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Abstract—The efficacy of multimodal learning emanates from
the delicate orchestration of cross-modal interactions. However,
pervasive modality absence in real-world scenarios shatters estab-
lished alignment pathways, triggering a structural collapse of the
joint representation space. Existing research remains primarily
constrained by a preset interaction logic: treating modality
absence as a passive feature reduction or a static parameter index,
while lacking the capacity to actively reshape reasoning topologies
to accommodate specific informational gaps. To this end, we pro-
pose Pattern-Aware Graph routing and Meta-Adaptive Prompt
Distillation (PAG-MPD), a framework that shifts the missing-
modality learning paradigm from static aggregation to a pattern-
aware adaptive process. Specifically, we introduce a pattern-
aware graph encoder to capture the shifting structural dependen-
cies among available signals, complemented by a differentiable
sparse routing mechanism that generates meta-adaptive prompts
to dynamically re-calibrate the information flow. Furthermore,
we develop an uncertainty-aware distillation strategy to mitigate
epistemic uncertainty via confidence-weighted supervision from a
complete-modality teacher. Extensive evaluations on MM-IMDb
and CMU-MOSEI benchmarks demonstrate that PAG-MPD
significantly outperforms state-of-the-art methods, achieving a
notable improvement of up to 4.5% on MM-IMDb.

Index Terms—Multimodal Learning, Incomplete Multimodal
Learning, Transformer, Teacher-student Learning.

I. INTRODUCTION

Multimodal learning achieves superior reasoning perfor-
mance by orchestrating complex interactions among hetero-
geneous signals [1]. The cornerstone of this paradigm lies
in establishing stable and accurate cross-modal alignments,
enabling different modalities to mutually calibrate and aug-
ment each other. However, the pervasive issue of modality
absence in real-world deployments shatters these established
interaction pathways. Such incompleteness not only leads to
significant information loss but also erodes the structural con-
sistency of the joint representation space, posing a formidable
challenge to system robustness [2].

Existing researches on missing-modality learning [1], [3],
[4] (Fig. 1) primarily follows two paradigms. Joint-learning
methods [1], [5] typically employ shared fusion layers or
fixed prompting to aggregate features, yet often treat modality
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Fig. 1. Comparison of paradigms. (a) Traditional: Static and brittle under
modality asymmetry or reconstruction uncertainty. (b) PAG-MPD (Ours):
Enables adaptive and robust reasoning via (1) pattern-aware graph encoding,
(2) meta-prompt generation, and (3) uncertainty-aware distillation.

absence as a simple subset reduction, lacking the flexibility
to dynamically adjust interaction priorities. Generation-based
methods [4], [6] attempt to hallucinate missing data to re-
store a complete input format, but their reasoning remains
strictly tethered to the reconstruction quality, which frequently
introduces semantic bias and accumulated errors. While recent
works [3], [7] explore pattern-specific adaptation, they remain
constrained by a preset interaction logic: utilizing missing
patterns merely as indices to retrieve fixed parameters, rather
than actively re-configuring the underlying reasoning topology
to accommodate the current informational vacuum. This rigid
coupling between model architecture and input configurations
triggers an inherent conflict between static computational
graphs and the dynamic structural collapse of multimodal
information.

Mechanistically, missing modalities induce a non-linear re-
configuration of latent dependencies rather than simple feature
loss [šaitis2017multimodalmachinelearningsurvey], [?]. The
absence of key modalities creates semantic gaps, requiring
remaining signals to form compensatory interactions [8]. How-
ever, existing methods (Fig. 1) still employ fixed interaction
kernels trained on complete data [9], forcing models to rely on
non-existent cross-modal cues, which disrupts reasoning and
accumulates uncertainty [10].



To address this issue, we propose PAG-MPD (Fig. 2),
a pattern-aware adaptive framework. It enables the model
to reconstruct its interaction topology based on the global
missing pattern. Specifically, we design a pattern-aware graph
encoder to capture dynamic dependencies among available
modalities [11], and a differentiable sparse routing mechanism
to activate specialized pathways for generating meta-adaptive
prompts [12], which guide information flow. Furthermore, we
introduce an uncertainty-aware distillation strategy to provide
confidence-weighted supervision from a complete-modality
teacher, ensuring semantic consistency under partial observa-
tions [13].

