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ABSTRACT In this article, we introduce a Reinforcement Learning (RL)–driven framework for Informa-
tion Bottleneck (IB)–based distributed Joint Source–Channel Coding (JSCC) that operates reliably when the
forward channels are unknown, non-differentiable, stochastic, or entirely black-box. Current state-of-the-art
deep variational IB methods require differentiable end-to-end models and full knowledge of the forward
channels’ statistics, which renders them ineffective in many practical scenarios involving hidden channel
states, human-in-the-loop setups, or proprietary simulators. To overcome these limitations, we reformulate
the IB-based JSCC design problem as a sequential decision-making task. This enables the use of deep
Multi-Agent Reinforcement Learning (MARL). We first revisit the single-terminal setup and show that
the encoder can be treated as a policy in a contextual bandit whose sampled reward is set as the decoder
reconstruction term, while the compression penalty is applied directly as an analytic actor regularizer
derived from a variational surrogate of the IB objective. This yields a model-free compressor that learns
to preserve relevance while respecting the rate constraint, without requiring gradients through the channel.
We then extend the framework to the multiterminal setting, where multiple encoders observe noisy versions
of a common source and must coordinate implicitly through the environment. Two retrieval strategies are
considered: a parallel scheme, which ignores the side-information at the decoder, and a successive scheme,
which exploits the side-information at the decoder via conditional priors. For both scenarios, we derive
RL-compatible variational lower-bounds on the original IB objectives, enabling Centralized Training with
Decentralized Execution (CTDE). By this, we generalize state-of-the-art distributed data-driven IB-based
JSCC schemes to arbitrary forward channels while retaining the scalability and sample efficiency. As the
main highlight, this work demonstrates that MARL provides a principled foundation for learning distributed
compressors in environments where model- or gradient-based approaches are fundamentally inapplicable.

INDEX TERMS 6G, deep multi-agent reinforcement learning, information bottleneck, joint source-channel
coding, centralized training with decentralized execution, black-box channels, distributed compression.

I. INTRODUCTION

THE original formulation of the Information Bottleneck
(IB) method [1] was rooted in Shannon’s seminal work

on lossy source coding [2]. To quantify the fundamental
limits of the inherent “complexity–precision” trade-off, the
Rate–Distortion (RD) function was introduced as a central
concept. The IB principle applies an intuitive twist to the
single-letter characterization of this RD function by lower-
bounding a mutual information term with respect to a target
(relevant) variable, rather than upper-bounding an expected

distortion term. This modification is particularly compelling
because, in many real-world compression tasks, identifying
the variable whose information must be preserved is far more
natural than specifying an appropriate distortion function.
With the specific choice of logarithmic loss distortion [3], it
was later shown (see, e.g., [4]) that solving the IB constrained
optimization problem yields the boundary of the achievable
rate–distortion region for a remote / indirect source coding
problem [5], [6], [7], [8], [9]. For a broader perspective
on this variational principle from both information-theoretic
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and learning-theoretic viewpoints, the interested readers are
referred to [10], [11], and [12].

The IB method is connected to several classical prob-
lems, including the Wyner–Ahlswede–Körner problem [13],
[14], the efficiency of investment information [15], the pri-
vacy funnel [16], [17], [18], and the distributed functional
compression [19], [20], [21], [22]. Beyond its theoretical
significance, the IB method has found practical relevance in
modern communication systems. Several applications include
the construction of polar codes [23], [24], discrete channel
decoding [25], [26], [27], analog-to-digital conversion for
receiver front-ends [28], and semantic or task-oriented com-
munication schemes [29], [30], [31].

Distributed extensions of the IB principle have also been
studied extensively in the relevant literature (see, e.g., [32],
[33], [34], [35], [36], [37], [38]). These works typically
consider scenarios in which several noisy observations of
a common source must be compressed—potentially at dif-
ferent rates—before being forwarded to a remote processing
unit through multiple rate-limited channels. Depending on
whether the forward links are assumed error-free or error-
prone, the resulting design problems correspond to remote
source coding or Joint Source–Channel Coding (JSCC),
respectively. An overview of recent developments in both
the theory and applications of the IB method can be found
in [39].

The recent rise of machine learning-based approaches has
brought a fresh perspective to IB-based compression. Lever-
aging the representational power of Deep Neural Networks
(DNNs), several works have proposed data-driven architec-
tures to efficiently optimize the IB trade-off [40], [41], [42].
These methods operate on finite sample sets and thus avoid
the need for full prior knowledge of the joint statistics of
the input signals. Moreover, they scale naturally to high-
dimensional and continuous data, making them attractive
alternatives to classical model-based algorithms in many
practical settings.

Motivated by these developments, a deep variational
approach to the IB-based JSCC has recently been introduced
in [43], demonstrating that generative latent-variable models
can effectively address both point-to-point and distributed
scenarios when the forward channels can be modeled explic-
itly and incorporated into a differentiable end-to-end pipeline.
However, this reliance on parametric channel knowledge and
differentiability limits the applicability of such methods in
many practical settings where the forward links are unknown,
non-differentiable, stochastic, or entirely black-box. These
situations arise, for example, in systems with hidden channel
states, human-in-the-loop setups, or proprietary simulators
that do not expose gradients or transition probabilities. This
gap motivates the present work, in which we move beyond
the variational paradigm and reformulate the IB-based JSCC
as a sequential decision-making problem, enabling the use
of deep Multi-Agent Reinforcement Learning (MARL) to
learn distributed compressors directly from interaction with
arbitrary forward channels.

A. CONTRIBUTIONS
The principal contributions of this work are summarized as
follows:

1) RL formulation of IB-based JSCC. We reformulate
the design problem of IB-based JSCC as a sequential
decision-making task. This enables learning directly
from interactions with arbitrary forward channels,
without requiring differentiability or explicit channel
models.

2) Single-terminal deep RL-IB compressor. For the
point-to-point setting, we show that the encoder can be
viewed as a policy in a contextual bandit whose sam-
pled reward is the decoder reconstruction term, while
the compression penalty is enforced through a direct
actor regularizer derived from the same IB surrogate.
This yields a model-free compressor that preserves
relevance under rate constraints while operating over
unknown or black-box channels.

3) Distributed extension via deep MARL. We extend the
RL-IB formulation to multiterminal scenarios in which
multiple encoders observe noisy versions of a common
source. By leveraging deep MARL, we construct a
distributed IB-based JSCC framework supporting both
parallel and successive retrieval strategies.

4) RL-compatible lower-bounds for distributed IB.
For both retrieval schemes, we derive learning-friendly
lower-bounds on the relevance term together with
local or conditional complexity penalties. These bounds
enable stable optimization under the Centralized Train-
ing with Decentralized Execution (CTDE) paradigm.

5) Generalization beyond variational IB. The proposed
MARL-driven approach removes the differentiability
and model-knowledge assumptions inherent to varia-
tional IB methods, thereby extending state-of-the-art
data-driven JSCC schemes to unknown, stochastic, or
non-differentiable forward channels.

6) Unified perspective on learning distributed com-
pressors. Overall, this work establishes RL—and in
particular MARL—as a principled and scalable foun-
dation for learning distributed IB-based compressors
in environments where model-based or gradient-based
approaches are fundamentally inapplicable.

To further underscore the generality of the considered
setup here, we note that similar distributed compression and
communication architectures arise across a wide range of
contemporary wireless systems envisioned for 5G and 6G
networks. Representative examples include distributed infer-
ence over sensor networks with imperfect links to a fusion
center [44], Cloud-based Radio Access Networks (Cloud-
RANs) with rate-limited and error-prone fronthaul channels
[45], [46], (user-centric) Cell-Free massive Multiple-Input
Multiple-Output (CF-mMIMO) architectures operating under
constrained fronthaul channels [47], [48], [49], and coop-
erative relaying schemes based on “quantize-and-forward”
strategy [50], [51]. These scenarios all involve multiple
terminals observing correlated signals and forwarding over
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FIGURE 1. The system model for point-to-point joint source-channel coding. IN, and RPU stand for Intermediate Node, and Remote Processing Unit, respectively. The Markov
chain x↔y↔z↔ t applies.

constrained channels, making them a natural application
domain for the framework developed in this article.

B. OUTLINE
The remainder of the paper is organized as follows. Section II
focuses on the point-to-point setting and revisits the classical
IB formulation for JSCC. We introduce the system model,
formalize the underlying optimization problem, and develop
its RL reinterpretation, which leads to a contextual-bandit
framework for model-free encoder design over unknown,
non-differentiable, stochastic, or entirely black-box channels.
Section III extends these ideas to the multiterminal scenario.
After presenting the distributed system model and problem
formulation, we construct a MARL framework that enables
the coordinated encoders’ design under the CTDE paradigm.
There, both the parallel and successive retrieval strategies are
examined, together with their associated learning-compatible
bounds. Section IV provides numerical simulation results
that corroborate the effectiveness of the proposed methods
on an exemplary stochastic forward link with hidden-state
dynamics. Finally, Section V concisely summarizes the key
contributions of this work.

