tasks in order to guarantee that the very same soft clustering will meet the
distortion budget in both MDPs, so that transfer is guaranteed without re-tuning 3. Conversely, when
Dy is above the provided bound, one must raise 3 (keep more bits) or learn a new task-dependent
encoder.

Proposition 1(D ;g-radius transfer guarantee)

Given 8 and the corresponding distortion budget Dy (53), let an encoder p(z | s) and decoder
¢(a | z) be trained on task M, with average IB distortion

Dl = ESNpl,z\sDKL[pl(a | s)||q(a | Z)} S Dmax(ﬁ) (2)

Suppose the target occupancy satisfies the density-ratio bound

Tmax ‘= SUP Pa(s) <00 3)
s pi(s)
Then, for the same frozen encoder,
D2 S rmaxDl + 4DJS» (4)

where Dy :=E,,, . sDxr[p2(a | s)||lg(a | z)]. Consequently,

Dmax(ﬁ) - rmax-Dl
4

Dy < Dyax(8) whenever Djs < (5)

The proof of Proposition 1 is provided in Appendix A.

2Both metrics are easy to estimate from roll-outs in the two environments.



Hence, when D ;g satisfies inequality (5), the soft clustering found for MDP M automatically
satisfy the distortion constraint in the second M5, and no [ retuning is needed. If (5) fails, then the
bound allows Dy > Dy,ax(3) and to enforce the budget one can raise /3 (store more bits) or relearn
the encoder. The occupancy ratio ry,,x quantifies the extent Mo is a subset or truncation of M (i.e.,
when tasks differ only by removing states or shortening episodes). If task 2 is never denser than task 1
then 7.« < 1 and one obtains a tighter margin that enlarges the radius correspondingly. In this case
one can show that the condition in Equation (5) simplifies to Djs < % (Dmax — D1) and not extra
constraint is needed. Here, when ., < 1, the positivity of the radius Dyax(8) — Tmax D1 in Equa-
tion (5) is guaranteed by the the IB, whose optimal solutions satisfy D1 < Dy« (). On the contrary,
if "maxD1 > Dmax then the bound is vacuous and a larger D, (or stronger compression) is needed.

The bottleneck is only safe if two states that share a latent code also behave alike after the
action. For this reason, we integrate the Djg metric with the following behavioural bisimulation
metric Ferns et al. [2004]. Both must be small for zero-shot generalisation. The one-step Wasserstein
bisimulation metrics is defined as

Dpyn = max ‘IESNﬁ[Rl (s,a) — Ra(s, a)]‘ + Y EosdWi(Pi(- | 5,a), Po(- | 5,a))] (6)

where W7 is the 1-Wasserstein (earth-mover) distance. If two environments have e-bisimilar dynamics
in this sense, then any aggregation of states (in our case the IB encoder of M) preserves value
functions up to 1f7 when ported to Mo Zhang et al. [2020], Ferns et al. [2004]. Hence a policy
that is near-optimal on M stays near-optimal on M5 provided Djg is also small. In other words,
if Dys < M and Dpy, < ¢, then the IB encoder trained on M with that 3 yields
a policy that is < ¢/(1 — -y) sub-optimal on task M. D g is a policy-centric metric, Dpyy is
an environment-centric metric and both must be small for painless zero-shot transfer. The pair
(Djys, Dpyn) can be used as a pre-screen for task selection, answering the question: "which tasks
would benefit from IB?”.

4.2 Use case 2: Post-hoc diagnostics: encoder-dependent metrics

In this section, we employ aggregated metrics to enable post-hoc diagnostics of the quality of the
latent representation Z learned from the source task. These can be used to provide an interpretation
of why a transfer succeeds or fails. We want to quantify how much the same latent Z induces (almost)
the same action distribution in the two MDPs, so that the latent policy p(a|z) transfers. At the
representation level, the latent-action divergence measures how different the action distributions
conditioned on the latent are. At the dynamics level, the Wasserstein bisimulation distance, measures
how different rewards and transitions after the latent abstraction are.

