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Abstract

Conventional steganography assigns payload symbols to fixed carrier locations. This lo-
cal accounting is fragile: cropping removes symbols outright, compression corrupts selected
coefficients, and an adversary can search for the statistical residue of a spatially concentrated
embedding policy. We formalize Sparse Recursive Holographic Steganography (SRHS),
an architecture in which a payload is first transformed into a redundant distributed field
and then embedded through a short, adaptively selected sequence of carrier revisions. Un-
der this construction every sufficiently informative view of the carrier carries degraded ev-
idence about the entire payload, and no single carrier location is uniquely responsible for
a fixed payload fragment. A recurrent controller with parameters shared across steps esti-
mates local embedding capacity, modifies only a sparse active set of carrier regions, decodes
the resulting intermediate carrier, and reallocates its remaining distortion budget accord-
ingly. This separates representational reach, governed by recursion depth, from parameter
count, which stays fixed.

SRHS replaces the standard one-pass map from message bits to carrier coefficients with
three coupled operations: holographic payload projection, sparse carrier routing, and re-
cursive residual correction. We state the system as constrained channel coding, give explicit
assumptions under which partial-view recovery degrades gracefully rather than failing at
fixed boundaries, and show why recursive correction weakly dominates one-shot embed-
ding at equal distortion whenever the carrier response is uncertain in advance. We specify
a complete training objective, a decoding procedure, a three-observer threat model, and
a falsifiable experimental program with preregistered success and failure conditions. The
claim advanced here is deliberately narrow: distributed payload evidence combined with
sparse adaptive revision improves the achievable robustness-detectability-distortion fron-
tier relative to localized or uniformly dense embedding, at matched budget. It is not a claim
that channel capacity can be circumvented. If the stated hypotheses survive the proposed
ablations, steganographic design shifts from the placement of secret symbols toward the
synthesis of recoverable secret fields.
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1 Introduction

Steganographic systems are conventionally organized around a spatial metaphor. A payload is
partitioned into symbols; symbols are assigned to pixels, blocks, tokens, frames, or transform co-
efficients; a decoder later reads those assignments back. Learned systems relax the assignment
but frequently retain its underlying logic: an encoder makes a single forward pass, distributes
a finite distortion budget across the carrier, and produces a stego object whose hidden content
is recovered from the resulting perturbation.
This organization produces three linked weaknesses. Locality produces brittle failure, since
destroying the region assigned to a payload block destroys that block regardless of how much
unused evidence remains elsewhere in the carrier. A one-pass encoder commits to its full mod-
ification before it can observe the realized consequences of any of it, and carrier channels are
heterogeneous enough that post-embedding transformations are only partially predictable in
advance. Dense modification, finally, wastes distortion on locations that contribute little reli-
able information while enlarging the statistical surface available to a detector.
The architecture proposed here replaces symbol placement with field construction. The pay-
load is projected into a set of correlatedmeasurements, each individually insufficient but jointly
informative about the payload as a whole. These measurements are embedded into a sparse
subset of carrier regions. After each embedding step the system decodes its own intermediate
output, estimates the residual payload error, and selectively revises the carrier. Computation is
therefore recursive, while modification remains sparse at every step.
The term holographic is used operationally rather than by analogy to physical optics: it denotes
distributed recoverability, in which partial observations preserve degraded evidence about the
whole message rather than exact evidence about isolated fragments of it. The term recursive
likewise denotes a concrete recurrence with shared parameters and an explicit stopping rule,
not literal self-similarity or unbounded depth. Neither term commits the architecture to any
particular carrier modality.
This papermakes four contributions. It introduces a payload representationdesigned forwhole-
message recovery from partial carrier views. It introduces a sparse recurrent embedding con-
troller that spends distortion only where an additional revision is expected to reduce decoding
error without increasing distinguishability. It states robustness and improvement results under
explicit, falsifiable assumptions rather than as informal claims. It defines an evaluation protocol
constructed specifically to prevent robustness gains from being purchased through unreported
distortion, payload reduction, secret-key leakage, or steganalysis weak enough to be uninfor-
mative.

2 Problem Formulation

Let a cover object be x ∈ X , drawn from a declared cover distribution DX ; let a payload be
m ∈ {0, 1}L; and let a secret key be k, drawn from a keyspace large enough to resist exhaustive
search. An encoder produces

y = Eθ(x,m, k;B),

where y is the stego object and B is a hard distortion budget. A channel transformation T ∼ T ,
drawn from a declared transformation distribution, may crop, compress, rescale, transcode,
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paraphrase, drop packets, reorder frames, or otherwise alter the object before it reaches the
receiver. The decoder returns

m̂ = Dφ

(
T (y), k

)
.