C. NOTATIONS
We use lowercase letters a ∈ A to denote realizations of a
(discrete) random variable a, whose distributions are written
as p, q, or r, depending on the context. The same conventions
apply to random vectors: for a1:J = {a1, . . . ,aJ}, we use
boldface symbols for both the vector and its realizations.
For convenience, we write a- j

1:J = a1:J \ {a j} to denote the
collection of all components except the jth one. The operator
E•{·} denotes expectation w.r.t. the distribution indicated in
the subscript. We use DKL(·‖·) for the Kullback-Leibler (KL)
divergence, H(·) for Shannon entropy, and I(· ; ·) for mutual
information [52]. Finally, the notation {·}Jj=1 represents a set
of J elements indexed by j.

II. IB-BASED JSCC: THE POINT-TO-POINT SETTING
We begin our technical discussion by examining the point-
to-point setting, which serves as the foundational building
block for the distributed framework developed later in
the article. In this section, we introduce the classical IB-
based JSCC formulation together with the corresponding
system model and optimization objective. We then show how
this formulation can be reinterpreted through the lens of
RL, paving the way for a model-free encoder design that
operates directly over unknown forward channels. The result-
ing single-terminal perspective provides the conceptual and

methodological groundwork upon which the multiterminal
extensions of Section III are constructed.

A. SYSTEM MODEL AND PROBLEM FORMULATION
Consider the general point-to-point setup depicted in Fig. 1.
An Intermediate Node (IN) observes a noisy version y
of an underlying source signal x and must compress this
observation into a representation z prior to transmission over
a rate-limited and error-prone forward channel. The Remote
Processing Unit (RPU) receives a corrupted version t of
this representation. At this level of generality, no structural
assumptions are imposed on either the access channel or the
forward channel; both may be stochastic, time-varying, or
otherwise difficult to model analytically.

The encoder design problem can then be posed directly
in terms of the mutual-information trade-off central to the IB
framework. In particular, the goal is to maximize the relevant
information I(x; t) subject to the compression-rate constraint
I(y; z) ≤ R, where R specifies the rate-limit of the forward
channel. This leads to the optimization problem

p∗(z|y) = argmax
p(z|y): I(y;z)≤R

I(x; t). (1)

Using the method of Lagrange multipliers [53], this design
problem is reformulated as

p∗(z|y) = argmax
p(z|y)

I(x; t)−λ I(y; z), (2)

where λ ≥ 0 is associated with the rate-limit R and may be
determined, e.g., via a bisection search over a finite interval.

1) CLOSED-FORM MODEL-BASED SOLUTION
Classical IB-based JSCC formulations impose additional
structure by assuming that both the access and forward
links are Discrete Memoryless Channels (DMCs) with known
transition probabilities. Under these assumptions, the joint
distribution p(x, y, z, t) is fully specified through the known
source distribution p(x), access-channel transition proba-
bilities p(y|x), and forward-channel transition probabilities
p(t|z), together with the chosen encoder mapping p(z|y).

The stationary solution of (2) was derived in closed form
in [54] by means of variational calculus. The resulting
expression

p(z|y) =
p(z)

ω(y, β)
exp

 
−β
X
t∈T

p(t|z) DKL
�
p(x|y) ‖ p(x|t)

�!
,

(3)

with β=1/λ and ω(y, β) denoting a normalization function to
ensure the validity of the encoder mapping, forms the basis
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of the Forward-Aware Vector Information Bottleneck (FAVIB)
algorithm, which iteratively computes a fixed point of (3)
and is guaranteed to converge to a stationary point of the IB
Lagrangian [54].

2) VARIATIONAL, DATA-DRIVEN SOLUTION
A data-driven extension of this model-based approach was
later introduced in [43], where a deep variational archi-
tecture was proposed to approximate the IB objective
using latent-variable models. This Deep FAVIB frame-
work enables learning from finite samples {(x(i), y(i))}Mi=1 and
does not require explicit knowledge of the access-channel
statistics. However, it still relies on the restrictive presump-
tion that the forward link is a known DMC, since its
transition probabilities should be incorporated into the end-
to-end differentiable training pipeline obtained by applying
the Gumbel-Softmax / Concrete Distribution reparametriza-
tion trick [55], [56]. When the forward link is unknown,
non-differentiable, or black-box, Deep FAVIB cannot eval-
uate its objective function, cannot propagate gradients, and
therefore cannot be applied.

3) TOWARD A MODEL-FREE RL SOLUTION
The present work moves beyond this limitation by consid-
ering forward channels that are not only unknown but may
also be non-differentiable, stochastic, or entirely black-box.
In such settings, neither the closed-form solution in (3) nor
variational methods that rely on differentiable channel models
remain applicable. This naturally motivates a fundamentally
different perspective: we reinterpret the IB-based JSCC prob-
lem as a sequential decision-making task and develop an RL
framework that learns the encoder directly through interaction
with the forward channel, without requiring any parametric
model or gradient information.

B. RL REINTERPRETATION
We now develop a model-free RL reinterpretation of the
IB-based point-to-point JSCC design problem. Contrary to
variational approaches, which rely on differentiable channel
models and explicit likelihood expressions, the RL viewpoint
enables learning directly from interaction with an unknown
forward channel. To construct such a framework, we derive
a variational surrogate of the IB Lagrangian in (2), whose
relevance term supplies the sampled reward and whose com-
pression term is handled as a direct actor regularizer.

1) LOWER-BOUND ON THE RELEVANCE TERM
For the relevance I(x; t), we introduce a decoder distribution
q(x|t) and apply the standard variational lower-bound:

I(x; t) = H(x)„ƒ‚…
≥0

−H(x|t) (4a)

≥
X
t∈T

p(t)DKL
�
p(x|t)‖q(x|t)

�
„ ƒ‚ …

≥0

+
X

x∈X, t∈T

p(x, t) log q(x|t) (4b)

≥ E x,t{log q(x|t)}, (4c)

wherein, from (4a) to (4b), the non-negativity of entropy
(for the discrete source signal x), and, from (4b) to (4c),
the non-negativity of KL divergence, also known as the
information inequality, has been applied [52]. Therefore, the
log-likelihood log q(x|t) provides a sample-based surrogate
for the relevance term.

2) UPPER-BOUND ON THE COMPRESSION TERM
For the compression rate I(y; z), we introduce a reference
prior r(z) and apply the standard variational upper-bound:

I(y; z) =
X

y∈Y, z∈Z

p(y, z) log
p(z|y)
r(z)

− DKL
�
p(z)‖r(z)

�„ ƒ‚ …
≥0

(5a)

≤ E y,z

�
log

p(z|y)
r(z)

�
. (5b)

where the inequality follows from the non-negativity of
DKL

�
p(z)‖r(z)

�
. Hence, the log-ratio log p(z|y)

r(z) provides an
upper-bound surrogate for the compression cost.

3) UTILITY DECOMPOSITION
Combining the lower-bound on relevance and the upper-
bound on compression rate yields a tractable surrogate for
the IB Lagrangian, leading to the following scalar utility
function:

uP2P(x, y, z, t) = log q(x|t)−λ log
p(z|y)
r(z)

, (6)

where the first term encourages informative reconstructions
and is used as the sampled reward, whereas the second
penalizes high-rate encodings and is applied directly in the
encoder update. So, we keep this scalar utility, but interpret it
as the sum of a sampled reconstruction reward and an explicit
actor-side compression regularizer. Importantly, both terms
are computable from samples (x, y, z, t) without requiring
knowledge of the forward-channel transition law.

4) EXPECTED UTILITY AS THE RL OBJECTIVE
Under the encoder policy p(z|y), the expected utility is

JP2P(p) = Ex,y,z,t
˚
uP2P(x, y, z, t)

	
, (7)

where the expectation is taken over the empirical source-
observation distribution, the encoder policy, and the forward-
channel dynamics. Maximizing JP2P(p) therefore maximizes
a sample-based lower-bound on the relevance term while
minimizing a sample-based upper-bound on the compression
term—precisely mirroring the structure of the original IB
objective for point-to-point JSCC.

5) RL INTERPRETATION
This construction provides a principled RL decomposition:
the encoder acts as a stochastic policy, the forward channel
serves as the environment, the decoder log-likelihood in
(6) supplies the sampled reward used for return estimation,
and the compression term is injected directly into the actor
objective as an analytic regularizer. Although the interaction
consists of a single decision per episode, contextual bandits
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are formally part of the sequential decision-making family
in RL. Crucially, this approach remains valid even when the
forward channel is non-differentiable, stochastic, or entirely
unknown, thereby enabling a fully model-free learning pro-
cedure for IB-based JSCC design problem.