Our main contributions are summarized as follows:
• We challenge the conventional preset interaction logic

by shifting the missing-modality learning paradigm from
static aggregation to active topological adaptation.

• We propose a graph-based encoding module coupled with
sparse routing to explicitly model structural dependencies
and activate instance-specific reasoning pathways.

• We develop a robust knowledge transfer mechanism using
meta-prompts and confidence-weighted supervision to
mitigate epistemic uncertainty and ensure cross-modal
semantic consistency.

• Extensive evaluations on MM-IMDb and CMU-MOSEI
demonstrate that PAG-MPD significantly outperforms ex-
isting methods, achieving a notable 4.5% F1-score im-
provement on MM-IMDb. Our source code are available
at: https://anonymous.4open.science/r/PARP-9AFD.

II. METHOD

Problem Definition. We study multimodal classification with
incomplete inputs: each sample may observe only a subset of
the M modalities, indicated by a binary mask ri ∈ {0, 1}M ,
where rmi = 1 if modality m is present and 0 otherwise; the
observed set is Oi = {m | rmi = 1}. Given dataset D =
{(xOi

i , ri, yi)}Ni=1, the goal is to learn a predictor fθ robust to
diverse missing patterns by minθ

1
N

∑N
i=1 `(fθ(x

Oi
i , ri), yi),

where ` is cross-entropy loss.
Overall Framework. PAG-MPD comprises graph encoding,
prompt generation, and knowledge transfer. As shown in Fig.
2, graph encoder captures modality dependencies under miss-
ing patterns, which guide meta-adaptive prompt generation
via sparse routing. Then, confidence-weighted distillation from
a full-modality teacher enforces semantic consistency and
alleviates uncertainty.

A. Feature Extraction via Pattern-Aware Graph

To handle the heterogeneity of observed modalities and
the diversity of missing patterns in incomplete multimodal
samples, we propose pattern-aware graph routing, projecting
each modality into a unified space and explicitly encoding
missing patterns to enable adaptive selective fusion.
Statistical Embedding. First, for each sample i, we encode
each modality xmi by its modality-specific encoder fm to zmi =
fm(xmi ) if observed, or replaced with a placeholder otherwise.

To aggregate observed semantics and sample-level statistics,
we compute

ui = MLP

([
1

max(|Oi|, 1)

∑
m∈Oi

zmi ; mean(ri); var(ri)

])
,

(1)
where |Oi| is the number of observed modalities; mean(ri)
and var(ri) summarize the proportion and dispersion of miss-
ingness patterns.
Cross-modal Dependencies. Inter-modality relations are mod-
eled via a graph G = (M, E), with nodes as modalities and
edges as dependencies. The adjacency matrix combines prior
knowledge and learnable weights: A=Aprior�Alearned, where
Aprior ∈{0, 1}M×M encodes known semantic couplings (The
prior adjacency matrixAprior encodes coarse-grained semantic
correlations among modalities and is constructed based on
domain knowledge or data statistics. Specifically, Amm

′

prior = 1

indicates that modality m and m
′

are considered semantically
related, while 0 denotes no assumed dependency),Alearned ∈
RM×M contains learnable weights, and � denotes element-
wise multiplication. Amm′ represents the influence of modality
m′ on m. Incoming edge weights are normalized via the
diagonal degree matrix: Dmm=

∑
m′ Amm′ .

Modality Embeddings. Each modality is updated via gated
graph propagation:

z̃mi =
∑
m′∈M

(D−1/2AD−1/2)mm′ γmm′(ri) z
m′

i , (2)

where γmm′(ri) = σ(a>mm′ri + bmm′) ∈ (0, 1) scales the
influence of m′ on m based on the missing pattern ri,
preventing noisy or absent modalities from dominating the
update; σ denotes the sigmoid function. The final routing
context is

ci =
[
concat(z̃1

i , . . . , z̃
M
i ); ui

]
∈ Rdc , (3)

where dc = M · d+ du, and ui the statistical embedding.

