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Abstract—Multimodal models often fail when observations are incomplete or noisy, yet these degradations are usually addressed
separately. We view both as disruptions to cross-modal redundancy and introduce Decoupled-Adaptive Reconstruction (DAR) for
robust multimodal learning. DAR decomposes each modality into common and modality-specific representations using
mutual-information objectives, restores the common component from cross-modal evidence and the specific component from
intra-modal structure, and adaptively fuses restored and observed features according to reliability. Defined by information-flow roles
rather than network primitives, DAR supports attention–recurrent implementations for sequential inputs and lightweight feedforward
implementations for static features. We establish capacity-control and confounder-leakage bounds and derive a sufficient condition for
DAR to improve test-time risk over noise-augmented learning. Experiments cover six benchmarks: MOSI, MOSEI, and SIMS under
varying missing rates, and MVSA-Single, NYU Depth V2, and SUN RGB-D under Gaussian corruption. DAR achieves the strongest
overall robustness in both regimes. At the highest noise level on NYU Depth V2, it improves average and worst-case accuracy over the
strongest baseline by 6.17 and 8.23 percentage points, respectively. The results show that separating and restoring shared and
modality-specific information provides a transferable solution to heterogeneous multimodal corruption.

Index Terms—Multimodal learning, multimodal fusion, data corruption, missing modalities, noisy modalities, representation
disentanglement, adaptive reconstruction, mutual information.

✦

1 INTRODUCTION

MULTIMODAL learning integrates complementary in-
formation from language, vision, acoustics, depth

and other sensing modalities, enabling predictions that
cannot be reliably attained using only one modality. [1]–
[4]. Its applications span heterogeneous input structures.
In sequential tasks such as multimodal sentiment analysis
(MSA), linguistic, visual, and acoustic observations must
be modeled jointly over time. In static-feature tasks such
as image–text classification and RGB-D scene recognition,
each modality is commonly represented by a feature vector
extracted from a pretrained unimodal backbone. Despite
their architectural differences, most existing methods share
a fundamental assumption: all modalities are available and
sufficiently clean at both training and inference time.

1.1 A Unified View of Multimodal Corruption

The complete-and-clean assumption rarely holds in real-
world deployments. Modalities may be partially unavail-
able because of sensor failures, packet loss, dropped frames,
or missing tokens [5]–[7]. Even when a modality remains
available, its observations may be degraded by image blur,
ambient acoustic interference, recognition errors, or acquisi-
tion noise [8]–[11]. These degradations are usually studied
as two separate problems. Missing-modality methods recon-
struct unavailable features [5], [6], [12], [13], whereas noisy-
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Fig. 1. A unified view of multimodal corruption. One corruption operator
C of (3) turns a clean multimodal observation into a low-quality one.
Erasure removes part of an observation, such as a masked language
token or a dropped audio span, whereas noise distorts it, as in the per-
turbed audio span and the corrupted video frame. The two degradations
therefore differ only in how they damage the same underlying signal,
and both reduce the cross-modal redundancy on which fusion relies.

modality methods estimate modality quality or down-
weight unreliable predictions [8], [9], [14].

We argue that missingness and noise should instead be
viewed as different instances of a common data-corruption
process. An erasure removes part of an observation, whereas
additive or structured noise distorts it; both alter the ob-
servation associated with an underlying clean signal. More
importantly, both damage the cross-modal redundancy on
which multimodal fusion relies. A robust model must there-
fore determine which information is shared across modali-
ties, which information is specific to each modality, and how
these two types of information should be recovered from
corrupted observations. This unified perspective motivates
a common methodological treatment of missing and noisy
inputs rather than separate solutions for each corruption
type.
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1.2 Why Existing Solutions Fall Short

Direct feature-reconstruction methods provide an intuitive
way to recover missing observations, but they face three
limitations when applied to general multimodal corruption.

First, entangled representations encourage shortcut recon-
struction. Methods such as TFR-Net [5] and LNLN [6] learn
mappings from corrupted features to their clean counter-
parts without explicitly separating modality-common and
modality-specific information. Consequently, their recon-
struction networks may exploit incidental cross-modal cor-
relations that are predictive in the training data but unstable
under changes in corruption type or intensity. Such pseudo-
shared factors can be mistaken for genuine semantic redun-
dancy, leading to poor generalization at test time.

Second, reconstruction and prediction objectives may inter-
fere. Applying a reconstruction loss directly to the encoder
encourages corrupted and clean observations to have sim-
ilar representations. Although this constraint can improve
reconstruction accuracy, it may suppress task-discriminative
information and bias the encoder toward features that are
easy to reconstruct rather than features that are useful
for prediction. Our diagnostic and ablation results in Sec-
tions 3.5 and 5.4 empirically demonstrate this effect.

Third, existing solutions are often tied to a specific corruption
setting or input structure. Reconstruction models designed
for missing temporal sequences do not immediately trans-
fer to static image–text or RGB-D representations, while
quality-aware fusion methods for noisy modalities generally
reweight corrupted predictions without repairing the infor-
mation within each modality. It therefore remains unclear
whether their robustness arises from a general recovery
principle or from task-specific architectural choices.

1.3 Decoupled-Adaptive Reconstruction

To address these limitations, we propose Decoupled-
Adaptive Reconstruction (DAR), a unified framework for
multimodal learning under data corruptions. As illustrated
in Fig. 1, DAR organizes recovery into three stages: decouple,
restore, and reconstruct.

Decouple. For each modality, DAR decomposes the en-
coded representation into a modal-common component and
a modal-specific component. The common component is en-
couraged to preserve information shared by corresponding
observations from different modalities, whereas the specific
component retains information unique to its own modality.
DAR implements these constraints by maximizing cross-
modal mutual information between common representa-
tions using an InfoNCE lower bound and minimizing the
mutual information between common and specific repre-
sentations using CLUB [15].

Restore. DAR restores the two components according
to their distinct information sources. The modal-common
component is recovered from cross-modal evidence because
shared semantic information may remain observable in
other modalities. The modal-specific component is recov-
ered primarily from intra-modal structure because it cannot
be inferred directly from shared information alone. A self-
regression objective anchors both components to the original
feature manifold and prevents arbitrary decompositions.

Reconstruct. An adaptive gate combines the restored
components with the directly encoded observations ac-
cording to their estimated reliability. This mechanism pre-
serves trustworthy evidence while replacing information
that has been severely corrupted. During training, a boot-
strap branch constructed from clean features provides task-
level supervision without forcing the corrupted encoder
representation itself to reproduce the clean input, thereby
reducing the interference between reconstruction and pre-
diction objectives.

The same pipeline applies to both missing and noisy
inputs. Missingness is modeled as an erasure of part of the
observation, while noise is modeled as a distortion of that
observation. In either case, DAR exposes stable cross-modal
redundancy through the common representation, preserves
modality-dependent evidence through the specific repre-
sentation, and adaptively reconstructs the representation
required by the downstream task.

DAR is also defined by the information-flow role of each
component rather than by a fixed neural architecture. For
sequential inputs, the aggregation and restoration opera-
tions are implemented using temporal self-attention, cross-
attention, and recurrent estimators. For static feature vec-
tors, the same roles are implemented using lightweight
feedforward networks. Both realizations optimize the same
learning objectives. This design allows us to test whether
robustness originates from the decouple–restore–reconstruct
principle itself rather than from a particular attention or
fusion architecture (Section 4.5).

Beyond the model design, we analyze why explicit de-
coupling improves generalization under corruption. Under
a latent-factor model containing stable common factors,
modality-specific factors, and pseudo-shared confounders,
we show that the mutual-information constraints control
the capacity of the effective hypothesis class (Theorem 1).
We further characterize two leakage paths through which a
non-decoupled model can allocate representational capacity
to a pseudo-shared confounder and show that DAR bounds
this leakage (Theorem 2). Combining these results yields a
sufficient condition under which DAR attains lower test risk
than conventional noise-augmented learning (Theorem 3).
Because the analysis is formulated through a general corrup-
tion operator, it applies to both erasure-based missingness
and noise-based distortion.

1.4 Contributions

The main contributions of this work are threefold.

• First, we propose Decoupled-Adaptive Reconstruc-
tion (DAR), which unifies missing and noisy mul-
timodal observations through a decouple–restore–
reconstruct framework. Defined by information-flow
roles rather than specific network architectures, DAR
supports both attention–recurrent and feedforward
implementations with a shared training objective.

• Second, we derive a generalization analysis of DAR
comprising three theorems: capacity control showing
that the structural constraints never enlarge the hy-
pothesis class (Theorem 1), a two-channel shortcut-
sensitivity bound limiting how strongly the learned
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representation can depend on pseudo-shared nui-
sance factors (Theorem 2), and a sufficient condition
under which the avoided shortcut sensitivity out-
weighs the fitting and estimation costs, so that DAR
achieves strictly lower test risk under corruption
shift (Theorem 3).

• Third, we evaluate DAR on six benchmarks covering
sequential and static multimodal inputs under miss-
ingness and Gaussian noise. DAR achieves strong
overall robustness, including gains of 6.17 and 8.23
percentage points in average and worst-case accu-
racy, respectively, on NYU Depth V2 under severe
noise.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 presents the theo-
retical formulation and analysis. Section 4 describes DAR
and its two reference implementations. Section 5 reports the
experimental results. Section 6 concludes the paper.

2 RELATED WORK

Research related to DAR can be grouped into three di-
rections: robust multimodal learning with missing obser-
vations, quality-aware learning with noisy modalities, and
shared–specific multimodal representation learning.