C. MODEL-FREE TRAINING VIA PPO
We now operationalize the RL reinterpretation by developing
a model-free training based on Proximal Policy Optimization
(PPO), a state-of-the-art policy-gradient method known for
its stability and sample efficiency (in the standard RL sense
of effective learning from interactions) [57]. We presume
access to a finite dataset D = {(x(i), y(i))}Mi=1 generated by the
access link, while the forward link is treated as a black-box
environment, returning samples t∼ p(t|z) upon query.

1) PARAMETERIZATION
We consider the following parameterized components:
• Encoder (policy): pθ(z|y), a stochastic policy that is

implemented by a DNN with parameters θ.
• Decoder: qφ(x|t), a DNN that reconstructs x from t.
• Latent prior: rψ(z), a parametric prior over latent rep-

resentations.
• Value function: Vζ(y), a baseline, which estimates

the expected sampled reconstruction return under the
encoder’s observation y.

Given these, the sampled reward used for trajectory evalua-
tion and critic learning is

rP2P(x, t) = log qφ(x|t) . (8)

The compression term is handled separately inside the
encoder update through

cP2P(y, z) = log
pθ(z|y)
rψ(z)

. (9)

2) TRAJECTORY GENERATION
Training proceeds by repeatedly sampling mini-batches from
D and interacting with the forward channel:

1) Sample a mini-batch {(x(i), y(i))}Bi=1.
2) For each y(i), sample an action z(i)∼ pθ(z|y(i)).
3) Query the forward channel to obtain t(i)∼ p(t|z(i)).
4) Compute sampled rewards r(i)

P2P using (8).
5) Compute value estimates Vζ(y(i)).

These tuples (x(i), y(i), z(i), t(i), r(i)
P2P) constitute a batch of expe-

rience for PPO, while the sampled pairs (y(i), z(i)) also
determine the actor-side compression regularizer through (9).

3) ADVANTAGE ESTIMATION
The advantage function is obtained from the sampled recon-
struction reward through a one-step return approximation:

A(i)
P2P = r(i)

P2P − Vζ(y(i)). (10)

More sophisticated estimators (e.g., GAE [58]) are possible,
but the one-step estimate suffices in this work. This choice
is not an implementation preference; it follows directly from
the contextual-bandit structure here, whose horizon is one.

4) PPO CLIPPED OBJECTIVE
Let

ρ(i) =
pθ(z(i)|y(i))

pθold(z(i)|y(i))
(11)

denote the likelihood ratio between the current and previous
policies. The PPO term for the encoder is

LPPO
P2P(θ)=

1
B

BX
i=1

min
�
ρ(i)A(i)

P2P, clip(ρ(i), 1−ε, 1 + ε) A(i)
P2P

�
,

(12)
where ε > 0 is the clipping parameter. This term prevents
large, destabilizing policy updates while still encouraging
improvement. To enforce the IB trade-off directly at the actor,
we augment it with the analytic compression regularizer and
optimize

LAct
P2P(θ) = LPPO

P2P(θ) −
λ

B

BX
i=1

cP2P(y(i), z(i)). (13)

5) DECODER, PRIOR, AND VALUE-FUNCTION UPDATES
The decoder and prior parameters optimize the two terms of
the IB surrogate, but through separate updates: the decoder
maximizes the sampled reconstruction reward, while the prior
tightens the reference term appearing in the actor regularizer.
For a mini-batch, the corresponding sample-based gradient
estimates are

gφ =
1
B

BX
i=1

∇φ log qφ(x(i)|t(i)), (14)

gψ =
1
B

BX
i=1

λ∇ψ log rψ(z(i)). (15)

The value function is trained by minimizing the squared error

LVF
P2P(ζ) =

1
B

BX
i=1

�
Vζ(y(i))−r(i)

P2P

�2
. (16)

6) PARAMETER UPDATES
The parameters are updated via gradient ascent/descent:

θ ← θ + ηθ ∇θLAct
P2P, (17)

φ← φ+ ηφ gφ, (18)
ψ← ψ+ ηψ gψ, (19)

ζ ← ζ − ηζ ∇ζLVF
P2P. (20)

7) ALGORITHM SUMMARY
The complete training procedure is summarized in Alg. 1.
This PPO-based training algorithm provides a stable and
fully model-free mechanism for optimizing the IB-based
JSCC encoder. It leverages clipped policy updates driven
by reconstruction-based advantages, together with an explicit
actor-side rate regularizer and a learned value baseline, to
ensure robust learning even when the forward channel is non-
differentiable, stochastic, or entirely unknown. We refer to
this overall learning framework as Deep RL-FAVIB.
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FIGURE 2. The considered system model for distributed joint source-channel coding. The Markov chain x↔yj↔zj↔ tj applies per branch j . Moreover, given the source x, the
counterpart signals of different branches are presumed to be statistically independent.

Algorithm 1 Deep RL-FAVIB
1: Initialize parameters θ,φ,ψ, ζ.
2: repeat
3: Sample a mini-batch {(x(i), y(i))}Bi=1.
4: for i = 1, . . ., B do
5: Sample action z(i)∼ pθ(z|y(i)).
6: Query forward channel: t(i)∼ p(t|z(i)).
7: Compute sampled reward r(i)

P2P using (8).
8: Evaluate value estimate Vζ(y(i)).
9: Compute advantage A(i)

P2P using (10).
10: end for
11: Compute actor objective LAct

P2P using (13).
12: Update encoder parameters θ via actor-regularized

PPO.
13: Update decoder parameters φ using gφ.
14: Update prior parameters ψ using gψ.
15: Update value-function parameters ζ by minimizing

LVF
P2P.

16: until convergence

III. IB-BASED JSCC: MULTITERMINAL EXTENSIONS
In this section, we extend the IB-based JSCC framework
from the point-to-point setting to a general multitermi-
nal architecture with distributed observations and multiple
error-prone forward channels. We begin by formalizing the
system model. Building on this model, first we revisit
the classical DMC-based solutions [38], which provide
analytical encoder designs under fully known channel
transition probabilities. We then discuss the variational,
data-driven extensions introduced in [43], which replace
the mutual-information terms with tractable bounds and
enable learning over an end-to-end differentiable train-
ing pipeline. Finally, motivated by the limitations of both
classical and variational approaches, we develop a model-
free MARL reinterpretation of the multiterminal IB-based
JSCC problems, paving the way for a fully interaction-
driven solution that remains applicable even when the for-
ward channels are non-differentiable, stochastic, or entirely
unknown.

A. SYSTEM MODEL AND PROBLEM FORMULATION
We consider the multiterminal IB-based JSCC architecture
illustrated in Fig. 2, consisting of J distributed branches.
Each branch j observes a random variable y j generated
from an underlying source x through an access channel. The
branches operate without inter-encoder communication and
produce compact representations z j through encoder distri-
butions p(z j|y j). These representations are then transmitted
over J independent rate-limited and error-prone forward
channels. The RPU receives the forward channels’ outputs
t1:J , {t1, . . ., tJ}. At this level of generality, no structural
assumptions are imposed on either the access channels or
the forward channels; both may be stochastic, time-varying,
or otherwise difficult to model analytically. This generic
architecture captures a broad class of multiterminal commu-
nication problems, including distributed sensing, multi-view
compression, and cooperative JSCC.

Within this general architecture, the manner in which
decoding is performed at the RPU gives rise to two distinct
retrieval strategies, each inducing a different optimization
problem. In the parallel retrieval setting, all forward-channel
outputs are processed jointly in parallel, and no sequential
side-information from other branches is exploited. In con-
trast, in the successive retrieval setting, the RPU leverages
the side-information obtained from previous branches, in a
manner reminiscent of the Wyner–Ziv paradigm for source
coding [59], where statistically correlated signals serve as
decoder side-information. These two distinct modes cor-
respond to fundamentally different information-processing
structures and therefore require separate formulations of the
underlying IB-based JSCC design problem.