B. Sparse Routing for Prompts Generation

We design K candidate paths, each producing low-rank
adapters and Tp meta-adaptive prompts to modulate modal-
ity features. Each path encodes a specialized transformation
strategy for different missing patterns, and the routing network
selects Top-S paths per sample for flexible, pattern-aware
fusion, enhancing multimodal robustness.
Differentiable Sparse Routing. Given K candidate paths
{gk}Kk=1, the routing network maps the context ci to path
logits:

π = MLProute(ci) ∈ RK , (4)

and selects Top-S paths via Gumbel-Top-S sampling [14]:

α̃k =
exp((πk +Gk)/τ)∑K
j=1 exp((πj +Gj)/τ)

, Gk ∼ Gumbel(0, 1) (5)

where πk is the logit score of path k, τ controls sampling
smoothness. During training, soft weights α̃k enable gradient
flow; at inference, only the Top-S paths are activated (αk = 1



Fig. 2. Overview of PAG-MPD. (a) Pattern-aware graph encoding maps observed modalities into a unified space with missingness patterns. (b) Meta-
Adaptive Prompt Generation dynamically generates adapters and prompts conditioned on observed modalities and missing patterns via sparse routing. (c)
Uncertainty-aware knowledge transfer distills from complete-modality teachers and enforces cross-modal consistency.

for selected paths, 0 otherwise). To further stabilize routing,
we impose sparsity and diversity regularization losses:

Lrount = −
∑
k

α̃2
ik −

∑
k

ᾱk log ᾱk, (6)

where ᾱk = 1
B

∑B
i=1 α̃ik is the average routing probability

of path k over the current batch of size B. The fist part
encourages sparse selection for each sample, while the second
part encourages diversity across the batch.
Meta-Adaptive Prompt Generation. Each activated path
gk contains a Prompt Network Hk that, conditioned on the
sample’s modality embeddings and missing-pattern vector ui,
generates: 1) a low-rank adapter per modality,

Amk = Umk V
m>
k , Umk , V

m
k ∈ Rd×dr , dr � d (7)

applied as Adapter(z̃mi ;Amk ) = z̃mi +Amk z̃
m
i , and 2) Tp meta-

adaptive prompt tokens per modality,

{Pm,tk }Tp

t=1 = Hk(z̃mi , ui), Pm,tk ∈ Rd, (8)

where Tp is the number of prompt tokens per modality. These
tokens are injected into modality encoders or cross-modal
Transformers, guiding attention via a prompt-based cross-
attention operator PromptAttn(·). The updated representation
for modality m under path k is:

ẑm,ki = Adapter(z̃mi ;Amk )+PromptAttn(z̃mi , {P
m,t
k }). (9)

The final representation of modality m is computed as z̄mi =∑K
k=1 α̃kẑ

m,k
i , and the corresponding meta-adaptive prompts

is obtained by aggregating the prompts over activated paths:

pmfinal =

K∑
k=1

α̃k
1

Tp

Tp∑
t=1

Pm,tk . (10)

C. Uncertainty-Aware Knowledge Transfer

A full-modality teacher provides uncertainty-weighted su-
pervision, guiding a student reasoning network to learn stable

and generalizable representations under partial-modality ob-
servations via prompt-guided cross-modal consistency.

We first compute the fused representation zi,fused =
MHAttn(Q,K, V ), with Q,K, V as linear projections of
{z̄mi + pmfinal}. The student predicts pstu(y | xOi

i ) =
softmax(Head(zi,fused)), and its classification loss over N
training samples is Lcls = 1

N

∑N
i=1 `(pstu(y | xOi

i ), yi), where
`(·) is cross-entropy loss.
Uncertainty-Aware Distillation. To provide more stable su-
pervision, a teacher model ftea is trained on complete-
modality samples, producing a Dirichlet distribution [15] to
capture predictive uncertainty:

αtea = softplus
(
WαAgg({zmi }m∈M )

)
+ 1 ∈ RC>0, (11)

where zm is the embedding of modality m, Agg(·) is a
modality aggregator (e.g., mean or attention pooling), Wα is
a learnable projection, softplus(x) = log(1 + ex) ensures
positive Dirichlet parameters;+1 guarantees all entries are
strictly > 0, as required by Dirichlet distributions [15]. The
teacher’s predictive probability for class c is computed as

ptea(y = c) = E[πc], π ∼ Dir(αtea) (12)

where π is a random probability vector drawn from a Dirichlet
distribution, and E[πc] denotes the expected value (mean) of
πc. It encodes both class confidence and epistemic uncer-
tainty. The student matches the teacher’s distribution via the
Dirichlet–Dirichlet KL divergence [16]:

LKD = KL
(
Dir(αtea) ‖Dir(αstu)

)
, (13)

where αstu is inferred from the student’s visible modalities.
Each sample is weighted by the inverse of the teacher’s pre-

dictive uncertainty to emphasize reliable supervision, yielding
the uncertainty-aware distillation loss:

wi =
1

1 + Tr(Cov[πtea,i])
, L̃KD =

1

N

N∑
i=1

wi LKD(i),

(14)



TABLE I
MAIN RESULTS UNDER 60% MISSING RATE. BOLD AND UNDERLINE DENOTE THE BEST AND SECOND-BEST RESULTS, RESPECTIVELY. ± DENOTES THE

STANDARD DEVIATION OVER 5 INDEPENDENT RUNS. ∆ REPRESENTS THE ABSOLUTE IMPROVEMENT OF PAG-MPD OVER THE SECOND-BEST BASELINE.

Datasets Missing MCTN MMIN MPVR EPE-P P-EA Ours (PAG-MPD) ∆

MM-IMDb

L 43.79±0.42 44.88±0.35 46.45±0.27 44.59±0.31 46.98±0.28 49.99±0.24 +3.01
V 44.53±0.38 46.64±0.32 49.89±0.25 51.32±0.25 50.45±0.31 53.46±0.22 +2.14

L,V 45.07±0.29 46.19±0.27 47.72±0.22 48.91±0.20 49.95±0.19 51.25±0.26 +1.30
Mismatch 44.16±0.51 45.76±0.44 47.17±0.39 47.66±0.42 48.13±0.38 50.30±0.45 +2.17

CMU-
MOSEI

L 54.05±0.39 54.16±0.35 54.81±0.31 55.27±0.32 55.56±0.29 58.20±0.25 +2.64
V 60.71±0.34 62.70±0.28 63.52±0.26 63.92±0.22 63.80±0.27 67.86±0.19 +3.94
A 60.93±0.31 61.87±0.27 64.85±0.24 65.21±0.28 64.95±0.24 68.21±0.21 +3.00

L,V 53.18±0.41 54.59±0.38 56.08±0.32 56.58±0.35 56.31±0.31 59.48±0.28 +2.90
L,A 55.74±0.38 54.49±0.35 54.56±0.33 55.17±0.26 54.91±0.30 58.66±0.23 +3.49
V,A 62.21±0.33 62.22±0.29 63.98±0.24 64.86±0.24 64.43±0.27 67.79±0.22 +2.93

L,V,A 62.51±0.29 64.43±0.25 64.83±0.21 64.86±0.19 64.87±0.21 67.73±0.18 +2.86
Mismatch 53.13±0.53 60.93±0.49 63.71±0.46 63.72±0.48 63.81±0.45 66.70±0.52 +2.89

where Cov[πtea,i] is the covariance matrix of πtea,i, capturing
total predictive uncertainty (epistemic + aleatoric). The trace
Tr(·) sums the variance across all classes, so larger wi places
greater emphasis on confident, reliable distillation signals.
Prompt-Guided Cross-Modal Consistency. To encourage
inter-modal coherence, we apply a graph Laplacian regularizer
[17] and cross-modal contrastive learning [18]:

Lsync =
∑

(m,m′)

Amm′

∥∥∥(z̄mi + pmfinal)− (z̄m
′

i + pm
′

final)
∥∥∥2

2

−
∑

(m,m′)

log
exp(〈φ(z̄mi ), φ(z̄m

′

i )〉/τc)∑
j exp(〈φ(z̄mi ), φ(z̄m

′
j )〉/τc)

,

(15)
where φ(·) is a non-linear projection head, τc > 0 is a
temperature, and Amm′ is the modality graph adjacency. Llap

encourages semantically similar modalities to align, while
Lcon enforces instance-level cross-modal alignment.
Combined Objective. The final multi-task objective is

L = Lcls + λKDL̃KD + λsyncLsync + λrountLroute, (16)

where hyper-parameters λ are coefficients used to balance the
contribution of each term.