2.1 Robust Multimodal Learning with Missing Observa-
tions
Conventional multimodal methods typically learn joint rep-
resentations by modeling intra- and inter-modal interac-
tions. Representative approaches include tensor-based fu-
sion [16], cross-modal Transformers [17], [18], modality
translation and alignment [19], [20], and auxiliary unimodal
supervision [21]. Although effective when all modalities
are available, these methods generally assume complete
observations and may degrade substantially when modality
features are partially or entirely missing.

Recent studies explicitly improve robustness to incom-
plete multimodal data. This direction can be traced back to
denoising autoencoders, which learn useful representations
by reconstructing clean signals from corrupted inputs [22].
In the multimodal setting, SMIL [23] handles severely
missing modalities through Bayesian meta-learning, and
MMIN [12] imagines the representations of absent modal-
ities with cascaded residual autoencoders. TFR-Net [5] re-
constructs randomly missing elements in unaligned multi-
modal sequences through intra- and inter-modal attention.
GCNet [7] completes missing modalities in conversational
data with speaker- and temporal-aware graph neural net-
works. UMDF [24] employs self-distillation and dynamic
feature integration to handle uncertain missing modalities,
whereas LNLN [6] uses language as the dominant modality
to guide the recovery of incomplete observations. Other ap-
proaches introduce adversarial training or robust represen-
tation learning to reduce sensitivity to corrupted inputs [13],
adapt pretrained multimodal networks to different missing-
modality configurations with a small number of learnable
parameters [25], or improve the inherent robustness of
multimodal Transformers through multi-task optimization
and fusion-strategy search [26]. Closely related studies on

incomplete multi-view learning recover unobserved views
through structured joint embeddings [27] or by coupling
mutual-information-based consistency learning with dual
prediction [28].

Despite their effectiveness, these methods generally
learn either a direct mapping from incomplete to com-
plete features or a corruption-invariant joint representation.
Consequently, modality-common information that can be
recovered from other modalities and modality-specific in-
formation that must be inferred within its own modality
remain entangled. DAR addresses this limitation by explic-
itly separating the two information sources and assigning
them structurally different restoration mechanisms.

2.2 Quality-Aware Learning with Noisy Modalities
Another line of research adapts multimodal learning to
heterogeneous modality quality. M3ER [10] uses metric
learning and canonical correlation analysis to identify un-
reliable modalities. Noise-imitation adversarial training [13]
improves representation robustness by exposing the model
to generated corruptions during training. Trusted Multi-
modal Classification (TMC) [14] combines modality-specific
evidence through Dempster–Shafer theory and was later ex-
tended with dynamic evidential fusion [29], while QMF [8]
estimates modality quality to regulate multimodal optimiza-
tion and fusion. DynMM [30] dynamically controls modality
participation, and PDF [9] provides confidence-aware dy-
namic fusion for low-quality multimodal observations.

These approaches mainly improve robustness by sup-
pressing, reweighting, or routing unreliable modality in-
formation. However, downweighting a corrupted modality
may also discard task-relevant content that remains recov-
erable, especially when corruption affects only part of its
representation. In contrast, DAR restores the latent common
and specific components before fusion and then adaptively
combines the observed and restored representations. Thus,
it exploits the usable information within a corrupted modal-
ity instead of treating that modality as entirely unreliable.

2.3 Shared–Specific Multimodal Representation Learn-
ing
Multimodal observations contain both redundant infor-
mation shared across modalities and complementary in-
formation unique to each modality. Explicitly separating
these components has therefore become an important strat-
egy for reducing modality heterogeneity [31]. An early
factorized model [32] decomposes multimodal representa-
tions into multimodal discriminative factors and modality-
specific generative factors. MISA [33] projects each modal-
ity into modality-invariant and modality-specific subspaces
and aligns the invariant representations across modalities.
Decoupled multimodal distillation [34] exploits shared and
private representations for cross-modal knowledge transfer.
ConFEDE [35] uses contrastive feature decomposition to
capture similarity and discrepancy across modalities, while
multimodal unified representation learning [36] adopts
information-theoretic objectives to improve cross-modal
generalization. ShaSpec [37] further shows that modeling
shared and specific features can compensate for missing
modalities in classification and segmentation tasks.
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DAR builds on this shared–specific representation per-
spective but differs in both objective and use of the resulting
factors. Specifically, DAR uses an InfoNCE lower bound [38]
to preserve cross-modal information in the common repre-
sentations and a CLUB upper bound [15] to reduce depen-
dence between common and specific representations within
each modality. A self-regression constraint further prevents
information loss during decomposition. More importantly,
the decoupled factors are not used only for fusion or regu-
larization: common factors are restored from cross-modal
redundancy, whereas specific factors are recovered from
intra-modal structure. This structured restoration enables
DAR to handle missingness and noise within a unified
decouple–restore–reconstruct framework.

3 THEORETICAL ANALYSIS AND SYNTHETIC VAL-
IDATION

This section asks why the structural constraints imposed by
DAR can improve robustness beyond training an unstructured
model on corrupted observations, focusing on the practically
relevant setting in which the corruption statistics encoun-
tered at test time differ from those seen during training.
Our analysis separates stable semantic factors, which generate
the clean multimodal signal, from environment-dependent
pseudo-shared factors, which may appear correlated across
modalities during training and can therefore be exploited
as shortcuts, but whose cross-modal relationships need not
persist in a new corruption environment. An unconstrained
corruption-augmented model can fit both types of infor-
mation, whereas DAR restricts how much pseudo-shared
information its common and specific channels can encode
simultaneously.

The analysis proceeds in three steps: the mutual-
information constraints of DAR define a restricted hypothe-
sis class and therefore do not increase statistical complexity
(Theorem 1); under an explicit two-channel coupling condi-
tion, DAR’s sensitivity to pseudo-shared factors is bounded
(Theorem 2); and this reduced sensitivity outweighs the
induced fitting and estimation costs under an explicit suf-
ficient condition (Theorem 3). A controlled synthetic study
with known common, specific, and pseudo-shared factors
then tests the observable predictions of the analysis (Sec-
tion 3.5).

3.1 Problem Setup: Stable Semantics and
Environment-Dependent Corruption

Stable semantic factors. Let M denote a finite set of
modalities. For each m ∈ M, the clean semantic feature
is generated as

x⋆
m = A(m)

c zc +A(m)
s φ

(
z(m)
s

)
+ εm, (1)

where zc ∈ Rdc is a stable factor shared across modalities,
z
(m)
s ∈ Rds is specific to modality m, φ is a nonlinear trans-

formation, and εm denotes irreducible observation noise.
The shared and specific factors together contain the seman-
tic information that should be preserved by reconstruction.
Pseudo-shared corruption factors. In addition to the
semantic factors, multimodal observations may contain

an environment-dependent factor that appears correlated
across modalities. We model this factor as

z(m,e)
p = B(e)

m zbasep + ρνm, (2)

where e ∈ {tr, te} indexes the training and test environ-
ments, zbasep is a common nuisance source, νm is an indepen-
dent modality-specific perturbation, and B

(e)
m determines

how the nuisance enters modality m in environment e.
When the matrices {B(tr)

m }m are similar, the nuisance ap-
pears strongly correlated across modalities during training.
Changes in these matrices at test time, such as sign changes,
permutations, or changes in magnitude, weaken or reverse
this correlation.

Unlike zc, the factor z(m,e)
p is not part of the clean seman-

tic target in (1). It represents recording conditions, sensor
artifacts, mask patterns, or environmental disturbances that
may provide an easy but unstable reconstruction shortcut.
Unified corruption operator. The corrupted observation in
environment e is written as

x̃(e)
m = T (e)

m

(
x⋆
m, ξ(e)m , z(m,e)

p

)
, (3)

where ξ
(e)
m contains the remaining stochastic corruption

variables. For local analysis, the operator can be represented
as

x̃(e)
m = Cm

(
ξ(e)m

)
x⋆
m +A(m)

p z(m,e)
p + ω(e)

m . (4)

For missing observations, Cm(ξm) = diag(ξm) with a binary
mask ξm, whereas for additive corruption Cm(ξm) = I and
ω
(e)
m contains the modality-specific noise.

Although z
(m,e)
p enters through a single mixing matrix

A
(m)
p , its effect generally overlaps both the common and

specific semantic subspaces. Let Π(m)
c and Π

(m)
s denote the

corresponding orthogonal projections. The two observable
nuisance channels are

A(m)
p,c = Π(m)

c A(m)
p , (5)

A(m)
p,s = Π(m)

s A(m)
p .

The first channel can be mistaken for cross-modal se-
mantic redundancy, whereas the second can be absorbed
as modality-specific information. This two-channel overlap
motivates the common–specific constraints used by DAR.
Reconstruction risk. Let

f : (x̃m)m∈M 7→ (x̂m)m∈M

be a reconstruction map. Its population risk in environment
e is

Re(f) = EPe

∑
m∈M

∥∥∥fm(x̃(e))− x⋆
m

∥∥∥2
2
. (6)

The corresponding empirical training risk is

R̂n(f) =
1

n

n∑
i=1

∑
m∈M

∥∥∥fm(x̃(i,tr))− x⋆(i)
m

∥∥∥2
2
. (7)

The theory below analyzes reconstruction risk. If the down-
stream predictor and its loss are Lipschitz, the resulting
reconstruction-risk bounds transfer directly to downstream
prediction risk up to the corresponding Lipschitz constants.
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3.2 Structured and Unstructured Hypothesis Classes
We compare DAR with an unstructured model trained on
samples generated by the same corruption process used for
DAR during training.