Given the same IB encoder p(z | s) and policy 7(a | z) trained on My, but two different environment-
induced state distributions pg(s), k = 1,2, the Latent-Action Divergence (LAD) is the expectation
(weighted by any non-zero mixture p(z)) of the JSD between the two latent action distributions:

Drap(Mi, Ms) =Y p(2) ISD(p1(al 2) || p2(a| 2)) €)

where py(a | 2) = St T) gnd py(2) = 55 pr(s) po(z | 5). If Diap = 0, then

p1(a|z) = pa(a]z) for every z, hence the same decoder is optimal in both tasks. One can expect
that a small LAD implies small loss in return when one transfers the policy.

Similarly, one can define the latent Wasserstein bisimulation metric as

dp = HZHZX{lRl(Z,G)—RQ(Z,CL” + rYWl(Pl("Zaa)7P2('|Zaa))}a 4

where each MDP has been aggregated in the latent space using Ri(z,a) =
Yoswik(s,2) Rp(s,a), Pp(2 | z,a) =3 wi(s,2) Y Pu(s’ | s,a)pe(2’ | s') and weights
_ pr(s)po(2]s)

wi (s, 2) )



The pair (Dy,ap, dp) is a task-agnostic, quantitative gauge of whether two environments fall inside
the “generalisation envelope” carved out by an IB representation. Armed with these two metrics
one can map the S—transfer frontier that contains the test MDPs where the IB-compressive policy
is guaranteed (up to the theoretical bounds) to work as well as it did on the source MDP. A low
implies large latent clusters and small average Dy ap and dg, which in turns imply wide transfer
radius but lower in-task accuracy. On the contrary, a large /3 implies more fine-grained clusters but
possibly large cross-MDP distances — brittle transfer.

Let us consider a source MDP M, a set of candidate target MDPs M, and the distances Dyap, dp
of each target MDP with the source. For each £, given the (Dyap, dp) frontiers (7, 7") of MDPs
that score a good transferred return J;:(M) (e.g., at least 90% of the source return Jy.(M)), one can
define the set of MDPs that reside within the frontier as

,Dﬁ7‘[',7'/ = {M : DLAD(MhM) S7-7 dB(MhM) ST/} (7)

with 7 = MAXM: J;>0.9 e DLAD(Ml, ./\/l), and 7’ = MaAXNM: J>0.9J e dB(M1, M)

Almost all MDPs inside the area [0, 7] x [0,7'] of the Dyap “dp plane yield Ji; > 0.9.J; points
outside fail to do so.

4.3 Excess Information

Let us consider the IB compression term 7(S; Z) and its predictive power I(Z; A™). We define their
difference as g = I(S; Z) — I(Z; A™), which can be considered the the excess information that is
stored about S but not needed for predicting A™. If this gap is large and positive, the IB is keeping
information about the state that is not useful for choosing actions (i.e., over-fitting to environment
idiosyncrasies). In other words, g tells how much mutual information one is “paying for nothing.” In
general, to increase 3 pushes the solution towards sufficiency/minimality, hence reduces ¢>. A large
[ builds a latent Z that (almost) identifies states only up the similarity of their action distribution
p(als). For instance, all map layouts, colours, or other nuisance factors that do not change the action
probabilities are lumped together — exactly the kind of invariance that helps when you move the
policy to a new environment with the same dynamics but different visuals. As soon as J increases
further, although I(Z; A™) almost plateaued, Z starts to remember extra facts about the raw state —
e.g., wall textures, precise coordinates, random seeds — because those details still slightly improve
the action prediction. They are useless (and even harmful) once the environment changes, hence
generalisation degrades. This “redundant” capacity is exactly g, which is zero in the limiting invariant
partition for 8 — oo (Z is a minimal sufficient statistic for A and I(Z; A) = I(S; A™) = I(S; 2)).*

4.4 Use Case 3: Excessive Information and Generalization Bound

In this section we connect the excess information g to out-of-distribution regret.