1) PARALLEL RETRIEVAL
In the parallel retrieval setting, all forward-link outputs t1:J
are processed jointly at the RPU, and no sequential side-
information is exploited. The design objective is therefore to
maximize the relevance of the aggregated channel outputs for
estimating x, while constraining the individual compression
rates of the local encoders. This leads to the constrained
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optimization problem

P∗ , {p∗(z j|y j)}
J
j=1 = arg max

P:∀ j I(y j;z j)≤R j

I(x; t1:J), (21)

where R j denotes the rate-limit of the forward channel in
branch j. Introducing the Lagrange multipliers {λ j ≥ 0}Jj=1,
this problem can be recast into the following unconstrained
maximization (up to the validity of the encoder mappings)

P∗ = argmax
P

I(x; t1:J)−
JX

j=1

λ jI(y j; z j). (22)

a: CLOSED-FORM MODEL-BASED SOLUTION
In [38], a closed-form stationary solution to (22) was derived
under the additional assumptions that (i) each access channel
is a DMC with known transition probabilities p(y j|x), and
(ii) each forward link is also a DMC with known transition
probabilities p(t j|z j). Under these conditions, the stationary
solution of (22) for each local encoder has been derived as

p(z j|y j) =
p(z j)

ωPar
z j

(y j, β j)
exp

�
−dPar(y j, z j)

�
, (23)

where ωPar
z j

(y j, β j) is a normalization function ensuring the
validity of the pertinent encoder mapping, and dPar(y j, z j) is
a distortion term that depends explicitly on the statistics of
the forward links through

dPar(y j, z j) = β j

X
z- j

1:J

p(z- j
1:J |y j)

×
X
t1:J

p(t1:J |z1:J)DKL
�
p(x|y j, z- j

1:J)‖p(x|t1:J)
�
, (24)

with β j = 1
λ j

, p(t1:J |z1:J) =
QJ

j=1 p(t j|z j). The resulting
Multivariate Forward-Aware Vector Information Bottleneck
(MFAVIB-Parallel) algorithm [38] iteratively applies the
fixed-point updates in (23) (going through all j = 1 to J)
and is guaranteed to converge to a stationary point of the IB
Lagrangian in (22). This closed-form solution that lies at the
heart of the MFAVIB-Parallel, however, critically relies on
prior knowledge of all forward channels’ transition laws.

b: VARIATIONAL, DATA-DRIVEN SOLUTION
To overcome the reliance of the model-based approach on
full prior knowledge of the joint input statistics p(x, y1:J),
the variational multiterminal IB framework introduced in [43]
adopts a data-driven solution. There, a deep variational archi-
tecture approximates the IB objective through latent-variable
models, enabling learning directly from finite samples
{(x(i), y(i)

1:J)}Mi=1 without requiring explicit access-channel dis-
tributions. This Deep MFAVIB-Parallel methodology thus
removes the need for model-based statistical knowledge
and supports an end-to-end differentiable training pipeline.
However, it still presumes that each forward channel is
a known DMC, since its transition probabilities must be
embedded into the differentiable computation graph. As in
the point-to-point setting, this is achieved by applying the
Gumbel–Softmax / Concrete Distribution reparameterization

trick [55], [56] for the underlying categorical distributions.
When the forward links are unknown, non-differentiable,
or black-box, Deep MFAVIB-Parallel cannot evaluate its
objective function, cannot propagate gradients, and therefore
cannot be applied.

c: TOWARD A MODEL-FREE MARL SOLUTION
Despite their flexibility, variational methods still require
differentiability of the forward channels or reparame-
terizable latent variables. In scenarios where the for-
ward channels are non-differentiable, stochastic, or entirely
unknown, these assumptions may fail. Motivated by this, in
Subsection III-B.1 we develop a fully model-free MARL
reinterpretation of the parallel retrieval problem, enabling
encoders to learn directly from interaction with the environ-
ment without requiring any knowledge of the forward-link
transition laws.

2) SUCCESSIVE RETRIEVAL
In the successive retrieval setting, the RPU processes the
forward-channel outputs in a prescribed order and leverages
the side-information obtained from previous branches. This
structure follows the Wyner–Ziv principle for source coding
[59], where statistically correlated signals are exploited as
decoder side-information. As a result, the compression con-
straint for branch j becomes conditional, reflecting the fact
that the RPU has already observed t1: j−1 when processing t j.
The corresponding design problem is

P∗ = arg max
P:∀ j I(y j;z j |t1: j−1)≤R j

I(x; t1:J), (25)

where R j denotes the rate-limit of the forward channel in
branch j. As in the classical successive-refinement literature,
the processing order generally affects performance and must
be optimized (e.g., via a brute-force search). By introducing
a set of Lagrange multipliers {λ j ≥ 0}Jj=1, the constrained
design problem in (25) can be rewritten as the following
unconstrained maximization

P∗ = arg max
P

I(x; t1:J)−
JX

j=1

λ j I(y j; z j|t1: j−1), (26)

up to the validity of the encoder mappings. Note that the
major difference between the successive and parallel retrieval
shows itself in the consideration of side-information at the
compression rates to further leverage the correlations in the
output signals of local encoders.

a: CLOSED-FORM MODEL-BASED SOLUTION
In [38], a closed-form stationary solution to (26) was derived
under the same model-based assumptions as in the parallel
case: (i) each access channel is a DMC with known transition
probabilities p(y j|x), and (ii) each forward channel is also
a DMC with known transition probabilities p(t j|z j). Under
these assumptions, the stationary solution of (26) for each
local encoder has been derived as

p(z j|y j) =
p(z j)

ωSuc
z j

(y j, β j)
exp

�
−dSuc(y j, z j)

�
, (27)
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where ωSuc
z j

(y j, β j) is a normalization function ensuring the
validity of the pertinent encoder mapping, and dSuc(y j, z j)
is a distortion term that extends its parallel counterpart by
incorporating the effect of side-information through

dSuc(y j, z j) = β j

X
z- j

1:J

p(z- j
1:J |y j)

×
X
t1:J

p(t1:J |z1:J)DKL
�
p(x|y j, z- j

1:J)‖p(x|t1:J)
�

−
X
t1: j−1

p(t1: j−1|y j) log p(t1: j−1|z j)

−β j

JX
k= j+1

β−1
k

X
t1:k−1, zk

p(t j|z j)p(t- j
1:k−1, zk |y j) log p(zk |t1:k−1), (28)

with β j = 1
λ j

, p(t1:J |z1:J) =
QJ

j=1 p(t j|z j). Specifically, the
distortion here includes two additional terms arising from
conditioning the compression rate on t1: j−1, reflecting the
fact that the decoder already possesses partial informa-
tion about x when processing branch j. The resulting
MFAVIB-Successive algorithm [38] iteratively applies the
fixed-point updates in (27) (going through all j = 1 to J)
and is guaranteed to converge to a stationary point of the
IB Lagrangian in (26). As in the parallel case, this solution
critically relies on full knowledge of all forward channels’
transition laws.

b: VARIATIONAL, DATA-DRIVEN SOLUTION
To eliminate the need for full prior knowledge of the joint
input statistics p(x, y1:J), the variational multiterminal IB
framework of [43] extends naturally to the successive set-
ting. The proposed deep variational architecture approximates
the conditional IB objective in (26) using latent-variable
models, enabling learning directly from finite samples
{(x(i), y(i)

1:J)}Mi=1 without requiring explicit access-channel dis-
tributions. This Deep MFAVIB-Successive approach supports
end-to-end differentiable training and captures the bene-
fits of side-information in a data-driven manner. However,
as in the parallel retrieval, it still presumes that each
forward channel is a known DMC, since its transition
probabilities must be embedded into the differentiable com-
putation graph through the same reparameterization trick for
the underlying categorical distributions. When the forward
links are unknown, non-differentiable, or black-box, Deep
MFAVIB-Successive cannot evaluate its objective function,
cannot propagate gradients, and therefore cannot be applied.

c: TOWARD A MODEL-FREE MARL SOLUTION
Analogous to the parallel retrieval, variational methods for
successive retrieval still rely on differentiability of the for-
ward channels or reparameterizable latent variables. These
assumptions break down when the forward links are non-
differentiable, stochastic, or entirely black-box. Motivated
by this limitation, in Subsection III-B.2 we develop a com-
pletely model-free MARL reinterpretation of the successive
retrieval problem as well, enabling encoders to learn directly

from interaction with the environment while exploiting side-
information at the RPU.

B. MARL REINTERPRETATION
Having established both the classical model-based and
the variational data-driven solutions for multiterminal
IB-based JSCC, we now turn to a fundamentally different
perspective—the one that removes the need for any structural
assumptions or differentiability requirements on the forward
channels. The key idea is to reinterpret the multiterminal
IB-based JSCC objective as a cooperative MARL problem, in
which each encoder acts as an autonomous agent interacting
with an unknown environment, while the decoder and latent
priors define a shared training signal whose sampled reward
is the joint reconstruction term and whose compression
terms act as direct actor regularizers. This viewpoint enables
learning directly from samples generated by the true forward
channels, regardless of whether they are stochastic, non-
differentiable, or analytically intractable. In what follows, we
first develop the MARL formulation for the parallel retrieval
setting, and then extend it to the successive retrieval as well.