Definition 1 (Corruption-augmented hypothesis class). Let
Haug be the class of admissible reconstruction maps with bounded
parameters and Lipschitz constant:

Haug = {fθ : ∥θ∥ ≤ B, fθ Lf -Lipschitz} . (8)

Its empirical minimizer is

f̂aug ∈ arg min
f∈Haug

R̂n(f). (9)

The class Haug makes no distinction between common
and specific information. It is sufficiently expressive to in-
clude structured solutions, but empirical risk minimization
does not explicitly discourage solutions that rely on pseudo-
shared factors.

Definition 2 (DAR hypothesis class). The DAR class is the
subset of Haug admitting modality-wise common and specific
encoders:

HDAR =
{
f ∈ Haug :

f(x̃) = D
(
{E(m)

c (x̃m), E(m)
s (x̃m)}m

)
,

Itr
(
E(m)

c ;E(m)
s

)
≤ εd ∀m,

Itr
(
E(m)

c ;E(m′)
c

)
≥ εs ∀m ̸= m′

}
. (10)

Its empirical minimizer is denoted by

f̂DAR ∈ arg min
f∈HDAR

R̂n(f).

The first constraint reduces dependence between the
common and specific channels within each modality,
whereas the second preserves cross-modal semantic consis-
tency. Throughout, Itr(E

(m)
c ;E

(m)
s ) abbreviates the mutual

information between the outputs E
(m)
c (x̃m) and E

(m)
s (x̃m)

under the training corruption distribution, and similarly for
Itr(E

(m)
c ;E

(m′)
c ). By construction,

HDAR ⊆ Haug. (11)

Consequently, the unstructured class can achieve no larger
empirical training error:

∆̂n := R̂n(f̂DAR)− R̂n(f̂aug) ≥ 0. (12)

The quantity ∆̂n is the empirical fitting price paid for the
structural constraints. The purpose of the analysis is to de-
termine when this price is offset by improved generalization
and lower sensitivity to corruption shift.

3.3 Assumptions
Assumption 1 (Regularity). The latent variables are sub-
Gaussian, all mixing matrices have bounded operator norm, and
the outputs of the encoders and decoder lie in bounded sets. The
reconstruction loss is bounded by Mℓ and is Lℓ-Lipschitz with
respect to the reconstructed output.

Assumption 2 (Stable semantic identifiability). The shared
factor zc and the modality-specific factors {z(m)

s }m are invariant

across corruption environments. Moreover, zc is the only factor
that is simultaneously shared across modalities and stable across
the training corruption environments. The residual error in iden-
tifying this stable common subspace is bounded by ηs ≥ 0.

To formulate the two-channel condition, define the aver-
age nuisance sensitivities of the two encoders as

λ(m)2
p,c = E

∥∥∥∂zpE(m)
c (x̃m)

∥∥∥2
F
, (13)

λ(m)2
p,s = E

∥∥∥∂zpE(m)
s (x̃m)

∥∥∥2
F
.

Assumption 3 (Balanced two-channel coupling). For the
pseudo-shared factors considered in the analysis, both projected
paths in (5) are non-degenerate. There exist constants acp, a

s
p > 0

such that

Itr
(
E(m)

c ;E(m)
s

)
≥ acpλ

(m)2
p,c + aspλ

(m)2
p,s . (14)

The same sensitivity bounds hold along the interpolation between
the training and test nuisance distributions.

Assumption 3 is an explicit structural condition rather
than a generic consequence of mutual-information mini-
mization: common–specific independence alone cannot pre-
vent a nuisance factor from entering only one encoder. It
therefore restricts attention to the two-channel regime in
which the same pseudo-shared factor excites both common-
aligned and specific-aligned directions. A linear-Gaussian
setting in which (14) holds with explicit constants, together
with specializations of the corruption model to the noise and
missing regimes, is provided in the supplementary material.
Let

amin
p = min{acp, asp}.

Assumption 4 (Shortcut-aligned corruption shift). Let Qtr
p

and Qte
p denote the joint distributions of the pseudo-shared factors

in the two environments, and define

Dp = W2

(
Qtr

p , Q
te
p

)
, (15)

where W2 denotes the 2-Wasserstein distance. For the learned
corruption-augmented solution, the change in the pseudo-shared
factor increases risk by at least

Rte(f̂aug)−Rtr(f̂aug) ≥ bpDp − Ωξ, (16)

where bp > 0 measures shortcut use and its alignment with the
test shift, and Ωξ bounds the effect of changes in the remaining
independent corruption variables.

Assumption 4 does not state that every unstructured
model must use a shortcut. Instead, it characterizes the
regime in which the learned baseline has exploited a
pseudo-shared training correlation that becomes unreliable
at test time. This property can be tested through controlled
interventions on zp, as in Section 3.5.

3.4 Generalization Analysis
3.4.1 Capacity Control by Structural Constraints
Let ℓ ◦ H denote the loss class induced by a reconstruction
class H.

Theorem 1 (Capacity control). Under Assumption 1,

R̂n (ℓ ◦ HDAR) ≤ R̂n (ℓ ◦ Haug) . (17)



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 6

Furthermore, with probability at least 1 − δ, every f ∈ HDAR

satisfies

Rtr(f) ≤ R̂n(f)+ 2R̂n (ℓ ◦ HDAR)+ 3Mℓ

√
log(2/δ)

2n
. (18)

Proof. The class inclusion in (11) implies ℓ◦HDAR ⊆ ℓ◦Haug.
Rademacher complexity is monotone under set inclusion,
which gives (17). Eq. (18) then follows from the stan-
dard Rademacher generalization inequality for bounded
losses [39].

Interpretation. Theorem 1 does not claim that the con-
straints always yield a strictly smaller realized complexity;
it establishes the more fundamental fact that the DAR struc-
ture cannot enlarge the hypothesis class. DAR thus trades
a possible increase in empirical fitting error ∆̂n for a class
with no larger estimation complexity.

For subsequent results, define

En(H, δ) = 2R̂n(ℓ ◦ H) + 3Mℓ

√
log(4/δ)

2n
. (19)

3.4.2 Sensitivity to Pseudo-Shared Shortcuts

The second result characterizes the mechanism by which
DAR reduces sensitivity to pseudo-shared factors.

Theorem 2 (Two-channel shortcut-sensitivity bound). Under
Assumptions 1–3, every f ∈ HDAR satisfies∑

m∈M

(
λ(m)2
p,c + λ(m)2

p,s

)
≤ |M|εd

amin
p

. (20)

If the decoder D is LD-Lipschitz, the sensitivity of the recon-
structed output to the pseudo-shared factor is bounded by

Sp(f) ≤ LD|M|
√

2εd
amin
p

+ ηs︸ ︷︷ ︸
ΛDAR

, (21)

where

Sp(f) =
(
E
∥∥∂zpf(x̃)∥∥2F)1/2 .

Consequently,

Rte(f)−Rtr(f) ≤ LℓΛDARDp +Ωξ. (22)

Proof. Combining the DAR constraint Itr(E
(m)
c ;E

(m)
s ) ≤ εd

with Assumption 3, and using amin
p ≤ min{acp, asp}, gives

amin
p

(
λ(m)2
p,c + λ(m)2

p,s

)
≤ acpλ

(m)2
p,c + aspλ

(m)2
p,s ≤ εd

for every modality. Summing over m yields (20).
The decoder receives both encoder outputs from all

modalities. Applying the chain rule and the Lipschitz bound
on D, and adding the residual ηs of Assumption 2 for the
imperfectly identified stable common subspace, gives

Sp(f) ≤ LD

∑
m∈M

(
λ(m)
p,c + λ(m)

p,s

)
+ ηs.

The sum contains 2|M| non-negative terms, so Cauchy–
Schwarz followed by (20) bounds it as

∑
m∈M

(
λ(m)
p,c + λ(m)

p,s

)
≤
√
2|M|

( ∑
m∈M

(
λ(m)2
p,c + λ(m)2

p,s

))1/2

≤ |M|
√

2εd
amin
p

,

which gives (21). Finally, coupling the training and test
pseudo-shared distributions and applying the Lipschitz
property of the loss bounds their risk difference by
LℓSp(f)Dp. Changes in the remaining corruption variables
contribute at most Ωξ , yielding (22).

Interpretation. A smaller decoupling budget εd reduces
the amount of pseudo-shared information that can jointly
occupy the common and specific channels, a larger two-
channel margin amin

p makes the nuisance easier to detect
through common–specific dependence, and ηs accounts for
imperfect identification of the stable common subspace. Im-
portantly, the theorem bounds the sensitivity of the learned
representation rather than claiming that the larger unstruc-
tured class has a worse population optimum: the advantage
arises when the empirical unstructured solution relies on a
correlation that the test environment changes.

3.4.3 Sufficient Condition for Improved Test Risk
We now combine the empirical fitting gap, estimation com-
plexity, and shortcut-shift terms.

Theorem 3 (DAR versus corruption-augmented learning).
Let f̂DAR and f̂aug be the empirical minimizers defined above.
Under Assumptions 1–4, with probability at least 1− δ,

Rte(f̂DAR)−Rte(f̂aug)

≤ ∆̂n + En (HDAR, δ) + En (Haug, δ)

− (bp − LℓΛDAR)Dp + 2Ωξ. (23)

Therefore, DAR achieves strictly lower test risk whenever

(bp − LℓΛDAR)Dp > ∆̂n + En (HDAR, δ)

+ En (Haug, δ) + 2Ωξ. (24)

Proof. Add and subtract the two training-environment risks:

Rte(f̂DAR)−Rte(f̂aug) = Rtr(f̂DAR)−Rtr(f̂aug)

+
[
Rte(f̂DAR)−Rtr(f̂DAR)

]
−
[
Rte(f̂aug)−Rtr(f̂aug)

]
.