Achille and Soatto [2018b] derive an IB-based generalisation bound for supervised learning with n
training samples,

| Test loss — Train loss ‘ < + higher-order terms. (8)

21(8;2)
n
The same statement can be applied to a latent representation of a RL policy once one fixes a data-
generating distribution p(s,a) (e.g. the advantage-weighted occupancy used in Igl et al. [2019]).
Equation 8 tells us that the absolute compression I(.5; Z) controls the worst-case generalisation gap.
In other words, every extra bit of 1(S; Z) that is not needed for predicting A directly hurts the out-
of-distribution performance. A large g therefore inflates the right-hand side of 8 without improving
training performance—a clean, formal reason to expect poor transfer when the g is big. Conversely,
driving g towards zero makes the bound tighter while preserving in-task reward. So, while Achille

3until the critical value where a cluster splits; after that both (.S; Z) and I(Z; A™) drop together

“In practice we optimise a parametric variational lower-bound (VIB), with finite latent dimension, finite data
and stochastic optimisation. These restrictions make it impossible to reach the exact sufficient/minimal point, so
experiments usually show a gap that shrinks but that does not vanish.



and Soatto [2018a] bound links 7(S; Z) to the generalisation gap, in the case of generalization in RL,
g sharpens the picture by isolating the useless part of that information. Matching it to the smallest
I(S; Z) that still preserves high I(Z; A) is therefore a principled route to robustness. The following
Proposition 2 formalises these concepts.

Proposition 2 after Achille and Soatto [2018a]. Let S — Z — A be the encoder—decoder chain
trained on n i.i.d. state samples from an MDP M. Denote with g, the excess information resulting
from MDP M. Indicate with Gap(M}) = ’ Liest — Lemp f, where Len, is the average negative
advantage loss of the samples and L is the population negative advantage loss under the true state
distribution py (s) of MDP M. Then, with probability > 0.95,

Gap(My) < /2 [1(Z: 4) + gi]* ©

The proof of Proposition 2 is provided in Appendix B.

If the two metrics Dy ap or dp are small, then g; =~ g- and the bound for the target task is close
to that of the source task, predicting good transfer. Conversely large metrics show up exactly as an
increase in g9, loosening the generalisation guarantee.

5 Conclusion and Discussion

In this work, we introduced information-theoretic measures for analyzing information bottlenecks in
RL. Before training, we proposed comparing action distributions via Jensen—Shannon divergence
and bisimulation metrics to evaluate task transferability. After training, we introduced latent-action
divergences to assess whether transfer was successful, and identified a new phenomenon, excessive
information, which captures when compression exceeds what is necessary for generalization. Finally,
we derived a generalization bound linking excessive information to policy generalization, providing a
formal framework for understanding when and how bottlenecks support transfer. As this is ongoing
work, we outline the following research directions:

5.1 Empirical Validation

So far, our framework has only been justified in theory. In ongoing work, we aim to validate its
practical utility through controlled experiments. For empirical validation, we use the IBAC framework
[Igl et al., 2019], which employs a Variational Information Bottleneck (VIB) to regularize the policy
during training. We focus on the gridworld experiment defined in [Igl et al., 2019], where agents
are trained on procedurally generated environments containing 1-3 connected rooms. We adapt this
setup to a zero-shot policy transfer setting, training agents on procedurally generated single-room
layouts and evaluating them on a diverse set of test tasks.

Test tasks are selected to vary in complexity, allowing us to systematically probe transferability. We
start with in-distribution (IID) transfer, where room layouts are fixed but initial or goal positions
vary. Next, we evaluate transfer across layouts with previously seen positions to isolate transfer
to structural changes. Finally, we consider out-of-distribution (OOD) transfer, including inverted
goals within the single-room layout and transfer from single to two-room layouts. To validate our
framework, we progressively assess each use case in order of increasing complexity:

Use Case 1: Diagnosing Task Transferability Before Training As a feasibility test, we start
by validating the pre-training measures and transfer radius. In this setting, we assume that the
ground-truth expert policies are known, which allows us to evaluate the bottleneck encoder trained on
N tasks by comparing its induced policy distributions against these experts. Concretely, we aim to
estimate the transfer radius and the quantities in Equations 4.1 (Djg) and 4.1 (Dpyy) from rollouts
generated by the expert policies in both tasks. To validate these bounds, we then train IBAC agents
with different values of 3 and assess whether the observed transfer aligns with the predicted radius.
While assuming access to the ground-truth policy is a strong simplification, this approach is valuable
in its own right and could form the basis of a standalone study focused on systematically designing
and evaluating benchmark tasks for zero-shot transfer.