1) PARALLEL RETRIEVAL
In the parallel retrieval, all J encoders act simultaneously
and the RPU processes the aggregated forward-link outputs
t1:J in a single stage. This induces a natural cooperative
MARL structure: each encoder j behaves as an autonomous
agent with policy p(z j|y j), the collection of forward chan-
nels forms the environment, and the decoder together with
the latent priors define a shared objective whose sampled
reward is common across agents while the compression terms
are enforced directly in the actors. This viewpoint enables
learning directly from samples generated by the true forward
channels, without requiring differentiability or explicit knowl-
edge of their transition probabilities. To construct this MARL
framework, we derive a sample-based utility by bounding the
two information terms in the multiterminal IB Lagrangian for
parallel retrieval in (22).

a: LOWER-BOUND ON THE RELEVANCE TERM
For the mutual-information term I(x; t1:J), we introduce a
decoder distribution q(x|t1:J) and apply the standard varia-
tional lower-bound:

I(x; t1:J) = H(x)−H(x|t1:J) ≥ Ex,t1:J

˚
log q(x|t1:J)

	
, (29)

where, similar to derivations in (4), the inequality follows
from the non-negativity of DKL

�
p(x|t1:J)‖q(x|t1:J)

�
. Hence,

it is directly inferred that the log-likelihood log q(x|t1:J)
provides a sample-based surrogate for the relevance term.

b: UPPER-BOUND ON THE COMPRESSION TERMS
For each encoder j, the compression rate satisfies

I(y j; z j) = Ey j,z j

�
log

p(z j|y j)
p(z j)

�
. (30)
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Introducing a reference prior r(z j) yields the upper-bound

I(y j; z j) ≤ Ey j,z j

�
log

p(z j|y j)
r(z j)

�
, (31)

where, similar to derivations in (5), the inequality follows
from DKL

�
p(z j)‖r(z j)

�
≥ 0. Thus, each log-ratio log p(z j |y j)

r(z j)
provides a sample-based surrogate for the compression cost
of branch j.

c: UTILITY DECOMPOSITION
Combining the relevance lower-bound and the compression
upper-bounds yields the multiterminal utility

uPar(x, y1:J , z1:J , t1:J)= log q(x|t1:J)−
JX

j=1

λ j log
p(z j|y j)

r(z j)
. (32)

Its first term is a shared sampled reward, while the second
term is a sum of local compression regularizers applied
directly in the encoder updates. Importantly, the com-
plete surrogate is computable from samples (x, y1:J , z1:J , t1:J)
without requiring any knowledge of the forward-channel
transition laws.

d: EXPECTED UTILITY AS THE MARL OBJECTIVE
Under the joint encoder policy

p(z1:J |y1:J) =

JY
j=1

p(z j|y j), (33)

the expected utility is

JPar(P) = Ex,y1:J ,z1:J ,t1:J

˚
uPar(x, y1:J , z1:J , t1:J)

	
. (34)

Maximizing JPar(P) thus maximizes a sample-based lower-
bound on relevance while minimizing a sample-based upper-
bound on the sum of compression rates—precisely mirroring
the structure of the original IB objective for multiterminal
JSCC with parallel retrieval.

e: MARL INTERPRETATION
This construction yields a clean MARL interpretation:
• Agents: the J encoders, each with policy p(z j|y j);
• Environment: the set of forward links {p(t j|z j)}Jj=1;
• State: the observations y1:J;
• Actions: the compact representations z1:J;
• Shared reward: the reconstruction term log q(x|t1:J)

in (32);
• Actor regularizer: the local penalties log p(z j |y j)

r(z j)
aggre-

gated in (32);
• Transition: the environment produces t1:J .

Since the reconstruction reward is shared and all agents
are optimized against compatible actor-side compression
regularizers, the agents cooperate to maximize a common
objective—a standard CTDE MARL setting. Crucially, this
formulation remains valid even when the forward channels
are non-differentiable, stochastic, time-varying, or entirely
unknown, enabling a fully model-free learning procedure for
multiterminal IB-based JSCC with parallel retrieval.

f: MODEL-FREE TRAINING VIA PPO (PARALLEL
RETRIEVAL)
We now operationalize the RL reinterpretation by developing
a model-free multi-agent training procedure based on PPO.
In contrast to the point-to-point case, the distributed setting
involves multiple encoders, each observing a local noisy
version of the source and acting independently, while the
relevance term couples all agents through the joint forward-
channel outputs. This naturally motivates a CTDE paradigm,
in which each encoder is trained using a centralized critic
driven by a shared reconstruction reward together with an
explicit actor-side rate regularizer, but executes solely based
on its own local observation. As before, we assume access
to a finite dataset D= {(x(i), y(i)

1:J)}Mi=1 generated by the access
channels, while each forward channel is treated as a black-
box environment that returns samples t j∼ p(t j|z j) upon query.
No differentiability or parametric knowledge of the forward
channels is required.

g: PARAMETERIZATION
For the parallel retrieval scheme, we consider the following
parameterized components:
• Local encoder policies: each agent j∈{1, . . ., J} imple-

ments a stochastic encoder pθ j(z j|y j), parameterized by
a DNN with parameters θ j. Execution is fully decentral-
ized: encoder j only observes y j.

• Joint decoder: a centralized decoder qφ(x|t1:J) recon-
structs the source from all forward-channel outputs.

• Latent priors: each agent has an independent prior
rψ j

(z j), to approximate the local complexity penalty.
• Centralized value function: a critic Vζ(y1:J) estimates

the expected shared reconstruction return under the
joint observation tuple. This critic is used only during
training.

Given these components, the shared sampled reward for a
single sample is defined as

rPar(x, t1:J) = log qφ(x|t1:J). (35)

The local actor-side compression regularizer for agent j is

cPar, j(y j, z j) = log
pθ j(z j|y j)

rψ j
(z j)

. (36)

The first term encourages team relevance, while the second
provides the local complexity penalty used directly in each
actor update.

h: TRAJECTORY GENERATION
Training proceeds by repeatedly sampling mini-batches from
D and interacting with the forward channels:

1) Sample a mini-batch {(x(i), y(i)
1 , . . ., y

(i)
J )}Bi=1.

2) For each agent j and each sample i, draw an action
z(i)

j ∼ pθ j(z j|y
(i)
j ).

3) Query each forward link: t(i)
j ∼ p(t j|z

(i)
j ).

4) Compute the shared sampled reward r(i)
Par using (35).

5) Compute the centralized value estimate Vζ(y(i)
1:J).
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These tuples (x(i), y(i)
1:J , z(i)

1:J , t(i)
1:J , r

(i)
Par) constitute a batch of

experience for multi-agent PPO, while each sampled pair
(y(i)

j , z
(i)
j ) contributes to the local actor regularizer in (36).

i: ADVANTAGE ESTIMATION
We use a one-step advantage estimator based on the shared
reconstruction reward:

A(i)
Par = r(i)

Par− Vζ(y(i)
1:J). (37)

This advantage is shared across all agents, since the sampled
reward is global.

j: PPO CLIPPED OBJECTIVE (PER AGENT)
For each agent j, define the likelihood ratio

ρ(i)
j =

pθ j(z
(i)
j |y

(i)
j )

pθ j,old(z
(i)
j |y

(i)
j )
. (38)

The PPO term for agent j is

LPPO
Par, j(θ j) =

1
B

BX
i=1

min
�
ρ(i)

j A(i)
Par, clip(ρ(i)

j , 1−ε, 1+ε) A(i)
Par

�
,

(39)

where ε > 0 is the clipping parameter. The actor-regularized
objective for agent j is then

LAct
Par, j(θ j) = LPPO

Par, j(θ j) −
λ j

B

BX
i=1

cPar, j(y
(i)
j , z

(i)
j ). (40)

Each encoder updates its parameters independently, but all
encoders share the same advantage signal.

k: DECODER, PRIORS, AND VALUE-FUNCTION UPDATES
The decoder and priors optimize two components of the IB
surrogate, but via separate updates: the decoder maximizes
the shared reconstruction reward, while the priors tighten the
local reference terms used in the actor regularizers:

gφ =
1
B

BX
i=1

∇φ log qφ(x(i)|t(i)
1:J), (41)

gψ j
=

1
B

BX
i=1

λ j ∇ψ j
log rψ j

(z(i)
j ). (42)

The centralized critic is trained by minimizing

LVF
Par(ζ) =

1
B

BX
i=1

�
Vζ(y(i)

1:J)−r(i)
Par

�2
. (43)

l: PARAMETER UPDATES
The parameters are updated via gradient ascent/descent:

θ j ← θ j + ηθ ∇θ jLAct
Par, j, (44)

φ← φ+ ηφ gφ, (45)
ψ j ← ψ j + ηψ gψ j

, (46)

ζ ← ζ − ηζ ∇ζLVF
Par. (47)

Algorithm 2 Deep MARL-MFAVIB-Parallel
1: Initialize parameters {θ j}

J
j=1, φ, {ψ j}

J
j=1, ζ.