III. EXPERIMENTS

Datasets and Baselines. We evaluate PAG-MPD on MM-
IMDb [19] and CMU-MOSI [20] with F1-Macro and three-
class accuracy as evaluation metrics. We compare it with state-
of-the-art models, including MCTN [21], MMIN [13], MPVR
[22], EPE-P [23], P-EA [24].
Implementation Details. Following [22], [25], [26], we em-
ploy ViLT [27], BERT [28], and COVAREP [27] as the
modality-specific encoders for image, text, and audio, re-
spectively. Extracted features are projected into a unified
dimension of d = 512, while audio features are mapped to
a 128-dimensional space. Missing modalities are represented
by zero-padded placeholders or learned embedding tokens.

TABLE II
ABLATION OF CORE MODULES UNDER 60% MISSING RATE (M: ALL

MODALITIES). ∆ ↓ INDICATES THE PERFORMANCE DROP.

Variant MM-IMDb ∆ ↓ CMU-MOSEI ∆ ↓
Full PAG-MPD 51.25±0.26 - 67.73±0.18 -

w/o PAGR 48.48±0.35 2.77 64.82±0.31 2.91
w/o DSR 48.89±0.28 2.36 65.44±0.27 2.29
w/o UA-KD 50.21±0.24 1.04 66.14±0.22 1.59
w/o LRA 50.47±0.19 0.78 66.41±0.20 1.32

To maintain parameter efficiency, the backbone encoders are
frozen, and only the task-specific heads and prompt networks
(Tp = 16, L = 5) are optimized. The dynamic sparse routing
component is configured with K = 4 candidate paths and
Top-S = 2 selection. Low-rank adapters utilize a bottleneck
dimension of dr = 32. For the joint optimization objective,
the temperature for Gumbel sampling is set to τ = 1.0,
and the contrastive alignment temperature is τc = 0.07. The
balancing coefficients are set to λKD = 0.01, λsync = 0.1, and
λroute = 0.05. All experiments are implemented in PyTorch
and optimized using the Adam optimizer with a learning rate
of 1 × 10−3, weight decay of 2 × 10−2, and a batch size of
32. Training is conducted for 50 epochs on a single NVIDIA
A100 GPU.

Following [29], [30], we evaluate PAG-MPD under two pro-
tocols: Fixed Incompleteness and Mismatching Observation.
We quantify data absence via the Missingness Intensity (η):
η = 1−

∑N
i=1Mi

N×M , where Mi =
∑M
m=1 r

m
i denotes the number

of observed modalities for sample i. We ensure Mi ≥ 1 for
all samples to prevent empty observations. In this paper, we
set a default η = 60% to evaluate robustness under severe
absence. For Fixed Incompleteness, the pattern ri is identical
for all samples; for Mismatching Observation, patterns are
randomized per instance to examine model adaptability.
Main Results. Table I presents a comprehensive performance
comparison. PAG-MPD consistently outperforms all state-of-



Fig. 3. Ablation study on prompt Tp and L across different datasets under
a 60% missing rate (M : all modalities, train-test consistent).

Fig. 4. Ablation study on the low-rank adapter dimension dr under a 60%
missing rate (M: all modalities, train–test consistent).

the-art baselines across all missing-modality scenarios. The
key observations are as follows:

(1) Significant Performance Gains. Our framework achieves
a substantial improvement over the second-best baseline (P-
EA or EPE-P), with a maximum ∆ of +3.01 on MM-IMDb
and +3.94 on CMU-MOSEI. This confirms that modeling
conditional inter-modal dependencies via pattern-aware graphs
is superior to static prompt mechanisms.

(2) Superiority in Multi-modality Complexity. The perfor-
mance edge is more pronounced in the three-modality CMU-
MOSEI dataset compared to the two-modality MM-IMDb.
For instance, when the visual (V) or audio (A) modality is
absent in CMU-MOSEI, PAG-MPD maintains high accuracy
with gains of 3.94% and 3.00%, respectively, demonstrating
its ability to capture rich multimodal dependencies through
meta-adaptive prompt generation.