Uniform convergence over the two classes and a union
bound give

Rtr(f̂DAR)−Rtr(f̂aug) ≤ ∆̂n + En(HDAR, δ)

+ En(Haug, δ).

Theorem 2 upper-bounds the shift penalty of DAR by
LℓΛDARDp + Ωξ , whereas Assumption 4 lower-bounds
the shift penalty of the learned augmented baseline by
bpDp−Ωξ . Combining the three inequalities gives (23). Con-
dition (24) makes its right-hand side strictly negative.
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Interpretation. Theorem 3 exposes the complete trade-off:
DAR may sacrifice training fit through ∆̂n, but pays no
larger statistical complexity and has lower pseudo-shared
sensitivity when ΛDAR is small, so its advantage becomes
visible once the shortcut penalty avoided at test time ex-
ceeds the fitting, estimation, and residual-corruption terms.

Corollary 1 (Increasing corruption shift). Fix the learned mod-
els, sample size, and decoupling parameters. If bp > LℓΛDAR,
then the right-hand side of (23) decreases as Dp increases.
Consequently, once the corruption shift exceeds

Dp >
∆̂n + En(HDAR, δ) + En(Haug, δ) + 2Ωξ

bp − LℓΛDAR
, (25)

DAR has lower test risk with probability at least 1− δ.

This result provides a theoretical interpretation of the
empirical trend that DAR’s advantage is often more pro-
nounced under severe corruption: stronger corruption can
increase the instability of the shortcut used by an unstruc-
tured model, while DAR’s leakage budget remains con-
trolled by εd and amin

p .

Remark 1 (Unified low-quality observations). The analysis
applies to both missingness and additive noise through the
operator in (3). For missing observations, Dp can represent
a change in content-dependent mask correlations, while
Ωξ captures independent changes in the missing rate. For
noisy observations, Dp describes changes in cross-modal
environmental or sensor artifacts, and Ωξ captures changes
in independent noise magnitude. The benefit of DAR is
therefore associated with the same structural principle in
both cases: stable common information is recovered across
modalities, whereas modality-specific information is recov-
ered within its own modality.

3.5 Synthetic Validation of Observable Predictions

The quantities appearing above — semantic factors, pseudo-
shared factors, and corruption shift — cannot be observed
directly in real datasets. We therefore construct a controlled
synthetic benchmark in which they are known by design,
with the aim of testing the observable predictions of the anal-
ysis rather than numerically estimating the Rademacher-
complexity terms or theorem constants.
Synthetic generative process. We instantiate (1) with three
modalities {xl, xv, xa} and omit the temporal dimension.
The common factor zc is sampled from a Gaussian mixture,
and each modality-specific factor z

(m)
s is sampled inde-

pendently from a modality-dependent Gaussian mixture
and passed through tanh. During training the pseudo-
shared factors are strongly correlated across modalities,
z
(m,tr)
p = zbasep + ρνm; at test time this correlation is

deliberately altered by sign-flipping the nuisance in one
modality and cyclically permuting it in another, producing
a controlled corruption shift with Dp > 0 while leaving
the semantic factors unchanged. Corruption is applied as
x̃m = xm ⊙ maskm, where the probability of masking a
feature depends on ∥z(m)

s ∥ and contiguous dimensions are
masked together, so that the observations combine missing-
not-at-random and block missingness with a pseudo-shared
shortcut whose cross-modal behavior changes at test time.

Fig. 2. Test reconstruction error on missing entries. Decouple achieves
lower and more stable MSEmiss than Direct under the controlled
pseudo-shared corruption shift.

Fig. 3. MINE-based estimate of common–specific dependence during
training. The estimate is used as a diagnostic proxy rather than a direct
numerical estimate of the theoretical leakage bound.

Compared methods and evaluation. Direct concatenates
the corrupted modalities and their masks and uses an
MLP to reconstruct the clean semantic features. Decouple
implements the DAR principle by encoding every modality
into common and specific channels, aligning common rep-
resentations across modalities, reducing common–specific
dependence, and restoring the two components through
structurally distinct heads; the complete architecture is in-
troduced in Section 4. The primary metric is the reconstruc-
tion error computed only on missing entries,

MSEmiss =

∑
m

∑
i(1−maskm,i)∥x̂m,i − x⋆

m,i∥22∑
m

∑
i(1−maskm,i)

, (26)

and we additionally track a MINE-based estimate of
I(H̃com; H̃spec) during training as a diagnostic proxy for
the decoupling budget εd.
Results. Fig. 2 shows that Decouple attains consistently
lower missing-entry reconstruction error than Direct, with
a more stable late-stage trajectory. Because the semantic fac-
tors are held fixed while only the pseudo-shared correlation
is changed, this is precisely the trade-off described by Theo-
rem 3: the structured model pays a modest fitting cost but is
markedly less sensitive to the unstable cross-modal shortcut.
The MINE estimate in Fig. 3 first increases, as the variational
estimator begins to identify statistical dependence, and then
decreases as the decoupling objective takes effect. Since
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MINE is itself a learned estimator, its absolute value should
not be interpreted as the quantity in (14); the declining late-
stage trend nevertheless provides diagnostic evidence that
common–specific dependence is being suppressed during
optimization, which is the mechanism formalized by Theo-
rem 2. These results should be read as controlled empirical
evidence for the proposed mechanism rather than as direct
numerical verification of the theoretical complexity bounds.

4 THE DAR FRAMEWORK

Guided by the analysis of Section 3, we now instantiate
the decouple–restore–reconstruct principle as a concrete
learning framework, Decoupled-Adaptive Reconstruction
(DAR).

Relation to the preliminary version. A first version
of DAR was introduced in [40], developed for a single
setting: sequential multimodal sentiment analysis under
random modality missingness, realized by a fixed attention-
based network. That pipeline is retained here as one special
case, and the components inherited from it — the two-
branch encoder, the InfoNCE/CLUB decoupling objective,
the two restoration heads, and the gated output module
— are described only to the level of detail needed for self-
containment, with derivations and implementation details
left to [40]. New in this section are (i) a formulation over
the unified corruption operator (3), so that missingness and
noise are processed by one pipeline instead of two; (ii) a
specification of every module by its information-flow role
— which representations it consumes and produces, and
which constraint it must satisfy — rather than by a network
type, which is what allows the DAR hypothesis class of
Definition 2 to be realized by different architectures; and
(iii) two reference instantiations of these roles (Section 4.5), a
sequential one for the sequence benchmarks and a static feed-
forward one for the static-feature benchmarks. Self-attention
is therefore one possible realization of an aggregation role,
not a defining ingredient of DAR.

Fig. 4 summarizes the resulting pipeline: a unified low-
quality input (Section 4.1) is decoupled following the struc-
tural prior of Theorem 2 (Section 4.2), restored by two heads
that exploit different information sources (Section 4.3), and
reconstructed by gated fusion (Section 4.4).

4.1 Problem Setup and Unified Corruption

Let M denote the set of modalities and y the target, either
categorical (y ∈ RC ) or continuous (y ∈ R). Two input
regimes share the same pipeline. For sequential inputs, each
modality is a temporal sequence Um ∈ RTm×dm , as in
the language, visual, and acoustic streams of multimodal
sentiment analysis (M = {l, v, a}); for static inputs, each
modality is a single feature vector Um ∈ Rdm from a pre-
trained unimodal backbone, as in image–text classification
or RGB-D scene recognition (M = {rgb,depth}). The static
regime is the Tm = 1 special case of the sequential one, so
we keep the sequence notation throughout and read every
time-dimension operation as the identity when Tm = 1.

Following the unified corruption operator of (3), the low-
quality input Ũm is produced by one of two training-time
scenarios that share the same downstream pipeline. Under

missing-corruption, a proportion k ∈ [0, 0.9] of the entries
of each modality is randomly masked; numerical features
are zero-filled and language masks are filled with [UNK]
tokens. Under noise-corruption, zero-mean Gaussian noise of
standard deviation σ is added to numerical features, while
text undergoes blank-token replacement. Both scenarios
preserve the shape of Um; the clean Um is used only for
supervision during training, and at inference only Ũm is
available. A modality alignment layer — a 1D-convolution
followed by a non-linear projection for sequential inputs,
a non-linear projection for static inputs — then maps all
modalities to a common shape, yielding U1

m, Ũ1
m ∈ Rt×d.

4.2 Stage 1: Decouple Module

Two parallel encoders factorize each modality into a modal-
common component and a modal-specific component,

H̃com
m = Ec

(
Ũ1

m; θcm
)
, H̃spec

m = Es

(
Ũ1

m; θsm
)
, (27)

and the same encoders applied to U1
m produce the supervi-

sory targets Hcom
m ,Hspec

m . Following Theorem 2, the factor-
ization should drive I(H̃com

m ; H̃spec
m ) → 0 while maximizing

cross-modal common similarity and within-modal specific
similarity, which we implement through the composite ob-
jective

Ldecouple = λ(Lsim + Ldiff) + Lre. (28)

Mutual-information bounds. As in [40], the two
mutual-information terms are estimated by a variational
lower and upper bound respectively. Writing s(z, z′) =
exp(sim(z, z′)/τ) for the cosine similarity with temperature
τ , and taking the positive set P and negative set N of Fig. 5,
the similarity term is the InfoNCE [38] lower bound

Lsim = − 1

|P|
∑

(z1,z2)∈P

log
s(z1, z2)∑

(z1,zi)∈N s(z1, zi)
, (29)

computed separately for the two factorizations of Fig. 5
and summed, Lsim = Lcom

sim + Lspec
sim . Sequence inputs are

pooled along the time axis into a single vector z ∈ Rd

before the similarity is evaluated; for static inputs (t = 1)
this pooling is the identity. The dissimilarity term minimizes
I(H̃com

m ; H̃spec
m ) through the CLUB upper bound [15],

Ldiff =
1

N

N∑
i=1

log qθ
(
H̃com

m,i

∣∣H̃spec
m,i

)
− 1

N2

N∑
i,j=1

log qθ
(
H̃com

m,i

∣∣H̃spec
m,j

)
, (30)

where the variational network qθ approximates p(H̃com
m |

H̃spec
m ) and is trained alternately with the main network. Its

parameterization is a role, not a fixed choice, and follows
Table 1.