A useful steganographic system must jointly minimize decoding error, perceptual or semantic
distortion, and detectability. These three objectives conflict in general, so the target is Pareto
improvement of the achievable frontier rather than a single universal optimum.
For a detector A, define its advantage under equal priors on cover and stego objects as

Adv(A) =
∣∣Pr[A(y) = 1]− Pr[A(x) = 1]

∣∣.
The operational objective of SRHS is reliable payload recovery after transformations drawn from
T , subject to the hard distortion constraint ‖y − x‖ ≤ B under a declared metric, together with
low advantage for both the detectors used during training and detectors unseen during training.
Security in this sense is not established by perceptual similarity alone; it must be measured
against adaptive steganalysis and, where the cover distribution is well characterized, bounded
with respect to that distribution. Every result below is stated relative to a declared (DX , T , B)
triple, and no claim in this paper is intended to hold outside such a declaration.

3 Holographic Payload Projection

A localized representation maps payload blockmi primarily to a single carrier region j. SRHS
instead maps the entire payload to a redundant collection of keyed measurements. An outer
error-correcting code first produces c = C(m) ∈ {0, 1}n. Because c is a {0, 1}-valued vector,
projecting it directly carries a codeword-dependent DC component that inflates the measure-
ment magnitude and complicates distance-preservation arguments. The codeword is therefore
centered before projection,

c̄ = 2c− 1,

so that c̄ ∈ {−1,+1}n, and a keyed linear projection generates

z =
1√
n
Pk c̄, Pk ∈ Rq×n,

followed by a bounded quantization u = Q(z). The 1/
√
n normalization keeps the expected

measurement energy independent of n, which is what the restricted-isometry-type argument of
Assumption 1 requires. The rows ofPk are generated from a cryptographic pseudorandom seed
and normalized so that evidence is dispersed across measurements rather than concentrated in
a few of them. Carrier regions each receive overlapping subsets of the measurements in u.

Assumption 1 (Restricted preservation). There exists a family of subsets S ⊆ {1, . . . , q}, occurring
with non-negligible probability under the transformations in T , such that the restricted projection Pk,S
preserves the pairwise distances among codewords of C up to a bounded factor in each direction. This
is a restricted-isometry-type condition on Pk in the sense of compressed sensing [3], applied here to a
finite codeword set rather than to arbitrary sparse vectors. Concretely, for constants 0 < γ(S) ≤ Γ(S)
depending on S, and for any two codewords ca 6= cb ∈ C with centered forms c̄a, c̄b,

γ(S) ‖c̄a − c̄b‖2 ≤ ‖Pk,S(c̄a − c̄b)‖2 ≤ Γ(S) ‖c̄a − c̄b‖2.
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The two directions of this bound serve different purposes and are not required to behave symmetrically as
S varies. When Pk,S is formed by restricting Pk to the rows indexed by S, adding rows can only add non-
negative squared-norm contributions, since ‖Pk,S′v‖2 = ‖Pk,Sv‖2+‖Pk,S′\Sv‖2 for S ⊆ S′. This gives
γ(S) ≤ γ(S′) whenever S ⊆ S′, so the lower gain γ is monotone non-decreasing in the surviving set
under simple row restriction. The upper constant Γ(S) has no corresponding guarantee: it can increase
as rows are added, since the added rows also contribute to the squared norm of the ambient vector’s image
without bound in general. The upper bound is retained only to control embedding energy and distortion
in Section 6; the recovery argument of Corollary 1 depends solely on the monotone lower gain γ(S).
Corollary 1 (Decodingmargin under restricted preservation). Let dmin denote the minimumHam-
ming distance of the outer code C. Since c̄ = 2c − 1, codewords at Hamming distance d satisfy ‖c̄a −
c̄b‖2 = 4d, so the minimum squared distance among centered codewords is 4dmin. Under Assumption 1,
the minimum squared distance among the normalized measurement images za = 1√

n
Pk,S c̄a is at least

γ(S) · 4dmin/n, and nearest-codeword decoding over the surviving measurements S succeeds whenever
the aggregate noise, inclusive of quantization error, satisfies

‖ηS‖ <

√
γ(S) dmin

n
.

Because γ is monotone non-decreasing in S under row restriction, this threshold is monotone non-
decreasing as S grows.