2: repeat
3: Sample a mini-batch {(x(i), y(i)

1 , . . ., y
(i)
J )}Bi=1.

4: for i = 1, . . ., B do
5: for j = 1, . . ., J do
6: Sample action z(i)

j ∼ pθ j(z j|y
(i)
j ).

7: Query forward channel: t(i)
j ∼ p(t j|z

(i)
j ).

8: end for
9: Compute shared sampled reward r(i)

Par using (35).
10: Evaluate value estimate Vζ(y(i)

1:J).
11: Compute advantage A(i)

Par using (37).
12: end for
13: for j = 1, . . ., J do
14: Compute actor objective LAct

Par, j using (40).
15: Update encoder parameters θ j via actor-regularized

PPO.
16: Update prior parameters ψ j using gψ j

.
17: end for
18: Update decoder parameters φ using gφ.
19: Update value-function parameters ζ by minimizing

LVF
Par.

20: until convergence

m: ALGORITHM SUMMARY
The resulting training procedure constitutes a multi-agent
extension of the point-to-point PPO framework. Each encoder
acts as an independent RL agent, all agents share the
same reconstruction-based reward signal, and a centralized
critic stabilizes training by providing advantage estimates,
while each actor is regularized by its local rate penalty.
Execution remains fully decentralized, as each encoder uses
only its local observation y j. We refer to this distributed
PPO-based training framework—presented in Alg. 2—as
Deep MARL-MFAVIB-Parallel.

2) SUCCESSIVE RETRIEVAL
In the successive retrieval, the RPU processes the forward-
link outputs in a fixed order and exploits the side-information
from previous branches when treating the current branch.
This induces a sequential information-processing structure:
encoder j produces z j without access to side-information,
but the decoder evaluates its relevance conditioned on the
previously received outputs t1: j−1. This setting naturally leads
to a cooperative MARL formulation with conditional com-
plexity penalties. Each encoder j behaves as an autonomous
agent with policy p(z j|y j), the forward links again form the
environment, and the decoder together with a set of condi-
tional priors define a shared objective whose sampled reward
is common across agents while the conditional compression
terms act as actor-side regularizers. To construct this MARL
framework, we derive a sample-based utility by bounding the
two information terms in the multiterminal IB Lagrangian for
successive retrieval in (26).
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a: LOWER-BOUND ON THE RELEVANCE TERM
For the mutual-information term I(x; t1:J), the same varia-
tional argument as in the parallel case applies. Thus, without
repeating the whole derivation here again, we only remind
that by introducing a decoder distribution q(x|t1:J), the log-
likelihood log q(x|t1:J) provides a sample-based surrogate for
the relevance term.

b: UPPER-BOUND ON THE CONDITIONAL
COMPRESSION TERMS
In successive retrieval, the compression rate of encoder j is
conditional:

I(y j; z j|t1: j−1) = Ey j, z j, t1: j−1

�
log

p(z j|y j)
p(z j|t1: j−1)

�
. (48)

Since the true conditional prior p(z j|t1: j−1) is unknown and
generally intractable, we introduce a conditional reference
prior r(z j|t1: j−1), which yields the upper-bound

I(y j; z j|t1: j−1) ≤ Ey j, z j, t1: j−1

�
log

p(z j|y j)
r(z j|t1: j−1)

�
, (49)

as it applies

Ey j, z j, t1: j−1

�
log

p(z j|y j)
p(z j|t1: j−1)

�
−Ey j, z j, t1: j−1

�
log

p(z j|y j)
r(z j|t1: j−1)

�
= −Et1: j−1

˚
DKL

�
p(z j|t1: j−1) ‖ r(z j|t1: j−1)

�	
≤0 (50)

So, it is inferred that each log-ratio log p(z j |y j)
r(z j |t1: j−1) provides a

sample-based surrogate for the conditional compression cost
of branch j.

c: UTILITY DECOMPOSITION
Combining the relevance lower-bound with the conditional
compression upper-bounds yields the multiterminal utility

uSuc(x, y1:J , z1:J , t1:J)= log q(x|t1:J)−
JX

j=1

λ j log
p(z j|y j)

r(z j|t1: j−1)
.

(51)

Its first term is a shared sampled reward, while the second
term is a sum of conditional compression regularizers applied
directly in the encoder updates. Importantly, similar to the
previous case of parallel retrieval, here as well the com-
plete surrogate is computable from samples (x, y1:J , z1:J , t1:J)
without requiring any knowledge of the forward-channel
transition laws or the true conditional priors.

d: EXPECTED UTILITY AS THE MARL OBJECTIVE
Under the joint encoder policy

p(z1:J |y1:J) =

JY
j=1

p(z j|y j), (52)

the expected utility is

JSuc(P) = Ex,y1:J ,z1:J ,t1:J

˚
uSuc(x, y1:J , z1:J , t1:J)

	
. (53)

Maximizing JSuc(P) thus maximizes a sample-based lower-
bound on relevance while minimizing a sample-based

upper-bound on the conditional compression rates—precisely
mirroring the structure of the original IB objective for mul-
titerminal JSCC with successive retrieval.

e: MARL INTERPRETATION
As in the parallel retrieval setting, the interaction remains
a single-step contextual bandit under CTDE. The shared
sampled reward is again the reconstruction term, while the
actor regularizer now uses conditional priors, which intro-
duce a dependence on previous forward-channel outputs.
Apart from this modification in the regularizer structure, all
MARL elements—agents, actions, environment, and training
protocol—remain unchanged.

f: MODEL-FREE TRAINING VIA PPO (SUCCESSIVE
RETRIEVAL)
We now extend the PPO-based MARL training framework to
the successive-retrieval setting, where the decoder exploits
side-information from earlier branches. In contrast to the
parallel case, each encoder j is regularized according to
the conditional mutual-information term I(y j; z j|t1: j−1). The
overall structure of the training pipeline remains identical to
the parallel scheme—CTDE MARL—while the actor regu-
larizer and priors are modified to incorporate the conditional
dependence on previously received forward-channel outputs
and the critic continues to track the shared reconstruction
reward. As before, we assume access to a finite dataset
D = {(x(i), y(i)

1:J)}Mi=1 generated by the access channels, and
each forward channel is treated as a black-box environment
that returns samples t j∼ p(t j|z j) upon query.

g: PARAMETERIZATION
The overall parameterization mirrors the parallel retrieval
case, and we therefore only emphasize the modification
required by the successive formulation. The local encoder
policies pθ j(z j|y j), the centralized decoder qφ(x|t1:J), and the
centralized value function Vζ(y1:J) retain exactly the same
structure and roles as in the parallel scheme. Execution
remains fully decentralized at the encoders, and the critic
is used only during training.

The sole structural difference lies in the modeling of
the complexity term. Instead of unconditional priors rψ j

(z j)
used in the parallel retrieval, the successive formulation
requires conditional priors rψ j

(z j|t1: j−1), which approximate
p(z j|t1: j−1) and thereby enable estimating the conditional
mutual-information penalty I(y j; z j|t1: j−1). Similar to the
previous case of parallel retrieval, in the actor-regularized
formulation, the shared sampled reward and the conditional
actor-side regularizer are handled separately as

rSuc(x, t1:J) = log qφ(x|t1:J), (54)

cSuc, j(y j, z j, t1: j−1) = log
pθ j(z j|y j)

rψ j
(z j|t1: j−1)

. (55)

h: TRAJECTORY GENERATION
The trajectory generation procedure is identical in structure
to the parallel retrieval setup; the major difference is that
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the actor regularizer now depends on the previously realized
forward-channel outputs through (55), while the sampled
reward remains the shared reconstruction term in (54). All
other steps—sampling observations, drawing encoder actions,
querying the black-box forward channels, and evaluating the
centralized critic—remain unchanged. The resulting tuples
(x(i), y(i)

1:J , z(i)
1:J , t(i)

1:J , r
(i)
Suc) form a batch of experience for multi-

agent PPO.

i: ADVANTAGE ESTIMATION
As in the parallel case, we use a one-step estimator based on
the shared reconstruction reward:

A(i)
Suc = r(i)

Suc−Vζ(y(i)
1:J). (56)

This advantage is shared across all agents.

j: PPO CLIPPED OBJECTIVE (PER AGENT)
With the same definition of the likelihood ratio ρ(i)

j given in
(38), the PPO term for agent j is

LPPO
Suc, j(θ j)=

1
B

BX
i=1

min
�
ρ(i)

j A(i)
Suc, clip(ρ(i)

j , 1−ε, 1+ε) A(i)
Suc

�
.