Self-regression anchor. The MI constraints alone admit
degenerate solutions that discard information about U1

m.
We therefore anchor the decomposition by regressing each
modality from the other modalities’ common features to-
gether with its own specific feature,

Lm
re =

∥∥∥Ũ1
m −Dm

(
Concat

(
{H̃com

m′ }m′ ̸=m, H̃spec
m

))∥∥∥2
F
, (31)



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 9

1 Decouple 2 Reconstruct 3 Fusion-output

Factorize representations into common and specific
Recover clean components from corrupted inputs via 

redundancy
Adaptively fuse clean features for 

prediction

x(1)

x(2)

x(3)

x(N)
⋮

E(1)

E(2)

E(3)

E(N)

⋮

H
c
(1)

H
s
(1)

H
c
(2)

H
s
(2)

H
c
(3)

H
s
(3)

H
c
(N)

H
s
(N)

⋮

Cross-modal redundancy (common channel)

H
c
(1)

H
c
(k)

H
c
(N)

⋮

Common
Restorer

R
c

H̃
c
(1)

H̃
c
(2)

H̃
c
(N)

⋮

Specific Restorer
R

s
(k)

Intra-modal consistency (specific channel)

H
s
(k) Specific Restorer

R
s
(k)

H̃
s
(k)

Specific Restorer
R

s
(k)

H̃
s
(k)

H
s
(k) H̃

s
(k)

⋮

r(k) (reliability)

H̃
c
(1)

H̃
s
(1)

Gating
G(1)
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Fig. 4. Overall architecture of DAR on N modalities. The corruption operator C of (3) maps every modality to a low-quality input x(k): blank cells are
intact entries, hatched cells are erased entries, and solid gray cells are noise-perturbed entries. Stage 1 splits x(k) into a modal-common feature
H

(k)
c (dashed orange) and a modal-specific feature H

(k)
s (dashed blue); stage 2 repairs the two channels separately, the common restorer Rc

drawing on all modalities and each specific restorer R(k)
s on its own modality alone; stage 3 applies the reliability-driven gate G(k) and feeds the

fused feature Ĥ(k) to the prediction head. Table 1 lists the two realizations of each role-defined module. The figure writes H
(k)
c , H

(k)
s , H̃(k)

c , H̃
(k)
s ,

and Ĥ(k) for H̃com
m , H̃spec

m , Ĥcom
m , Ĥspec

m , and Hfused,m of the text.
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Fig. 5. The decouple module and its positive (P) / negative (N) pairs, shown for M = {l, a, v} and two instances i, j of a batch. For the common
channel, positives are common features of different modalities from the same instance and negatives come from different instances; for the specific
channel, positives are specific features of the same modality across instances and negatives come from different modalities. Both panels operate
on the corrupted branch.

with Lre =
∑

m∈M Lm
re . This directly encodes the redun-

dancy property of the generative model of Section 3.1: what
is shared must be recoverable from the other modalities, and
what is not must be carried by the specific channel.

4.3 Stage 2: Restore Module

The restore module predicts what the decoupled representa-
tions of a corrupted input would have been on the clean input.
The two channels have different information sources —
common features are shared and therefore remain partially
observable in other modalities, whereas specific features
are private and can only be recovered from intra-modal

structure — so DAR uses two structurally distinct heads
and a private decoder Dm back to the signal space:

Ĥcom
m = Em

com

(
Concat

(
{H̃com

m′ }m′∈M
)
; θmcom

)
, (32)

Ĥspec
m = Em

spec

(
H̃spec

m ; θmspec
)
, (33)

Û1
m = Dm

(
Concat(Ĥcom

m , Ĥspec
m )

)
. (34)

Because (32) aggregates every modality, the common chan-
nel stays well-posed even when each individual H̃com

m is
corrupted. Restoration is supervised by the clean-feature
targets,

Lrecon =
∥∥Ĥ−H

∥∥2
F
+
∥∥Û1 −U1

∥∥2
F
, (35)
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where Ĥ = (Ĥcom, Ĥspec) and H = (Hcom,Hspec) are
stacked across all modalities.

4.4 Stage 3: Fusion-Output Module
Adaptive gated reconstruction. Since the restored repre-
sentation may itself be imperfect, it is combined with the
directly encoded features through a learned gate,

g = σ
(
Wg[Ĥ, H̃] + bg

)
, (36)

Hfused = g ⊙ Ĥ+ (1− g)⊙ H̃, (37)

so that heavily corrupted positions rely on Ĥ and lightly
corrupted ones retain H̃ — the source of the adaptive in the
framework’s name.

Role-defined aggregation. The fused features are then
summarized by two role-defined operators whose realiza-
tion depends on the input regime and is deferred to Sec-
tion 4.5. The common aggregator Acom exploits the fact that
fused common features share similar distributions across
modalities and summarizes them jointly, whereas the specific
interaction operator Am

spec lets each modality’s specific fea-
ture, whose distribution differs markedly across modalities,
be enhanced by those of the remaining modalities:

hcom = Acom

(
{Hcom

fused,m}m∈M
)
, (38)

hspec
m = Am

spec

(
Hspec

fused,m; {Hspec
fused,m′}m′ ̸=m

)
, (39)

with hspec = Concat({hspec
m }m∈M).

Prediction and bootstrap supervision. The prediction
is ŷ = MLP(Concat(hcom,hspec)). To counter the objective
interference discussed in Section 1, the same head is reused
on the clean-input features, ŷboot = MLP(H), and both
branches are supervised, Ltask = Loss(y, ŷ)+Loss(y, ŷboot).
The bootstrap branch forces the encoder to keep features
that are useful for the task even when no restoration is
needed, blocking the trivial solution of equating corrupted
and clean features at the expense of expressivity. The overall
objective is

Ltotal = Ltask + αLdecouple + β Lrecon, (40)

with α, β > 0, and is identical for every instantiation of the
framework.

4.5 Instantiating the Role-Defined Modules
The stages above constrain what each module consumes,
produces, and optimizes, but not how it is parameterized. We
use the two reference instantiations of Table 1. Both optimize
the identical objective (40); they differ only in the network
family realizing the alignment layer, the variational network
qθ , and the aggregation operators Acom,Aspec.

Sequential instantiation. For temporal inputs (MOSI,
MOSEI, SIMS) we adopt the sequential realization of [40]:
Acom is a multi-layer self-attention block [41] applied along
the temporal dimension to the fused common features of all
modalities, with the last frame of the final layer taken as the
holistic vector hcom; Am

spec is a set of pairwise crossmodal
attention units [17] in which the specific feature of modality
m acts as the query and that of each remaining modality
as key and value, the resulting enhanced features being
concatenated; and qθ in (30) is a bidirectional LSTM [42]

TABLE 1
Two reference instantiations of the role-defined modules. All losses, the

gated reconstruction, and the restoration heads are shared; only the
modules below differ.

Module (role) Sequential Static (feedforward)

Alignment layer 1D-Conv + projection non-linear projection
MI variational net qθ BiLSTM + projection feedforward network
Common aggregator Acom temporal self-attention feedforward network
Specific interaction Aspec pairwise cross-attention feedforward network
Sequence pooling (InfoNCE) time averaging identity (t = 1)

Algorithm 1 Training of DAR

Require: Training data {(U(i)
m , y(i))}Ni=1; corruption level (k

or σ); hyperparameters λ, α, β, τ ; instantiation (Table 1).

1: Generate corrupted views Ũ(i)
m via (3); initialize all mod-

ules according to the chosen instantiation.
2: for each minibatch do
3: Encode H̃com

m , H̃spec
m and the clean targets

Hcom
m ,Hspec

m via Ec, Es.
4: Update qθ by maximizing log qθ(H̃

com
m | H̃spec

m ).
5: Compute Ldecouple from (29)–(31).
6: Restore Ĥcom

m , Ĥspec
m , Û1

m via (32)–(34) and compute
Lrecon via (35).

7: Gate, aggregate via (38)–(39), and predict ŷ, ŷboot.
8: Update all parameters except qθ with Ltotal of (40).
9: end for

10: Output: trained DAR model.

followed by a non-linear projection, matching the temporal
structure of the hidden representations.

Static feedforward instantiation. When each modality
is a single feature vector (t = 1; MVSA, NYU Depth V2,
SUN RGB-D), temporal machinery is vacuous: self-attention
over a length-one sequence degenerates to a per-token lin-
ear map, and recurrence has no time axis to traverse. We
therefore realize every sequence-specific module as a plain
multi-layer perceptron. Acom becomes an MLP on the con-
catenation of the fused common features of all modalities;
Am

spec becomes a per-modality MLP on the concatenation of
Hspec

fused,m with the specific features of the other modalities;
qθ becomes a feedforward conditional density network; and
the encoders, restorers, and decoders operate directly on
the aligned feature vectors. All losses in (40) are computed
exactly as in the sequential case.