(3) Robustness under Mismatching Protocols. Even when
training and testing missing patterns are randomized (Mis-
match), PAG-MPD retains strong leads of +2.17 and +2.89
points. Despite the higher standard deviations in these chal-
lenging scenarios, our framework achieves the lowest variance
among top performers, proving that uncertainty-aware distilla-
tion effectively stabilizes knowledge transfer under stochastic
observations.
Ablation Study on Core Modules. We evaluate PAG-MPD
with four variants: without pattern-aware graph routing (w/o
PAGR), dynamic sparse routing (w/o DSR), uncertainty-aware
knowledge distillation (w/o UA-KD), and low-rank adapters

Fig. 5. Ablation on dynamic sparse routing K (a), S (b) under 60% missing
rate (M : all modalities, train-test consistent).

TABLE III
SENSITIVITY ANALYSIS UNDER 60% MISSING RATE. THE SELECTED

DEFAULT SETTINGS ARE HIGHLIGHTED .

Hyper-parameter Value MM-IMDb CMU-MOSEI

λsync

0.001 48.94±0.45 64.28±0.38

0.050 50.56±0.32 66.85±0.27

0.100 51.25±0.26 67.73±0.18

0.200 50.82±0.29 67.24±0.24

0.500 49.75±0.38 65.91±0.35

λKD

0.001 49.24±0.41 65.05±0.32

0.005 50.68±0.28 67.02±0.24

0.010 51.25±0.26 67.73±0.18

0.050 50.81±0.32 67.08±0.26

0.100 50.15±0.37 66.42±0.31

Uncertainty wi
w/o wi 49.64±0.48 65.71±0.39

with wi 51.25±0.26 67.73±0.18

(w/o LRA). TableII shows that PAGR and DSR are most
critical, especially on CMU-MOSI, underscoring their roles
in modeling inter-modal dependencies and adaptive fusion.
UA-KD and LRA yield moderate gains by improving stability
and efficiency. Overall, all modules jointly contribute to PAG-
MPD’s robustness.
Ablation on Prompt Configuration. We vary prompt length
(Tp ∈ {8, 16, 32, 64}) and injection layers (L ∈ {1, 3, 5, 7}).
Results (Fig. 4 (a)) show Tp = 16 and L = 5 achieve the best
trade-off between expressiveness, interaction, and stability.
Shorter prompts or fewer layers underfit, while longer prompts
or deeper injections bring marginal gains with slight instability,
underscoring the importance of prompt design for effective
adaptation.
Ablation on Low-Rank Adapter (LRA) Dimension. As
shown in Fig. 4, We test dr ∈ {16, 32, 64, 128} and find
dr = 32 offers the best trade-off. Smaller sizes underfit, while
larger ones yield marginal gains with higher cost, confirming
the need for properly sized LRAs for efficient adaptation.
Ablation on Dynamic Sparse Routing. We vary candidate
paths K ∈ {2, 4, 6} and selections S ∈ {1, 2, 3} (Fig. 5).
The best trade-off is at K = 4, S = 2: too few paths hinder
adaptivity, while larger settings bring only slight gains with
higher cost. This confirms the importance of balanced sparse
routing for robust multimodal reasoning.



Hyper-parameter Sensitivity. Table III evaluates the stabil-
ity of PAG-MPD regarding λsync, λKD, and the uncertainty
weight wi. The robust bell-shaped trend across five magnitudes
demonstrates performance resilience, with optima at λsync =
0.1 and λKD = 0.01 validating balanced structural-semantic
alignment and distillation. The significant degradation without
wi confirms the necessity of prioritizing reliable teacher sig-
nals for robust knowledge transfer under partial observations.

IV. CONCLUSION

In this paper, we present PAG-MPD, a framework de-
signed to overcome the rigidity of preset interaction logic
in missing-modality learning. By synthesizing pattern-aware
graph routing and meta-prompting, PAG-MPD achieves a
dynamic reconfiguration of reasoning topologies, while an
uncertainty-aware distillation strategy ensures cross-modal
semantic consistency. Extensive evaluations demonstrate its
superior robustness under extreme missingness intensity and
mismatched protocols. Future research will explore the inte-
gration of causal reasoning for enhanced interpretability, the
scalability to multimodal foundation models, and the extension
to complex downstream tasks such as embodied planning and
empathetic dialogue.
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