(57)
The actor-regularized objective for agent j is then

LAct
Suc, j(θ j) = LPPO

Suc, j(θ j) −
λ j

B

BX
i=1

cSuc, j(y
(i)
j , z

(i)
j , t(i)

1: j−1). (58)

k: DECODER, CONDITIONAL PRIORS, AND
VALUE-FUNCTION UPDATES
The decoder and conditional priors optimize the two compo-
nents of the IB surrogate, but through separate updates: the
decoder maximizes the shared reconstruction reward, while
the conditional priors tighten the reference terms used in the
actor regularizers:

gφ =
1
B

BX
i=1

∇φ log qφ(x(i)|t(i)
1:J), (59)

gψ j
=

1
B

BX
i=1

λ j ∇ψ j
log rψ j

(z(i)
j |t

(i)
1: j−1). (60)

The centralized critic is trained by minimizing

LVF
Suc(ζ) =

1
B

BX
i=1

�
Vζ(y(i)

1:J)−r(i)
Suc

�2
. (61)

l: PARAMETER UPDATES
The parameters are updated via gradient ascent/descent:

θ j ← θ j + ηθ ∇θ jLAct
Suc, j, (62)

φ← φ+ ηφ gφ, (63)
ψ j ← ψ j + ηψ gψ j

, (64)

ζ ← ζ − ηζ ∇ζLVF
Suc. (65)

Algorithm 3 Deep MARL-MFAVIB-Successive
1: Initialize parameters {θ j}

J
j=1, φ, {ψ j}

J
j=1, ζ.

2: repeat
3: Sample a mini-batch {(x(i), y(i)

1 , . . ., y
(i)
J )}Bi=1.

4: for i = 1, . . ., B do
5: for j = 1, . . ., J do
6: Sample action z(i)

j ∼ pθ j(z j|y
(i)
j ).

7: Query forward channel: t(i)
j ∼ p(t j|z

(i)
j ).

8: end for
9: Compute shared sampled reward r(i)

Suc using (54).
10: Evaluate value estimate Vζ(y(i)

1:J).
11: Compute advantage A(i)

Suc using (56).
12: end for
13: for j = 1, . . ., J do
14: Compute actor objective LAct

Suc, j using (58).
15: Update encoder parameters θ j via actor-regularized

PPO.
16: Update conditional prior parameters ψ j using gψ j

.
17: end for
18: Update decoder parameters φ using gφ.
19: Update value-function parameters ζ by minimizing

LVF
Suc.

20: until convergence

m: ALGORITHM SUMMARY
The training framework follows the exact same structure
as in the parallel retrieval case; the substantive change
is that the actor regularizer now depends on conditional
priors, while the shared reward remains reconstruction-
based. All other elements of the PPO-based CTDE
framework—independent encoder updates, a shared recon-
struction reward, and a centralized critic—remain unchanged.
We refer to this training approach—presented in Alg. 3—as
Deep MARL-MFAVIB-Successive.

IV. NUMERICAL RESULTS
A. SPECIFICATIONS & IMPLEMENTATION DETAILS
In the following investigations, the source alphabet consists
of a normalized 16-QAM constellation. A source symbol is
drawn uniformly and transmitted to J = 3 agents through
independent AWGN access channels, each with the noise
variance σ2

n. Then, every agent compresses its observation
into a discrete index z j ∈ {0, . . .,N − 1}. These indices
are transmitted through independent two-state Gilbert–Elliott
erasure channels. The channel state evolves as Good-to-Bad
with different probabilities (0.01, 0.1, 0.5) and a fixed Bad-
to-Good probability 0.10. Conditional on the updated state,
the transmitted symbol is erased with probability Pgood =0.05
in the Good state and Pbad = 0.50 in the Bad state. Erasures
are represented by the dedicated symbol N, so the decoder
receives t j ∈{0, . . .,N}. The decoder always consumes the full
tuple (t1, t2, t3).

All reported information quantities are estimated using
300,000 Monte Carlo samples, processed in chunks of size
50,000. For each sample, a fresh source symbol is drawn, the
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FIGURE 3. The relevant information I(x; t1:3) vs. total forward rate
P

j I(yj ; zj ) for a) fixed access noise variance, and b) fixed forward Good-to-Bad transition probability.
Equiprobable (power-normalized) 16-QAM source signaling over AWGN access channels and Gilbert-Elliot forward channels. These results have been obtained for fixed
common trade-off –=0 by varying the encoders’ output cardinality 8≤N ≤32 (per branch) for both a) & b).

access channels are simulated, compression indices are sam-
pled from the learned policies, and the forward channels are
implemented using the described Gilbert–Elliott dynamics.

1) NEURAL ARCHITECTURES
All learning modules are implemented as fully-connected
feed-forward networks (multi-layer perceptrons) with two
hidden layers and tanh activation functions. All weights are
initialized i.i.d. from a zero-mean Gaussian with standard
deviation 0.1, and all biases are initialized to zero. The
following architectures are used throughout:
• Shared policy: input dimension 2 (real and imaginary

parts of y j), hidden layers (256, 256), output dimension
N (logits for pθ j(z j|y j)).

• Critic: input dimension 6 (concatenated real and imag-
inary parts of (y1, y2, y3)), hidden layers (512, 512),
output dimension 1.

• Decoder: input dimension 3(N+1) (concatenated one-hot
encodings of (t1, t2, t3)), hidden layers (256, 256), output
dimension 16 (logits for qφ(x|t1, t2, t3)).

• Shared parallel prior: input dimension 1 (constant
scalar), hidden layers (128, 128), output dimension N.

• Successive priors:
• rψ1

(z1): input dimension 1,
• rψ2

(z2|t1): input dimension N+1,
• rψ3

(z3|t1, t2): input dimension 2(N+1),
each with hidden layers (128, 128) and output dimension
N.

2) OPTIMIZATION AND MAPPO SETUP
All trainable modules are optimized using Adam [60]. Train-
ing proceeds in rollout batches of size 2048, with 4 PPO
epochs per rollout and minibatch size 512. The clipped PPO
surrogate (with ε = 0.2) is used with one-step advantage

estimator that is normalized within each rollout. The decoder
is trained by cross-entropy on the true source symbol, and
the critic is trained by mean-squared error to the rollout
reward. The actor updates include the appropriate KL-based
rate penalties—unconditional priors for parallel retrieval and
conditional priors for successive retrieval.

B. BASELINE COMPARISON
As the first round of investigations, Fig. 3 illustrates the
trade-off between the relevant information I(x; t1:3) and the
total forward rate

P3
j=1 I(y j; z j) under different reliability

conditions of the access and forward links. In all cases, the
encoder output cardinality N is varied, which increases the
per-agent compression rate and moves the operating point
along each curve. As the main trend, it is observed from
both results that the Deep MARL-MFAVIB-Parallel method
consistently outperforms the popular Lloyd-Max baseline
[61] across a wide range of operating points.

1) VARYING FORWARD-CHANNEL RELIABILITY
Fig. 3(a) depicts the achievable end-to-end relevant infor-
mation for a fixed access-channel noise variance σ2

n = 0.05
while varying the Good-to-Bad transition probability of the
forward Gilbert-Elliott channels. Three reliability regimes are
considered, corresponding to P(G→B)∈{0.01, 0.1, 0.5}. For
each regime, increasing the encoder cardinality N increases
the total forward rate and improves the end-to-end infor-
mation transfer. However, as the forward channels become
less reliable (larger P(G→B) values), the attainable relevant
information decreases for any fixed rate, and the curves shift
downward. This behavior reflects the fact that more frequent
transitions into the Bad state lead to more erasures, thereby
degrading the informativity of the tuple (t1, t2, t3) available
at the decoder. Despite this degradation, the learned Deep
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FIGURE 4. The relevant information I(x; t1:3) vs. total forward rate
P

j I(yj ; zj ) for a) fixed access noise variance, and b) fixed forward Good-to-Bad transition probability.
Equiprobable (power-normalized) 16-QAM source signaling over AWGN access channels and Gilbert-Elliot forward channels. These results have been obtained for fixed
output cardinality N =16 by varying the common trade-off parameter a) 0≤–≤1 and b) 0≤–≤0.4.

MARL-MFAVIB-Parallel encoders retain a clear advantage
over Lloyd-Max, depicting their ability to adapt to the
stochastic erasure patterns of the forward links.

2) VARYING ACCESS-CHANNEL QUALITY
Fig. 3(b) fixes the forward-channel reliability at P(G→B)=
0.01 and varies the access-channel noise variance across
σ2

n ∈ {0.05, 0.1, 0.2}. For each noise level, increasing N
again increases the total forward rate and improves the rele-
vant information. However, as the access channels become
noisier, the curves shift downward: the agents’ observa-
tions become less informative about the source symbol, and
even large encoder cardinalities cannot fully compensate for
the reduced quality of y j. This highlights the fundamental
limitation that the decoder cannot recover information that
is not present in the agents’ initial observations. Across
all noise levels, the Deep MARL-MFAVIB-Parallel method
consistently achieves higher relevant information than the
Lloyd-Max baseline, reflecting its ability to establish superior
information-compression trade-offs.