Design rationale. Beyond matching the inductive bias to
the data, the two instantiations substantiate the theory: Defi-
nition 2 constrains only the existence of modality-wise com-
mon/specific encoders and their mutual information and
never references attention, so any Lipschitz realization in-
herits Theorems 1–3. Consistent gains from both (Section 5)
therefore indicate that robustness follows the decouple–
restore–reconstruct principle rather than a particular fusion
architecture. The feedforward variant is also light enough
for DAR to act as a plug-in front-end for standard backbones
such as Late Fusion and Concat (Section 5.3).

4.6 Algorithmic Summary
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TABLE 2
Overview of the six evaluation benchmarks. L/V/A denote language,

visual, and acoustic streams; I/T denote image and text. The two
corruption regimes are evaluated with the two instantiations of Table 1.

Benchmark Modalities Task Corruption Inst.

MOSI [43] L, V, A Sentiment Erasure, r ∈ [0, 0.9] Seq.
MOSEI [44] L, V, A Sentiment Erasure, r ∈ [0, 0.9] Seq.
SIMS [45] L, V, A Sentiment (Chinese) Erasure, r ∈ [0, 0.9] Seq.

MVSA-Single [46] I, T Sentiment Gaussian, σ ∈ {0, 0.5, 1.0} FF
NYU Depth V2 [47] RGB, D Scene rec. (10) Gaussian, σ ∈ {0, 0.5, 1.0} FF
SUN RGB-D [48] RGB, D Scene rec. (19) Gaussian, σ ∈ {0, 0.5, 1.0} FF

Algorithm 1 summarizes the training procedure, which
is shared by both instantiations. At inference, only the cor-
rupted input Ũm is required: restoration and gated fusion
produce ŷ end-to-end.

5 EXPERIMENTS

Section 3.5 has already validated the observable predictions
of the analysis on a controlled synthetic benchmark, where
the semantic factors, the pseudo-shared factors, and the
corruption shift are known by construction. We now turn
to real data. The experiments are organized around the
central claim of this work — that a single decouple–restore–
reconstruct pipeline handles missingness and noise alike —
and are therefore reported regime by regime rather than
dataset by dataset. Section 5.1 fixes the protocol shared
by both regimes. Sections 5.2 and 5.3 then report the two
main comparisons: erasure corruption on three sequential
multimodal sentiment benchmarks, and additive Gaussian
corruption on one image–text and two RGB-D benchmarks.
Because the first uses the attention–recurrent instantiation
and the second the static feedforward instantiation of Sec-
tion 4.5, reading them back to back also tests whether
robustness survives a change of architecture. Section 5.4
then attributes the gains to individual loss terms in both
regimes and asks what the two attributions have in com-
mon, and Section 5.5 examines the learned representations
directly. Together these results provide evidence consistent
with the unified treatment of low-quality data predicted by
Theorem 3 and Remark 1.

5.1 Experimental Setup
Table 2 summarizes the six benchmarks, the corruption
applied to each, and the DAR instantiation used. Protocol
details common to both regimes are given below; regime-
specific details follow.

5.1.1 Sequential Benchmarks and Erasure Corruption
Datasets. MOSI [43] contains 2,199 multimodal samples
(1,284 / 229 / 686 train/val/test) labeled with continuous
sentiment scores in [−3, 3]. MOSEI [44] contains 22,856
video clips (16,326 / 1,871 / 4,659) with the same senti-
ment annotation. SIMS [45] additionally provides Chinese-
language sentiment annotations and is used for cross-
language validation.

Feature extraction and erasure. Following [49], language
is encoded with BERT [50], audio with Librosa [51], and
visual with OpenFace [52]. Visual and acoustic erasures are
zero-filled; language erasures use [UNK].

Evaluation protocol. Following [6], we report the av-
erage over 3 random seeds and 10 test-time missing rates
from 0.0 to 0.9 at 0.1 intervals. Classification metrics include
7-class, 5-class, and 2-class accuracy (with negative/non-
negative and negative/positive variants for Acc-2). Regres-
sion metrics are mean absolute error (MAE) and Pearson
correlation (Corr). We select the model with the smallest
overall loss as optimal, unlike the per-metric best-model
selection used in some baselines.

Baselines. We compare against MISA [33], Self-MM [21],
MMIM [53], CENET [54], TETFN [55], TFR-Net [5],
ALMT [49], and the most recent LNLN [6]. Baseline results
for MISA, Self-MM, MMIM, CENET, TETFN, and ALMT
are reproduced via the unified MMSA [56] framework with
default hyperparameters; LNLN is reproduced from open-
source code; TFR-Net results are taken from the LNLN
paper as they used per-metric best models, providing a fair
upper bound.

5.1.2 Static Benchmarks and Gaussian Corruption

Datasets. NYU Depth V2 [47] and SUN RGB-D [48]
are RGB-D scene-recognition benchmarks; following [14],
we use 10 categories for NYU and 19 for SUN. MVSA-
Single [46] is an image–text sentiment dataset. In all of
these benchmarks each modality is provided as a single
static feature vector, matching the static-input regime of
Section 4.1.

Noise injection protocol. For each test sample, 50% of
the modalities are corrupted: image modalities receive zero-
mean Gaussian noise of standard deviation σ ∈ {0, 0.5, 1.0};
text modalities undergo blank-token replacement. This is
the same protocol used by QMF [8] and PDF [9], so that
the numbers in Tables 5 and 6 are directly comparable to
the published ones. The same three noise levels are used
throughout the paper, including the representation-level
study of Section 5.5; baselines marked “with noise(0.5)” are
additionally trained with σ = 0.5 noise augmentation.

Baselines and integration. We compare against Late Fu-
sion, Concat, MMTM [57], TMC [14], QMF [8], DynMM [30],
and PDF [9]. The modular design of DAR allows it to
serve as a denoising front-end for any fusion strategy. We
evaluate two integration variants: DAR + Late Fusion, in
which the restored unimodal predictions are averaged at
the decision level, and DAR + Concat, in which the restored
unimodal representations are concatenated and mapped to
the target via a fully connected layer. Because these bench-
marks provide static feature vectors rather than sequences,
both variants use the purely feedforward instantiation of
Section 4.5: every attention and recurrent component of the
sequential realization is replaced by a plain feedforward
network, while the loss in Eq. (40) is left unchanged.

5.1.3 Implementation Details

For the sequential instantiation we use the loss weights
λ = 0.7, α = 0.1, β = 0.1 and a training-time missing rate
k = 0.3 on MOSI and k = 0.4 on MOSEI, both selected on
validation data (Section 5.4.4). For RGB-D scene recognition
we use ResNet-18 [58] pretrained on ImageNet [59]; for
image–text we use ResNet-152 for images and BERT [50]
for text. All models are trained with Adam at learning rate
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TABLE 3
Robustness comparison on MOSI and MOSEI under varying missing rates. Best results are in bold, second best are underlined. Acc-2 / F1 are

reported as negative-vs.-non-negative / negative-vs.-positive.

Method
MOSI MOSEI

Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr

MISA 28.90 31.67 69.15 / 70.74 68.50 / 70.23 1.092 0.508 38.92 39.28 76.21 / 72.12 70.76 / 65.50 0.800 0.490
Self-MM 30.78 34.03 68.75 / 70.89 65.47 / 67.90 1.070 0.518 46.40 46.78 71.18 / 72.75 70.45 / 70.99 0.695 0.498
MMIM 31.51 34.92 69.22 / 71.08 67.34 / 69.42 1.077 0.511 44.04 44.42 75.99 / 71.47 70.63 / 64.97 0.739 0.459
CENET 29.78 33.23 66.41 / 69.47 62.65 / 65.38 1.088 0.496 47.18 47.93 75.96 / 74.10 73.28 / 70.51 0.685 0.525
TETFN 29.89 33.20 68.66 / 70.89 65.11 / 67.64 1.087 0.512 46.31 47.03 71.63 / 71.84 68.91 / 68.14 0.714 0.508
TFR-Net 29.54 34.67 68.15 / 66.35 61.73 / 60.06 1.200 0.459 46.83 34.67 73.62 / 77.23 68.80 / 71.99 0.697 0.489
ALMT 30.35 32.92 68.27 / 70.55 64.47 / 67.07 1.083 0.506 42.01 42.58 76.75 / 72.96 72.00 / 67.16 0.754 0.511
LNLN 32.80 36.12 71.11 / 72.22 71.33 / 72.34 1.066 0.505 45.42 46.17 75.27 / 76.98 74.97 / 77.39 0.692 0.530

DAR (Ours) 34.47 38.65 71.60 /73.18 71.51 /73.15 1.069 0.520 47.01 48.02 77.48 /78.14 77.44 / 77.51 0.665 0.583

TABLE 4
Performance comparison on the SIMS dataset. Acc-k denotes k-class

accuracy. Best results in bold, second best underlined.

Method Acc-5 Acc-3 Acc-2 F1 MAE↓ Corr

MISA 23.22 45.89 56.41 54.95 0.583 0.307
Self-MM 32.69 56.94 73.28 69.91 0.514 0.365
MMIM 29.67 52.98 69.19 69.14 0.520 0.373
CENET 20.42 49.63 69.10 59.13 0.595 0.044
TETFN 32.28 54.29 72.12 68.88 0.507 0.381
ALMT 30.33 55.12 71.99 68.90 0.504 0.392
LNLN 32.43 55.80 69.45 69.83 0.514 0.398

DAR (Ours) 34.56 56.78 70.94 70.35 0.501 0.406
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Fig. 6. Acc-2 and Acc-5 of DAR vs. baselines as a function of the test-
time missing rate.