This margin makes the mechanism behind Proposition 1 explicit rather than qualitative, and it
isolates exactly which half of the restricted-preservation bound the recovery argument needs:
only γ(S), not the symmetric distortion factor used informally above. It also gives a concrete
design target for Section 9: γ(S) can be estimated empirically on surviving subsets under the
declared transformation distribution T and compared against dmin/n, which is a falsifiable nu-
merical claim rather than an appeal to the assumption’s plausibility.
Under Assumption 1, the condition for recovery is not that every crop reconstruct the message
exactly. It is that a sufficiently large family of measurement subsets retains enough restricted
gain to support decoding. If S indexes the measurements surviving a given transformation, the
decoder observes

uS =
1√
n
Pk,S c̄+ ηS ,

where ηS aggregates embedding noise, channel damage, internal decoding error, and quanti-
zation error. By Corollary 1, the sufficient recovery condition strengthens monotonically as S
grows; Section 8.1 gives the corresponding statement for actual decoding risk, which requires a
separate argument.
Formultimedia carriers, a view is any transformation that preserves a subset ormixture of carrier
evidence: a crop, a temporal window, a frequency band, a resolution level, or a set of surviving
packets. Training samples multiple views of the same stego object and requires each to predict
the same payload; this multi-view consistency is the learned counterpart of the projection’s
algebraic redundancy, and it is enforced explicitly in the training objective of Section 6.
The key controls the projection, the interleaving of measurements across regions, and the rout-
ing priors used in Section 4. It must not merely index a small public family of embeddings,
since a small family is enumerable by an adversary. Key reuse and chosen-message attacks
are accordingly treated as explicit components of the threat model in Section 10 rather than as
out-of-scope concerns.
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4 Sparse Recursive Embedding

Divide the carrier representation into N addressable regions, which may be spatial patches,
wavelet bands, video tubes, audio time-frequency cells, text spans, or learned latent groups. At
recursion step t the system maintains a stego candidate yt, a residual payload state rt, and a
remaining budget bt, initialized as

y0 = x, r0 = u, b0 = B.

A controller with shared parameters ψ computes region scores

st = Gψ
(
F (yt), rt, bt, k

)
,

where F is a carrier feature extractor. A sparse router selects an active set St of at mostK � N
regions, using top-K selection, sparsemax, entmax, or a differentiable hard-concrete gate during
training. A proposal network produces a bounded revision

∆t = Uθ
(
F (yt), rt, k, St

)
,

and the carrier is updated only on the active set:

yt+1 = ΠC(x,B)

(
yt +M(St)�∆t

)
.

Here M(St) is the active-region mask and ΠC(x,B) projects the candidate back into the admis-
sible distortion set around x. Because the receiver’s eventual observation is T (y) for a trans-
formation T sampled only after encoding is complete, the encoder cannot observe the realized
future transformation and must instead probe with a surrogate drawn from the same declared
distribution. The system samples T̃t ∼ T and performs an internal decode against the probed
carrier,

ũt+1 = Dinner
φ

(
T̃t(yt+1), k

)
, rt+1 = u− ũt+1.

This surrogate decode reveals information about carrier susceptibility under the transformation
family T , and about the rendering, quantization, and projection effects realized in yt+1 itself; it
does not reveal which specific transformation the eventual receiver’s channel will apply. What it
can inform the next step’s allocation about is therefore carrier response that is persistent across
steps, such as which regions are structurally fragile under the kinds of damage in T , rather
than the identity of a one-time future draw. Section 8.2 makes this distinction precise, since it
determines whether recursion has anything to learn from step to step.
Recursion terminates when the estimated robust decoding loss falls below a threshold, when
the budget is exhausted, or when a fixed maximum depth R is reached. Because Gψ, Uθ, and
the internal decoder share parameters across steps, increasing depth increases adaptive com-
putation without increasing parameter count.
This recurrence is not incidental to the architecture. The true response of a carrier region, once
quantized, compressed, or otherwise passed through a differentiable channel approximation, is
not knowable in advance of a rendered modification. Each step is simultaneously an interven-
tion and a measurement: the encoder does not merely add signal to the carrier, it learns from a
probed surrogate of what a receiver’s channel could do to its preceding attempt.
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5 Sparsity and Recursion as a Joint Requirement

Sparsity without recursion commits irrevocably to a single, possibly mistaken, active set. Re-
cursion without sparsity perturbs the entire carrier at every step and compounds detectable
residue across steps. Their conjunction permits exploration followed by correction: early steps
allocate weak measurements to regions predicted to be safe, an intermediate decode reveals
which payload directions remain uncertain, and later steps address those directions through
new regions or revisions of unreliable ones.
Definition 1 (Marginal routing value). Let `t denote expected payload loss after step t and let ct,j
denote the cost of revising region j at step t. The marginal value of revising region j is

vt,j =
E[`t − `t+1 | j]
ct,j + λ dt,j

,

where dt,j estimates the increment to detectability contributed by revising j.