Use Case 2: Evaluating Representation Generalization After Training Once feasibility is
established, we turn to post-training validation. Here we measure whether the learned latent space
captures task-general structure rather than memorizing training tasks. We validate the Latent-Action
Divergence and a latent-space bisimulation metric within the bottleneck space. In addition, we
compare these measures against direct visualizations of the latent space to test whether geometric
structure aligns with our theoretical quantities. Together, these metrics define a generalization
envelope, which we will empirically probe across compression levels.

Use Case 3: Linking Compression to Generalization Error Finally, we test our most challenging
case: linking information compression to generalization. Here, we validate the notion of excessive
information, quantifying information in the bottleneck that does not contribute to action prediction.
We will compare excessive information across different 3 values of the bottleneck, evaluating its
correspondence with LAD and the latent-space bisimulation metric. This use case directly probes our
PAC-Bayes bound, testing whether low values of these quantities indeed predict stronger transfer
performance.

Bridging theory and practice We anticipate several challenges in bridging theory and practice.
To keep comparisons consistent across use cases, we replace the Wasserstein distance with the
Jensen—Shannon divergence, putting all measures on a comparable scale. Since IBAC may not exactly
match theoretical predictions due to approximations in the VIB, we first compute a near-optimal
bottleneck using Blahut-Arimoto [Tishby et al., 2000] to estimate the measures. If this approach is
insufficient, we fall back to a tabular setting with a discrete latent space similar to [Abel et al., 2018].

5.2 Adapting Theory for Empirical Validation

It is unclear whether our assumptions suffice for feasible empirical validation. On the theoretical side,
we consider the following extensions to bridge this gap. First, extending the analysis to contextual
MDPs and/or block MDPs is crucial. These settings capture structured variations in observations and
latent states Diuk et al. [2008], Agarwal et al. [2020], which can simplify the analysis and reduce
complexity when studying transfer across tasks. Second, the PAC-Bayes bound of use case 3 currently
assumes a supervised learning setting. It is based on the loss, while in RL tasks are typically evaluated
based on their performance. Similar to Abel et al. [2018], we aim to find the relationship between the
distortion and the value error.

6 Future Work

The following section proposes empirical strategies originating from our theory, which may require
practical adjustments to implement.

Excessive Information for Model Selection and Regularization Beyond quantifying generalization
bounds, excessive information could have practical uses in RL. One direction is to use it as a
regularizer in existing bottleneck methods, where it could act as a hyperparameter to be automatically
tuned. A more challenging but potentially impactful direction is to leverage excessive information for
model selection, particularly in offline RL, where overfitting is a significant concern. We hypothesize
that this quantity may indicate when a model captures spurious correlations or memorizes the dataset,
providing a criterion to select models that generalize better.

Probabilistic State Abstractions A key future direction is the empirical validation of probabilistic
bottlenecks that capture both policy comparison and bisimulation metrics within a single latent
representation. In our work, these objectives are derived from the same latent but are currently
assumed to be optimized separately. To our knowledge, no existing methods use probabilistic
embeddings to jointly represent policy and bisimulation information. Optimizing for both objectives
simultaneously represents a promising research avenue. We expect this approach to be particularly
effective in multi-task or meta-learning settings, where a shared probabilistic latent can help generalize
across tasks and handle partial observability, a known challenge for generalization in RL Ghosh et al.
[2021].

Task Transfer Benchmarks A natural future direction is to use the pre-training measures from Use
Case 1 as a tool to compare MDPs before training and estimate their intrinsic transfer complexity. By
evaluating tasks gradually in this way, one could systematically construct benchmarks that span a



range of transfer difficulties. Such an approach has been instrumental in computer vision for guiding
knowledge transfer across tasks [Zamir et al., 2018], but, to our knowledge, it has not yet been applied
to RL. This is particularly important for RL generalization and multi-task learning, where it is often
unclear a priori which tasks will transfer and benchmark suites are typically constructed in an ad hoc
manner.