10−4, and λ, α, β are kept at the values above so that no per-
regime tuning is involved. We report mean and worst-case
accuracy over 10 runs (NYU, SUN) and 5 runs (MVSA).

5.2 Robustness under Missing Modalities

Results. Table 3 reports robustness on MOSI and MOSEI.
DAR achieves state-of-the-art on most metrics across both
datasets. On MOSEI it attains the best Acc-2 under both
binarization schemes, exceeding the strongest baseline on
each (77.48 vs. 76.75 for ALMT and 78.14 vs. 77.23 for
TFR-Net), and lowers MAE from 0.685 to 0.665; measured

TABLE 5
Robustness on MVSA-Single under Gaussian noise (σ) on 50% of the

modalities. Baseline results from [8], [9]. Best results are in bold,
second best are underlined.

Method σ = 0 σ = 0.5 σ = 1.0
Avg Worst Avg Worst Avg Worst

Late Fusion 76.88 74.76 63.46 58.57 55.16 47.78
Late Fusion (noise=0.5) 78.04 77.26 69.76 65.31 53.63 48.74
Concat 65.59 64.74 50.70 44.70 46.12 41.81
Concat (noise=0.5) 64.59 63.01 55.21 47.59 46.65 40.46
TMC 74.88 71.10 66.72 60.12 60.36 53.37
QMF 78.07 76.30 73.85 71.10 61.28 57.61
DynMM 79.07 78.23 67.96 65.51 56.65 59.21
PDF 79.94 78.42 74.40 72.64 63.09 60.31

DAR + Late Fusion 78.32 76.85 74.10 72.05 63.85 61.27
DAR + Concat 74.90 73.41 69.47 67.59 64.14 62.12

against LNLN, the most recent baseline, the corresponding
Acc-2 margin is 2.21 percentage points. The Acc-7 on MOSEI
and MAE on MOSI are sub-optimal but very close to the
best, and given the inherent variance of corrupted data,
DAR achieves the best overall robustness profile. Table 4
extends the conclusion to SIMS (Chinese), where DAR leads
on Acc-5, F1, MAE, and Corr. Fig. 6 plots Acc-2 and Acc-
5 across the full range of test-time missing rates, showing
that DAR’s advantage is most pronounced in the moderate-
to-high missing regime, precisely where the effective cor-
ruption shift relative to training is largest, consistent with
Corollary 1.

5.3 Robustness under Additive Gaussian Noise

A central claim of this work is that the same DAR pipeline
addresses both missing and noisy corruption (Remark 1).
We test it by moving to a different corruption operator, a
different input structure, and a different instantiation, while
leaving the objective of Eq. (40) untouched.

Results on MVSA. Table 5 shows that, under increas-
ing noise, traditional static fusion (Late Fusion, Concat)
degrades rapidly, uncertainty-aware methods (QMF, PDF)
mitigate the drop somewhat, and the DAR-augmented vari-
ants provide the strongest robustness in the moderate-to-
high noise regimes while remaining competitive on clean
data. Critically, both DAR + Late Fusion and DAR + Concat
consistently improve over their respective vanilla counter-
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TABLE 6
Robustness on NYU Depth V2 and SUN RGB-D under Gaussian noise. The plug-in nature of DAR is most evident in the high-noise regime. Best

results are in bold, second best are underlined.

Method
NYU Depth V2 SUN RGB-D

σ = 0 σ = 0.5 σ = 1.0 σ = 0 σ = 0.5 σ = 1.0
Avg Worst Avg Worst Avg Worst Avg Worst Avg Worst Avg Worst

RGB (uni.) 63.30 62.54 53.12 50.31 45.46 42.20 56.78 56.51 48.40 47.16 42.94 41.02
Depth (uni.) 62.65 61.01 50.95 42.81 44.13 35.93 52.99 51.32 37.81 35.63 33.07 30.41

Late Fusion 69.14 68.35 59.63 53.98 51.99 44.95 62.09 60.55 52.44 50.83 47.33 44.60
Late Fusion with noise(0.5) 69.69 68.81 50.42 42.81 47.07 38.83 61.46 61.02 44.98 43.19 38.62 33.01
Concat 70.30 69.42 59.97 55.89 53.20 47.71 61.90 61.19 52.69 50.61 45.64 42.95
Concat with noise(0.5) 71.07 70.18 50.72 47.10 48.57 43.43 62.10 61.64 44.72 42.22 40.23 38.23
MMTM 71.04 70.18 60.37 56.73 52.28 46.18 61.72 60.94 51.86 50.80 46.03 44.28
TMC 71.06 69.57 61.04 58.72 53.36 49.23 60.68 60.31 51.24 49.45 45.66 41.60
QMF 70.09 68.81 61.62 58.87 55.60 51.07 62.09 61.30 53.40 52.07 48.58 47.50
PDF 70.04 68.90 65.72 63.91 59.44 56.37 61.30 61.14 58.53 57.62 53.95 42.31

DAR + Late Fusion 71.52 71.10 67.95 67.20 65.61 64.60 61.22 60.64 58.35 57.64 56.27 54.95
DAR + Concat 70.80 70.34 66.43 64.33 63.42 60.74 59.96 59.48 57.24 56.24 51.19 48.74

parts, demonstrating that the decouple–restore–reconstruct
principle transfers even in its purely feedforward form.

Results on RGB-D scene recognition. Table 6 extends
the conclusion to RGB and depth modalities, which are
structurally very different from language and vision. The
benefits become more pronounced in the high-noise regime
(σ = 1.0), matching Corollary 1: as the pseudo-shared cor-
ruption shift Dp grows, equivalently as training-time cross-
modal noise correlations become less reliable, the margin
over the best baseline widens from 0.45 to 2.23 and then
6.17 points on NYU Depth V2, while baselines remain
exposed to the shortcut.

Discussion: restoration vs. uncertainty weighting. QMF
and PDF address noisy modalities by down-weighting unreli-
able predictions at inference, guided by uncertainty scores.
This works best when an entire modality is unreliable. DAR
takes a complementary approach: it reconstructs a clean es-
timate using cross-modal redundancy within each modality.
The two strategies are not mutually exclusive — uncertainty
weighting decides how much to trust each modality, while
DAR determines what to trust within each. Combining both
is a natural future direction.

5.4 Ablation and Sensitivity Analysis
Having established that DAR helps in both regimes, we
now ask which parts of the objective are responsible, and
whether the answer is the same in the two regimes. We
remove one loss term at a time from Ltotal and re-train, first
on MOSI under erasure and then on NYU Depth V2 under
Gaussian noise, so that the two attributions can be read side
by side.

5.4.1 Loss Components under Erasure Corruption
Removing Lsim or Ldiff weakens the decoupling, allow-
ing common and specific channels to absorb each other’s
information; in Table 7 performance drops modestly but
consistently across metrics, in line with Theorem 1: these
two losses implement the constraints that define the re-
stricted DAR hypothesis class. Removing Lrecon eliminates
the explicit alignment between restored and clean features

TABLE 7
Ablation study on MOSI. Lboot denotes the task loss applied to the

bootstrap branch.

Variant Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr

w/o Lsim 34.14 38.42 71.50 / 72.71 71.30 / 72.62 1.084 0.505
w/o Ldiff 34.28 38.27 71.54 / 72.85 71.48 / 72.62 1.089 0.507
w/o Lsim&Ldiff 34.15 38.35 71.32 / 72.46 71.10 / 72.35 1.113 0.504
w/o Lrecon 33.57 38.31 71.02 / 72.20 70.45 / 71.13 1.123 0.493
w/o Lboot 33.03 36.93 70.50 / 72.26 69.90 / 71.80 1.123 0.475

Full DAR 34.47 38.65 71.60 / 73.18 71.51 / 73.15 1.069 0.520

TABLE 8
Loss ablation of DAR + Late Fusion under Gaussian noise on NYU

Depth V2 (feedforward instantiation).

Variant
σ = 0 σ = 0.5 σ = 1.0

Avg Worst Avg Worst Avg Worst

Late Fusion (baseline) 69.14 68.35 59.63 53.98 51.99 44.95

DAR w/o Lsim 70.22 68.81 65.50 64.33 60.71 58.07
DAR w/o Ldiff 70.37 69.27 66.24 64.33 62.04 57.87
DAR w/o Lrecon 70.83 70.18 67.28 66.67 64.17 62.88
Full DAR 71.52 71.10 67.95 67.20 65.61 64.60

and significantly hurts MAE and Corr, confirming that
the supervised restoration is essential. The largest drop
comes from removing Lboot: without bootstrap supervision,
the encoder preferentially produces representations that
minimize reconstruction distance even at the cost of task-
discriminativeness, consistent with the encoder-degradation
issue (limitation L2) discussed in Section 1.

5.4.2 Loss Components under Gaussian Noise
Table 8 repeats the ablation in the feedforward regime.
Every variant still improves substantially on the Late Fusion
baseline, so none of the removals collapses the model; the
ordering, however, is informative. The cross-modal align-
ment term is the most important here: without Lsim the
average accuracy at σ = 1.0 falls by 4.90 points, against
3.57 for Ldiff and 1.44 for Lrecon. The full model is best at
every noise level.
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TABLE 9
Sensitivity to the training-time missing rate k on MOSI. The selected

setting k = 0.3 is shown in bold; it is the value used for MOSI in
Tables 3 and 7. Best result per column in bold.