3) OVERALL INTERPRETATION
Taken together, Figs. 3(a) and 3(b) illustrate the complemen-
tary roles of the access and forward channels in determining
the end-to-end information flow. When the access links are
clean but the forward links are unreliable, the information
bottleneck is dominated by erasures in the forward channel.
Conversely, when the forward links are reliable but the access
links are noisy, the bottleneck is dominated by the limited
informativity of the observations. In both regimes, the Deep
MARL-MFAVIB-Parallel method consistently provides supe-
rior performance, demonstrating the benefits of end-to-end
MARL-based IB design over classical quantization. Finally,
we note that Deep MFAVIB-Parallel [43] cannot be included

as a baseline here because its variational objective requires a
differentiable and fully known forward-channel model that is
incompatible with the non-differentiable Gilbert–Elliott links
used in our experiments.

C. INFORMATION-COMPRESSION CURVE SWEEP FOR
PARALLEL RETRIEVAL
Fig. 4 illustrates how the achievable relevant information
I(x; t1:3) varies with the total forward rate

P3
j=1 I(y j; z j)

when the common trade-off parameter λ = λ j for j = 1, 2, 3
is swept over a prescribed range. Unlike the previous set
of experiments, where the operating points were generated
by varying the encoder’s output cardinality N, here it is
fixed at N = 16 and the information-compression balance is
controlled solely through λ. Note that classical Lloyd–Max
quantization cannot produce a λ-sweep curve because it has
no trade-off parameter analogous to λ. Similar to the earlier
results, the curves reflect the interplay between the access and
forward channels, but the λ-sweep reveals how the learned
encoders continuously adjust their operating point along the
information-compression frontier.

1) FIXED ACCESS NOISE VARIANCE
Fig. 4(a) fixes the access-channel noise variance at σ2

n =0.05
and varies the forward-channel reliability through the Good-
to-Bad transition probability P(G→B)∈{0.01, 0.1, 0.5}. For
each reliability regime, decreasing λ moves the operating
point toward higher forward rates and higher relevant infor-
mation, while increasing λ enforces stronger compression and
shifts the operating point toward the lower-rate region. The
overall shape and ordering of the curves are consistent with
the trends observed in the first set of results: more reliable
forward channels yield higher I(x; t1:3) for any given rate,
whereas more frequent transitions into the Bad state reduce
the informativity of the received tuple. The λ-sweep makes
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FIGURE 5. The relevant information I(x; t1:3) vs. total forward rate
P

j I(yj ; zj |t1:j−1) for a) fixed access noise variance, and b) fixed forward Good-to-Bad transition
probability. Equiprobable (power-normalized) 16-QAM source signaling over AWGN access channels and Gilbert-Elliot forward channels. These results have been
obtained for fixed output cardinality N =16 by varying the common trade-off parameter 0≤–≤0.2 for both a) & b).

this trade-off explicit by showing how the learned encoders
adapt their compression level to the reliability of the forward
links.

2) FIXED FORWARD-CHANNEL RELIABILITY
Fig. 4(b) fixes the forward-channel reliability at P(G→B)=
0.01 and varies the access-channel noise variance across
σ2

n ∈ {0.05, 0.1, 0.2}. As λ decreases, the encoders allocate
more rate and preserve more information, while larger λ
forces stronger compression. The relative ordering of the
curves mirrors the behavior seen previously: cleaner access
channels support higher relevant information, whereas noisier
observations fundamentally limit the amount of information
that the decoder can recover, regardless of the compression
level. The λ-sweep highlights this limitation by showing
that even aggressive rate allocation (small λ) cannot fully
compensate for severely degraded access observations.

a: OVERALL INTERPRETATION
Together, Figs. 4(a) and 4(b) demonstrate that the trade-off

parameter λ provides a smooth and effective mechanism for
navigating the information-compression frontier. For fixed
encoder cardinality, decreasing λ increases the forward rate
and improves the preservation of relevant information, while
increasing λ enforces stronger compression. The resulting
curves reflect the same structural dependencies on access
and forward reliability observed in the first set of results, but
now reveal how the learned Deep MARL-MFAVIB-Parallel
encoders continuously adjust their operating point in response
to the imposed relevance-compression trade-off.

D. INFORMATION-COMPRESSION CURVE SWEEP FOR
SUCCESSIVE RETRIEVAL
Fig. 5 illustrates the basic information-compression trade-off

achieved by the Deep MARL-MFAVIB-Successive method

when the common trade-off parameter λ is swept over the
range 0≤ λ≤ 0.2 for a fixed encoder cardinality N = 16. As
in the previous round of experiments, decreasing λ increases
the forward rate and improves the preservation of relevant
information, whereas larger λ enforces stronger compression.
However, in contrast to the parallel retrieval setting, the
successive architecture yields smaller overall forward rates
because each agent’s compression rate is conditioned on
the previously received forward-channel outputs. Under the
presumed Markovian structure, this conditioning reduces the
per-branch rate according to

I(y j; z j|t1: j−1) = I(y j; z j) − I(z j; t1: j−1),

which directly lowers the total forward rate while retain-
ing the most informative components of the agents’
observations.

1) FIXED ACCESS NOISE VARIANCE
Fig. 5(a) fixes the access-channel noise variance at σ2

n =0.05
and varies the forward-channel reliability across P(G→ B)∈
{0.01, 0.1, 0.5}. The qualitative ordering of the curves mirrors
the behavior observed earlier: more reliable forward links
support higher relevant information, while more frequent
transitions into the Bad state reduce the informativity of the
received tuple. The λ-sweep again traces out the achievable
frontier, but now at reduced forward rates.

2) FIXED FORWARD-CHANNEL RELIABILITY
Fig. 5(b) fixes the forward-channel reliability at P(G→B)=
0.01 and varies the access-channel noise variance across
σ2

n ∈ {0.05, 0.1, 0.2}. As in the parallel case, cleaner access
observations yield higher relevant information, while noisier
observations fundamentally limit the decoder’s ability to
recover the source. The successive structure again produces
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lower forward rates for all λ, reflecting the reduced per-
branch rate contributions.

OVERALL INTERPRETATION
These results demonstrate that the successive retrieval mech-
anism effectively compresses away redundant information
across agents by exploiting the conditional structure induced
by previously received signals. This leads to substantially
lower total forward rates while maintaining a competitive
level of relevant information, thereby offering a more efficient
operating regime than the parallel architecture when inter-
agent statistical dependencies are present.

V. SUMMARY
In this work, we presented a unified, model-free frame-
work for IB-based JSCC that remains effective even
when the forward channels are unknown, stochastic, non-
differentiable, or entirely black-box. In contrast to clas-
sical IB formulations—which rely on explicit channel
models—and variational approaches—which require differ-
entiable end-to-end pipelines and reparameterizable latent
variables—we reinterpreted the IB-based JSCC as a sequen-
tial decision-making problem, enabling the use of deep
MARL to learn distributed compressors directly from inter-
action with arbitrary links.

Starting from the point-to-point setting, we showed that
the encoder can be viewed as a stochastic policy in a
contextual bandit, where a variational decomposition of
the IB Lagrangian yields a reconstruction-based reward
and an analytic actor-side compression regularizer. This
leads to a fully model-free, forward-aware compressor
trained via PPO without requiring gradients through the
channel.

We then extended the framework to the multiterminal
scenario. Two retrieval strategies were considered: a par-
allel scheme with unconditional complexity penalties, and
a successive scheme that exploits decoder side-information
via conditional penalties. For both processing schemes, we
derived cooperative MARL objectives amenable to CTDE.
The resulting algorithms provide scalable, model-free solu-
tions to distributed IB-based JSCC.

Extensive experiments on a representative stochas-
tic forward channel with hidden-state dynamics clearly
depicted the effectiveness of the proposed methods. The
MARL-based compressors consistently outperformed the
popular Lloyd–Max quantization across a wide range of oper-
ating points, while the successive retrieval strategy achieved
substantially lower forward rates by exploiting conditional
structure. These results highlight the robustness and flexi-
bility of the MARL-driven IB-based JSCC, which naturally
adapts to the varying access quality, forward reliability, and
relevance–compression trade-offs.

In summary, this work establishes deep MARL as a
principled and powerful foundation for learning distributed
IB-based compressors in complex environments where
model- or gradient-based approaches are fundamentally

inapplicable. By enabling reliable operation over arbitrary
forward links, the proposed approach significantly broadens
the applicability of IB-based JSCC and opens new avenues
for data-driven communication system design.
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