The router in Section 4 is not required to compute vt,j exactly; the definition specifies what the
learned score st should approximate. Sparsity is a consequence of most regions carrying low
or negative marginal value at a given state, rather than a constraint imposed for its own sake.
Sparse recursion additionally supports conditional depth: covers with low channel noise can
stop early, while difficult carriers consume additional steps, converting embedding computation
from a fixed per-object expense into an allocation problem solved per example.

6 Training Objective

Training jointly optimizes the projection-aware decoder, the sparse recurrent encoder, and a
population of steganalyzers. For sampled transformations T1, . . . , TJ ∼ T , the payload loss is

Lmsg =
1

J

J∑
j=1

BCE
(
m, Dφ(Tj(yR), k)

)
.

The fidelity term combines a domain metric dX with a feature-space discrepancy,

Lfid = dX (x, yR) + α ‖Φ(x)− Φ(yR)‖22.

Security uses an ensemble {Ai}Mi=1 of detectors, each outputting the estimated probability that
its input is stego, trained adversarially and periodically refreshed against the current encoder,
following the generator-discriminator training pattern introduced for generative adversarial
networks [4]. The detector objective and the encoder objective must be stated separately, since
a single shared expression admits an ambiguous sign convention. Each detector is trained to
maximize discrimination,

LAi = −Ex∼DX log
(
1−Ai(x)

)
− EyR logAi(yR),

minimized over Ai, which drives Ai(x) → 0 on covers and Ai(yR) → 1 on stego objects. The
encoder is trained against the current detector ensemble using the standard non-saturating con-
fusion loss,

Lsec = − 1

M

M∑
i=1

log
(
1−Ai(yR)

)
,
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minimized over θ, φ, ψ, which pushes Ai(yR) toward 0. This is the standard non-saturating
encoder loss adapted to the present sign convention, in which the encoder’s goal is Ai(yR) → 0
rather than the D(fake) → 1 convention used in the original GAN formulation [4]; the two
are equivalent under the relabeling Bi = 1 − Ai. The gradient of Lsec with respect to Ai(yR) is
1/(1−Ai(yR)), which is largest exactlywhenAi(yR) is close to 1, the regime inwhich the encoder
is easily detected and most needs a strong training signal. A naive alternative, minimizing
logAi(yR)directly, also drivesAi(yR) toward 0 but has gradient 1/Ai(yR)with respect toAi(yR),
which stays bounded rather than growing asAi(yR) → 1; this is the saturating form to avoid, not
log(1−Ai(yR)), since minimizing log(1−Ai(yR))would pushAi(yR) toward 1 and is therefore
not a variant of the same objective at all. Sparse, non-repetitive routing is encouraged by

Lroute =
R−1∑
t=0

N∑
j=1

Pr(gt,j 6= 0) + β
∑
t6=t′

〈gt, gt′〉
‖gt‖2‖gt′‖2 + ε

,

where gt is the relaxed gate vector at step t, produced by a stochastic relaxation such as a hard-
concrete gate for which Pr(gt,j 6= 0) is available in closed form and differentiable in the gate
parameters; the `0 penalty used informally elsewhere in this section is a conceptual stand-in for
this expected-active-gate term, or for an `1 surrogate ‖gt‖1 where a closed-form activation prob-
ability is not available, and is not itself a valid training objective, since ‖gt‖0 has zero gradient
almost everywhere. The second term in Lroute penalizes the controller for repeatedly concen-
trating revisions in the same region across steps. A view-consistency term requires partial views
to agree on the decoded payload distribution,

Lview =
1

J(J − 1)

∑
a6=b

KL
(
pφ(m | Ta(yR), k) ‖ pφ(m | Tb(yR), k)

)
.

Training alternates two minimizations rather than a single min-max expression, since Lsec and
LAi are already written with consistent signs for descent:

min
θ,φ,ψ

Lmsg + λfLfid + λsLsec + λrLroute + λvLview, min
A1,...,AM

1

M

M∑
i=1

LAi .

The twominimizations are performed on alternating schedules, with the detector ensemble pe-
riodically refreshed and, at intervals, reinitialized in part to limit overfitting of the encoder to
a fixed detector population. The hard distortion constraint of Section 2 is enforced by the pro-
jection ΠC(x,B) regardless of whether the learned penalties are well calibrated, which prevents
the optimizer from trading visible carrier damage for payload accuracy under an imperfectly
weighted objective.