Setting Acc-7 Acc-5 Acc-2 F1 MAE↓ Corr

k = 0.0 31.84 35.45 68.99 / 71.03 66.39 / 63.10 1.069 0.514
k = 0.2 33.18 37.88 70.57 / 71.06 70.57 / 70.56 1.160 0.502
k = 0.3 34.47 38.65 71.60 / 73.18 71.51 / 73.15 1.069 0.520
k = 0.4 32.95 36.39 71.22 / 72.73 70.98 / 72.62 1.078 0.515
k = 0.6 30.12 32.58 70.63 / 71.99 70.27 / 71.75 1.118 0.475
k = 0.8 24.56 24.64 69.16 / 70.96 67.50 / 69.51 1.173 0.460

5.4.3 What the Two Regimes Share, and Where They Differ

The two ablations agree on the qualitative conclusion —
every term contributes, and the full objective is best on
every metric at every corruption level — but they disagree
on which term matters most. Under erasure, the bootstrap
branch dominates; under Gaussian noise, the cross-modal
alignment term does. The two-channel view of Theorem 2
offers a reading of this reversal. In the sequential regime
a partially erased stream still carries usable intra-modal
context in its surviving frames, so the specific channel
remains informative and the binding constraint is instead
keeping the encoder task-discriminative — exactly what
Lboot enforces. In the static regime each modality is a
single vector: there is no temporal context to fall back on,
the specific channel has little intra-modal structure left to
exploit, and the common channel must carry most of the
recoverable evidence, which makes cross-modal alignment
the critical term. The framework is therefore not merely
transferable across the two regimes; its components re-
weight themselves in the direction the analysis predicts.

5.4.4 Sensitivity to the Training-Time Missing Rate

The training-time missing rate k is a critical hyperparame-
ter: too small a k degenerates the model into a vanilla mul-
timodal fusion network with no chance to learn restoration;
too large a k corrupts both common and specific signals be-
yond recoverability. We sweep k ∈ {0, 0.2, 0.3, 0.4, 0.6, 0.8}
on MOSI and report results in Table 9.

The classification metrics follow the expected single-
peaked pattern with the maximum at k = 0.3: too small
a k underutilizes the restoration capacity, while too large
a k destroys the cross-modal redundancy that the common
channel relies on. The regression metrics are flatter — MAE
at k = 0 already matches the best value — so the trend
is clearest on the classification metrics, and most visibly on
F1, where k = 0 trails the peak by 5.12 and 10.05 points
under the two binarization schemes. The peak is not sharp:
every setting in [0.2, 0.4] stays within 1.52 Acc-7 points of
the optimum, so k does not require fine tuning, and only the
extreme settings k≥ 0.6 degrade the model appreciably. In
practice k should match the expected test-time corruption
distribution; we selected k = 0.3 for MOSI and k = 0.4 for
MOSEI on validation data. Adaptive missing-rate selection
(e.g. modality-specific or curriculum-based) is a promising
direction for future work.
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Fig. 7. Test accuracy on NYU Depth V2 as a function of the Gaussian
noise standard deviation σ. Baselines are trained with σ = 0.5 noise
augmentation; “boot” denotes the bootstrap branch of the DAR variants,
which reads clean-input features and is therefore nearly independent of
σ.
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Fused-feature t-SNE: all methods under noise

Fig. 8. t-SNE of the fused features on NYU Depth V2 across noise levels
σ ∈ {0, 0.5, 1.0} (columns) for the four compared methods (rows). Color
encodes ground-truth class. DAR variants retain visible cluster structure
even at σ = 1.0.

5.5 Representation-Level Analysis

The results so far establish that DAR is robust and which
losses matter. This subsection asks how, by inspecting the
learned representations directly on NYU Depth V2 across
the same noise sweep σ ∈ {0, 0.5, 1.0} used in Section 5.3.
Throughout, we contrast the two static baselines (Late Fu-
sion, Concat) with their DAR-augmented variants.

Accuracy degradation curve. Fig. 7 plots mean accuracy
with one-standard-deviation seed bars against σ. Both static
baselines lose more than twenty points between σ = 0 and
σ = 1.0, whereas the DAR variants lose under eight, so the
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DAR-LateFusion: by modality (noise=1.0)
RGB common
Depth common

DAR-LateFusion: by class (noise=1.0)
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DAR-Concat: by modality (noise=1.0)
RGB common
Depth common

DAR-Concat: by class (noise=1.0)

DAR  Cross-modal Alignment in Common Subspace

(a) Cross-modal alignment in the common subspace.

DAR-LateFusion RGB : common vs specific (noise=1.0)
common
specific

DAR-LateFusion DEPTH : common vs specific (noise=1.0)

common
specific

DAR-Concat RGB : common vs specific (noise=1.0)
common
specific

DAR-Concat DEPTH : common vs specific (noise=1.0)
common
specific

DAR  Decoupling of Common / Specific Subspaces

(b) Decoupling of common vs. specific subspaces.

Fig. 9. Structural diagnostics of the DAR latent space at σ = 1.0 on NYU Depth V2. (a) Common features of RGB (red) and Depth (blue) form
spatially adjacent, class-aligned regions, evidencing the effect of Lsim. (b) Within each modality, common (green) and specific (orange) features
remain well separated, the geometric counterpart of Ldiff .
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Fig. 10. Per-class accuracy on NYU Depth V2 across noise levels.
DAR variants are notably more uniform across the ten scene cate-
gories, in particular preserving accuracy on worst-case classes (e.g.,
home office, others) where the baselines collapse to near-zero at
σ = 1.0.

gap at the highest noise level exceeds fifteen accuracy points
for DAR-LateFusion. The bootstrap branch (“boot”), which
reads the clean-input features, is by construction almost flat
in σ and thus serves as a noise-free reference: the main
branch stays within a few points of it even at σ = 1.0,
indicating that the auxiliary supervision of Section 4 does
not come at the expense of main-branch quality.

Fused-feature t-SNE. Fig. 8 shows t-SNE projections
of the final fused representations colored by ground-truth
class. As σ grows from 0 to 1.0, the baseline embeddings
collapse into a diffuse cloud in which class boundaries
are no longer discernible, whereas the DAR variants retain
visibly preserved cluster structure even at the highest noise
level. This is the representational counterpart of Theorem 2:

bounding common–specific leakage limits how strongly the
decoded representation can move with the noise-induced
shift.

Cross-modal alignment and decoupling. Fig. 9 dissects
the DAR latent space under heavy noise. Fig. 9a shows
that the common embeddings of the two modalities form
spatially adjacent and cross-aligned clusters that share class
structure — direct evidence that Lsim drives the two com-
mon channels to agree on shared content. Fig. 9b further
confirms that, for each modality, the common and specific
subspaces remain well separated, which is the geometric
counterpart of the MI-based Ldiff objective. Cross-modal
alignment and common/specific decoupling are thus both
achieved even in the high-noise regime, validating the core
design hypothesis of DAR and the two-channel mechanism
formalized in Theorem 2.

Per-class robustness. Fig. 10 displays per-class accuracy
heatmaps. DAR variants exhibit markedly more uniform
accuracy across the ten scene categories, in particular pre-
serving accuracy on worst-case classes where the baselines
collapse at σ = 1.0. This per-class uniformity directly ex-
plains the worst-case improvements reported in Table 6: the
gains of DAR are distributed across the label space rather
than concentrated on a few easy categories.

Summary. These diagnostics jointly corroborate the
quantitative findings of Sections 5.3 and 5.4 from
a representational standpoint: DAR’s decouple–restore–
reconstruct pipeline preserves cross-modal alignment, com-
mon/specific separation, and class-level discriminative
structure under heavy noise, providing the geometric mech-
anism that underlies its robustness gain.

6 CONCLUSION

We have introduced Decoupled-Adaptive Reconstruction
(DAR), a unified framework for multimodal learning under
low-quality data that subsumes both missing-modality and
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noisy-modality regimes. The framework rests on a sim-
ple decouple–restore–reconstruct principle: each modality’s
representation is factorized into a modal-common and a
modal-specific component using mutual-information-based
contrastive objectives; the two components are restored
from the corrupted input by structurally distinct heads
exploiting cross-modal redundancy and intra-modal con-
sistency respectively; and a gated fusion adaptively recon-
structs the clean signal.

Theoretically, we derived a generalization analysis for
the setting in which corruption statistics shift between train-
ing and test: the mutual-information constraints define a
restricted hypothesis class that never increases statistical
complexity (Theorem 1); under a balanced two-channel
coupling condition, the common–specific constraint bounds
the sensitivity of the learned representation to environment-
dependent pseudo-shared shortcuts (Theorem 2); and com-
bining the fitting, estimation, and shift-sensitivity terms
yields a transparent sufficient condition for a strict test-
risk advantage over corruption-augmented training (The-
orem 3), covering missing and noise corruption through a
single corruption operator.

Empirically, on three multimodal sentiment datasets
under varying missing rates (MOSI, MOSEI, SIMS) and on
three image–text and RGB-D datasets under Gaussian noise
corruption (MVSA, NYU Depth V2, SUN RGB-D), DAR con-
sistently outperforms strong static-fusion, dynamic-fusion,
and reconstruction-based baselines. Notably, these results
are obtained with two structurally different instantiations of
the same role-defined framework — an attention/recurrent
realization for sequential inputs and a purely feedforward
realization for static feature vectors — confirming that the
gains follow from the decouple–restore–reconstruct princi-
ple and its mutual-information constraints rather than from
any particular architectural choice. The advantage grows
with corruption intensity, consistent with the increasing-
shift regime described in Corollary 1.

Future directions. Promising extensions include adap-
tive or curriculum-based corruption schedules that mirror
the expected test distribution; combining DAR’s within-
modality restoration with uncertainty-aware cross-modality
reweighting paradigms such as QMF and PDF; and relaxing
the fixed-corruption-distribution assumption of our analysis
to broader covariate shifts on real-world domain-shifted
benchmarks.
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