Value-Based RL Our analysis focused on policy-level bottlenecks, leaving open the question of
how they might regularize value-based learning. Value-based RL faces persistent issues such as
primacy bias[Nikishin et al., 2022], plasticity loss [Abbas et al., 2023], policy churn [Schaul et al.],
and overestimation bias[Hasselt, 2010, Fujimoto et al., 2018]. These problems could arise from
unstable or poorly generalized value representations. We hypothesize that bottlenecks could mitigate
these pathologies by filtering out irrelevant features, stabilizing value estimates, and promoting
information-efficient representations. Extending our framework to Q-functions, by relating excessive
information to Bellman error [Fujimoto et al., 2022], may yield new regularization strategies and
insights that improve stability and transfer in value-based RL.
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A Proof of Jensen-Shannon Divergence of Actions Radius Transfer
Guarantees

For any s, z the following triangle-type inequality holds:

Dxi(p2llg) < Dxu(pillg) +2JISD(p1, p2). (10)

Take the conditional expectation over p(z | s)

E.\s[Dxu(p2lla)] < E.s[Dku(pillg)] + 2ISD(p1, p2). (11)

Then, take the expectation over the state distribution s ~ p, given by following the action distribution
of MDP M,

Dy < Egp s [Dxi(p1llg)] + 2Esp, [JSD(p1,p2)] (12)

The first term of the rhs of (12) can be bound using the density ration as follows

Espis [Drr(pillq)] sz E.\s[Dxi(p1la)]
= Z E.s[Dxi(p1la)]

< Tmax Zpl z\ DKL(FlHQ”
= Tmax Dl' (13)

The second term of the rhs of (12) can be bound via the mixture p = 1 (p1 + p2) > 3p2

Esp, [JSD(p1,p2)] < 2Es;[ISD(p1,p2)] = 2 Dys. (14)

By combining the bounds (13) and (14) in (12) one obtains

D2 S rmaxD1+4DJS- (15)

Since we want the transfer bound Ds < Dy« (), a sufficient condition for the encoder to respect the
same distortion budget D,,,.x(8) in MDP My is

Dmax(ﬁ) — Tmax Dl

DJS S 4 (prOVided Tmax Dl < Dmax(ﬁ))' (16)
B Proof of proposition 2
For any stochastic encoder pg(z | ) and deterministic decoder fy trained by empirical risk minimisa-
tion on i.i.d. samples D,, = {s;}
2
’[ftest_ﬂemp‘ < ﬁI(S,Z) (17

The proof of 17 follows the same PAC-Bayes argument reported in Achille and Soatto [2018a]: with
probability > 0.95 over draws of D,,,

B (fo(2),5)| =5 D L(folZ0),5) < \/21(5:2) (18)
i=1

test risk

empirical
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where Z; is the code of s;. Although in the RL setting we set the negative advantage loss £ =
—AT (s, a), the proof is identical to Achille and Soatto [2018a], because only the boundedness of the
loss counts.

Because

I(8;Z)=1(Z; A)+ I(S;2) — I(Z; A). (19)
——
useful bits =:g) “‘excess” bits

Insert 19 into 17 and take square roots:

Gap(Mk) Elest emp| \/ Z A +gk] (20)

which is exactly the inequality in 9 (the loose simply hides the 0.95 confidence constant).
C Proof of inequality (10)

Letp = po, 7 = p1, 9 = q(a | ). Write

m(a)
1 21
+Zp Jlog 25" @1)

a
DxwL(pllq) = Zp )log 2% @ = pla) log

with m = 3(p + ). The first term is 2 D;5(p, 7). The second term can be upper-bounded by
replacing p with r (which only increases the logarithm, because x — x log x is convex) and using the
definition of KL:

S pla)log ™9 < S r(a)log NY = Dy (). @)

q(a) q(a)
Putting the pieces together yields (10).

a
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