7 Decoding

The receiver computes carrier features, extracts noisy projected measurements, and aggregates
evidence across whatever views or regions are available. A keyed inverse module estimates
codeword logits ĉ, after which the outer error-correcting decoder returns m̂ together with a
confidence score. The decoder requires no knowledge of the recursion depth or active sets used
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during encoding; these are properties of how the fieldwas synthesized rather than prerequisites
for reading it.
When multiple transformed copies of the stego object are available, their evidence can be ag-
gregated before outer decoding. If the copies carry independent damage patterns, recovery can
succeed even when no single copy is individually sufficient. This is a direct consequence of
distributing payload evidence across both carrier coordinates and views.

8 Analysis

8.1 Graceful erasure recovery

Because S is a discrete, bounded index set, recovery probability as a function of |S| cannot be
continuous in the analytic sense, and bounded-noise decoding can exhibit genuine thresholds
at the outer code’s correction radius. The claim below is stated as monotone degradation of the
best achievable decoding risk, which is what the construction actually delivers; monotonicity of
the trained decoder’s own error is a distinct, stronger claim addressed separately below.

Proposition 1 (Monotone degradation of achievable risk under erasure). Let OS denote the ob-
servations available to the decoder when the surviving measurement set is S, and define the Bayes risk

R(S) = inf
m̂

Pr[m̂(OS) 6= m],

the infimum taken over all decoders, not only the outer decoder actually implemented. Then S ⊆ S′

implies R(S′) ≤ R(S). Let Sπ = {i : Ui ≤ π} for i.i.d. uniforms Ui on [0, 1], coupling the surviving
sets across values of the survival probability π. Then π1 ≤ π2 implies E[R(Sπ2)] ≤ E[R(Sπ1)], and no
fixed payload block is dropped as a deterministic function of a predetermined carrier boundary, in contrast
to a block-local scheme in which each payload block fails outright whenever its assigned region is erased,
regardless of how much unused evidence survives elsewhere in the carrier.

Proof sketch. If S ⊆ S′, then OS is a deterministic restriction of OS′ : any decoder m̂ defined on
OS can be applied to OS′ by first discarding the coordinates outside S, so the infimum defining
R(S′) ranges over a superset of the effective strategies available for R(S), giving R(S′) ≤ R(S).
This step uses only observation containment and holds regardless of the noise model or of As-
sumption 1. For the coupling, π1 ≤ π2 implies Sπ1 ⊆ Sπ2 almost surely by construction of Ui, so
R(Sπ2) ≤ R(Sπ1) pointwise on the same probability space, and taking expectations preserves
the inequality.

This establishes monotonicity of the best achievable risk, not of the risk actually incurred by the
trained outer decoderDφ. Two further steps are needed to connect this to the deployed system,
and both are empirical rather than derivable from Assumption 1 alone. First, the aggregate
noise ηS′ does not shrink as S grows: ‖ηS′‖2 = ‖ηS‖2 + ‖ηS′\S‖2 for S ⊆ S′, so the sufficient
recovery event of Corollary 1 is not itself nested in S, even though its threshold is monotone by
Assumption 1; a favorable threshold does not guarantee a favorable noise realization. Second,
a fixed or mismatched decoder can in principle performworse given additional noisy measure-
ments, so matching the trained decoder’s realized error to the Bayes-optimal monotonicity of
Proposition 1 requires either an architectural guarantee, such as a decoder that provablyweakly
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dominates its restriction to any subset of its inputs, or direct empirical verification of the kind
specified in Section 9’s measurement of γ(S).
This result is conditional rather than absolute in a further sense. An adversary who removes
all informative regions, destroys the carrier outright, or estimates the key-dependent projec-
tion structure can still prevent recovery. Holographic distribution changes the shape of the
achievable-risk curve; it does not remove the underlying channel-capacity limit stated in Sec-
tion 8.4, and it does not by itself guarantee that the trained decoder realizes the achievable risk.

8.2 Recursive dominance under uncertain response

Weak dominance of a two-step encoder over a one-step encoder follows immediately from
policy-class containment: any feasible one-step policy is available to the two-step encoder as
the choice of a zero second update, so the two-step optimum cannot be worse. That observa-
tion alone is close to definitional and does not explain when the dominance is strict. Strictness
is a value-of-information claim, and the value of information depends on what the first step’s
observation actually is and what it is informative about; both must be specified precisely, since
a naive reading risks overstating what a single informative observation guarantees.
Model a persistent carrier response as an unobserved state h, drawn from a prior p(h) and un-
known to the encoder before any modification is rendered, where persistence means h governs
carrier susceptibility across recursion steps rather than being redrawn independently at each
step. This is distinct from the identity of the transformation a future receiver will apply, which
as Section 4 notes is not observable before encoding completes. The encoder’s first-step obser-
vation is instead the surrogate decode

o1 = ũ1 = Dinner
φ

(
T̃0(y1), k

)
, T̃0 ∼ T ,

which is informative about h to the extent that h and T̃0(y1) jointly determine the observed
decode error. If h is not persistent, that is, if carrier susceptibility is redrawn independently at
each step with no shared latent state, then o1 carries no information about the state relevant to
step two regardless of how informative it is about step one, and the argument below does not
apply; this case is stated explicitly as a boundary of the result rather than left implicit. Let `(a, h)
be the loss of taking budget-allocation action a under persistent state h.

Proposition 2 (Dominance via value of information). Under the persistent-state model above, the
two-step encoder’s optimal expected loss is

Eo1
[
min
a

E
[
`(a, h) | o1

]]
,

and the one-step encoder’s optimal expected loss is mina E[`(a, h)]. The former is no greater than the
latter. Equality holds if and only if there exists a single action a? that is simultaneously optimal for
almost every realization of o1, that is,

a? ∈ argmin
a

E[`(a, h) | o1] for almost every o1.

Statistical dependence between o1 and h is necessary for strict inequality to be possible but is not suffi-
cient: an observation can be highly informative about hwhile never changing which action is optimal, for
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instance if some fixed a0 minimizes `(a, h) for every h in the support of the prior. A sufficient condition
for strict inequality is the existence of two events of positive probability on which o1 induces different,
uniquely optimal actions, with no single action optimal on both.

Proof sketch. The inequality Eo1 [mina E[`(a, h) | o1]] ≤ mina E[`(a, h)] holds because the right-
hand side is the loss of a single action chosen without conditioning on o1, which is a feasible
but not necessarily optimal choice for each realization of o1 on the left-hand side; taking the ex-
pectation of the pointwise minimum cannot exceed the minimum of the expectation. Equality
holds exactly when some a? attains the conditional minimum for almost every o1, since then the
conditional policy and the unconditional policy coincide almost everywhere and their expected
losses agree. Under the stated sufficient condition, no single action can attain the conditional
minimum on both events, so no a? satisfies the equality condition, and the inequality is strict.
Recursion depth beyond two steps follows by the same argument applied to the posterior over
h remaining after each successive observation, provided h continues to persist across the addi-
tional steps.

This formalization makes explicit what recursion can and cannot buy. If carrier response is not
persistent across steps, the surrogate decode at step t is uninformative about the state relevant
to step t+ 1, and additional recursion steps yield no improvement in expectation regardless of
added computation, independent of how informative any single surrogate decode is in isolation.
If carrier response is persistent but insensitive to the allocation decision in the sense that a single
action is uniformly optimal, recursion likewise buys nothing. Whether realistic carrier channels
supply persistent, decision-relevant response uncertainty of the kind the sufficient condition
requires, and by howmuch, is an empirical question, addressed directly by the recursion-depth
ablation in Section 9; that ablation should in particular test sensitivity to whether T is sampled
once and held fixed across a recursion (persistent) or resampled independently at each step (not
persistent), since the proposition predicts a qualitative difference between the two conditions.

8.3 Sparse modification and detectability

Sparsity does not automatically imply security. A large change concentrated in a few regions
can be easier to detect than a small change spread acrossmany. The governing quantity is the di-
vergence between the cover and stego distributions under the realized modification policy, not
the cardinality of the active set as such. Sparse routing improves the frontier only when the con-
troller correctly identifies high-capacity regions and respects per-region amplitude constraints;
the present architecture therefore treats sparsity as a learned allocation mechanism evaluated
under adversarial detection, not as a security guarantee in itself.

8.4 Capacity limitation

The capacity bound below requires a specific operational model of the channel induced by T ,
sinceL ≤ CT (B) as a statement about total bits per carrier object is dimensionally consistent but
is not itself a Shannon-type asymptotic rate statement, and T being a declareddistribution rather
than a fixed map admits more than one reading. Three readings are possible, with different
capacities in general: an averaged channel, in which both encoder and decoder know T and the
relevant object is the capacity of the channel obtained by averaging over T ∼ T ; a compound
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channel, in which some fixed but unknown T from the family is realized once and held fixed,
and reliable communication must hold uniformly over the family; and an adversarial channel,
in which T is chosen from the family by an adversary aware of the encoding strategy. Since
SRHS trains against sampled transformations drawn from a declared T , the averaged-channel
reading is the one directly justified by the training objective of Section 6; the compound and
adversarial readings are relevant to the active-warden and forensic-adversary cases of Section 10
and generally admit lower capacity than the averaged case.

Proposition 3 (Capacity bound). LetCT (B) denote the capacity, in bits per carrier use, of the channel
induced by transformations drawn from T under distortion budgetB, on whichever of the three readings
above is in force. For a sequence of payload lengths Ln encoded into carrier objects of size n, reliable
transmission in the standard asymptotic sense requires, subject to the qualifications of channel coding [1],

lim sup
n→∞

Ln
n

≤ CT (B),

equivalently, any fixed communication rate R used to encode the payload must satisfy R < CT (B) for
reliable decoding to be achievable as n grows.

Projection redundancy, recursion, and learned routing cannot violate this bound under any of
the three channel readings; their function is to move the achievable operating point closer to
CT (B) by using the available capacity more effectively, not to relax the bound itself. Reporting
in Section 9 should state which reading of T a given robustness curve corresponds to, since a
system evaluated only against the averaged channel has not been shown to survive the com-
pound or adversarial case.

9 Experiments

The first evaluation should use images, since cropping, recompression, scaling, blur, noise, and
color transformations provide controlled channels together with mature steganalysis baselines.
Later evaluations should test audio, video, and text separately, and success in one modality
must not be reported as evidence of modality-independent success.
The principal comparison holds cover distribution, payload length, key length, distortion bud-
get, training transformations, and compute reporting constant across conditions. Baselines
should include traditional transform-domain embedding, a strong one-pass learned encoder
in the style of existing deep steganography systems [5, 6], a dense recurrent encoder, and a
sparse non-recurrent encoder. SRHS itself must be evaluated at several payload rates and sev-
eral maximum recursion depths.
Primary outcomes are bit error rate after transformation, exact-message recovery rate, detec-
tor AUC, calibrated distortion, and encoding cost. A further outcome specific to the projection
stage is the empirical restricted gain γ(S) of Assumption 1, estimated as the minimum over
sampled codeword pairs and realized surviving sets S of the ratio ‖Pk,S(c̄a − c̄b)‖2/‖c̄a − c̄b‖2,
reported alongside the decoding margin threshold of Corollary 1 for the code actually in use.
This directly tests whether Assumption 1 holds at the operating point used elsewhere in the
evaluation, rather than being assumed to hold because the rest of the pipeline appears to work.
The same measurement, repeated across nested surviving sets of increasing size, also directly
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tests the monotonicity claim used in Section 8.1: γ(S) should be empirically non-decreasing as
S grows under simple row restriction, and a violation would indicate that the projection is not
being restricted by row deletion alone. Robustness curves should vary crop area and position,
compression severity, scaling factor, and compositions of transformations. Security evaluation
should include detectors seen during training, held-out architectures never seen during train-
ing, handcrafted rich-model detectors of the kind used in classical steganalysis [7], detectors
trained from scratch on frozen encoder outputs, and tests conducted under key reuse; report-
ing results only against the adversary used in training is not sufficient evidence of security.
The decisive ablations remove one component at a time: holographic projection, outer error cor-
rection, sparse routing, recurrent residual correction, view consistency, and adversarial security
training. A further control replaces adaptive routing with randomly selected regions matched
for sparsity and distortion; if adaptive sparse recursion performs genuine work, it should out-
perform this control most clearly under heterogeneous carrier damage. A separate control, spe-
cific to Proposition 2, holds the surrogate transformation T̃t fixed across all steps of a given
recursion versus resampling it independently at each step; the proposition predicts a measur-
able recursion-depth benefit only in the fixed, persistent case, so equal performance across both
conditions would indicate that the encoder is not in fact exploiting persistent carrier state.
Three preregistered hypotheses define success. First, at matched distortion and payload, SRHS
should lower transformed-channel bit error without increasing held-out detector AUC. Sec-
ond, partial-view recovery should degrade smoothly with retained evidence, consistent with
Proposition 1, and should outperform localized embedding at equal redundancy. Third, recur-
sion should improve the frontier beyond a parameter-matched one-pass model, consistent with
Proposition 2, while sparse routing should reduce modification support without concentrating
detectable artifacts.
Failure is equally informative and equally specified in advance. If gains disappear against detec-
tors not used in training, themethod has learned the training steganalyzers rather than stegano-
graphic security. If the projection helps only because it adds redundancy, a conventional code at
matched rate is sufficient and the holographic construction is unnecessary. If additional recur-
sion steps offer no gain after compute matching, adaptive revision is unnecessary. If robustness
is obtained only by exceeding the declared distortion budget, the central claim of the paper is
false.

10 Security Model and Misuse

Three observers are distinguished, extending the classical warden model of covert communica-
tion [2]. A passive warden attempts to decide whether a carrier contains a payload. An active
warden applies transformations intended to destroy hidden communication while preserving
ordinary utility of the carrier. A forensic adversary may collect many carriers, observe repeated
key use, choose messages adaptively, or train a detector directly against a deployed encoder.
SRHS is designed primarily for robust covert communication against passive and bounded ac-
tive wardens. It does not by itself provide payload confidentiality or authenticity; the payload
should be encrypted and authenticated prior to outer coding and projection. Learned indistin-
guishability from a trained detector ensemble is likewise not cryptographic security: empirical
detector failure is evidence relative to a declared adversary class, not proof against every possi-
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ble test.
The same capabilities that support covert communication also support legitimate provenance
marking, resilient metadata, synchronization signals, and ownership claims, and they can sup-
port malicious coordination or exfiltration. Responsible deployment should include rate con-
trols, explicit authorization for the carriers used, auditable key management, and evaluation by
independent steganalysts. Research reporting should distinguish defensive watermarking ap-
plications from covert-channel applications even where the two share underlying components.

11 Extensions

The architecture extends across carrier scales without altering its core structure. In video, mea-
surements can be dispersed over space, time, motion trajectories, and latent scene state, while
recursion revisits only frames or objectswhose rendered channels prove unreliable under the in-
ternal decode. In audio, routing can follow transient masking and spectral uncertainty. In text,
admissible edits are discrete and semantic constraints dominate; the projection can remain con-
tinuous internally, but realization requires a constrained generator and substantially stronger
distributional testing than is needed for continuous media.
A further extension treats the carrier not as a finished object but as the output of a generative
process. The payload can then influence choices among perceptually or semantically equiva-
lent continuations, such as texture variants, camera micro-motions, mesh tessellations, lexical
alternatives, or procedural seeds. The secret is encoded in a distributed pattern of otherwise
admissible generative choices, and sparse recursion selects only a few decision points per pass,
reevaluating recoverability after each rendering. This moves steganographic intervention up-
stream, from modifying a finished artifact to steering its construction.

12 Conclusion

Steganography has largely been posed as a placement problem: determine where to put a secret
while changing the carrier as little as possible. Sparse Recursive Holographic Steganography
poses a different problem: determine how to construct a distributed evidence field that remains
recoverable across partial observations, and then synthesize that field through a small number
of adaptive carrier interventions.
The architecture joins three components that are individually familiar but jointly consequential.
Error-correcting projection makes payload evidence global rather than local. Sparse routing
spends distortion where it carries the highest marginal value, in the sense of Section 5. Recur-
sive correction lets the encoder observe the realized channel response and revise its allocation
without increasing parameter count. None of these components removes the underlying limits
of channel capacity, detectability, or adversarial adaptation stated in Section 8. Jointly, they de-
fine a credible route toward a different point on the robustness-security frontier, contingent on
the experimental hypotheses of Section 9.
If those hypotheses hold under the specified ablations, the practical consequence extends be-
yond a new encoder architecture. Hidden information would no longer be identified with
particular altered carrier locations; it would become a recoverable property of the carrier as a

13



whole, weakly present in many views, strengthened by aggregation, andwritten through adap-
tive computation rather than fixed placement. The unit of steganographic design would then
shift from the secret bit to the secret field.

A Reference Algorithm

Input: cover x, messagem, key k, budget B, maximum depth R, active-set sizeK.

1. Encrypt and authenticatem; apply the outer error-correcting code.

2. Generate the keyed projection and compute the distributed measurements u.

3. Initialize y0 = x, residual r0 = u, remaining budget b0 = B.

4. For t = 0, . . . , R − 1: score all carrier regions; select at most K into the active set; propose
bounded revisions; project the result into the admissible distortion set; simulate channel
transformations; internally decode the projected measurements; update the residual and
budget; stop if robust confidence exceeds the threshold.

5. Return the final stego carrier y.

Decoding: extract noisy projectedmeasurements from the available carrier viewor views, apply
the keyed inverse module, aggregate evidence across views, decode the outer code, and verify
authentication before releasing the message.

B Minimal Reproducibility Standard

A credible report must release the exact train, validation, and test splits; the payload genera-
tion procedure; the transformation distributions; the distortion constraints; the key schedule;
the encoder and detector architectures; the detector retraining protocol; the stopping policy;
the random seeds; and complete robustness-detectability curves. Results must be reported at
matched payload and distortion across all compared systems. Compute should be reported
both per carrier and per successfully recovered payload bit. Negative results obtained under
unfamiliar steganalyzers and composed transformations must not be omitted from the report.
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