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Abstract

Real-world medical AI systems rarely operate under ideal
conditions: multimodal clinical data are frequently incom-
plete due to resource constraints, equipment limitations,
and workflow disruptions—challenges amplified in under-
resourced hospitals and community clinics where infrastruc-
ture gaps make missing modalities the norm. Existing multi-
modal learning methods typically assume data completeness
or treat missing modalities as a narrow technical problem,
limiting their reliability in practice.
We posit that missing-modality learning should be reframed
as a core challenge of AI resilience in medicine, where
systems must maintain reliable performance under real-
world constraints while transparently communicating un-
certainty. To this end, we propose a two-tier framework
aligned with clinical workflows. Tier 1 enables efficient,
uncertainty-aware inference under missing modalities using
prompt-enhanced modality encoding and learnable pseudo-
embeddings. Cases with elevated uncertainty are routed to
Tier 2, which performs high-fidelity generative recovery us-
ing conditional diffusion models for precision-critical deci-
sions.
Component-level validation on a multi-center colorectal can-
cer cohort (1,679 patients, four centers) demonstrates that
each design element contributes measurably to downstream
prognostic performance: learnable pseudo-embeddings im-
prove the concordance index (C-index) by 10.1 points over
zero-filling in feature space, while missing-aware prompts
and modality-aware prompts contribute 4.4 and 3.7 points, re-
spectively. Full evaluation of uncertainty-guided routing and
generative recovery across brain tumor, cardiac, and CT–MRI
benchmarks is ongoing.

Introduction
Multimodal clinical data are rarely complete in practice:
imaging may be unavailable due to equipment limitations
or contraindications, records are fragmented across insti-
tutions, and data quality varies with acquisition proto-
cols (Zhang et al. 2022; Lipkova et al. 2022). In under-
resourced settings—rural hospitals, community clinics, and
low-income regions—missing modalities are the norm,
making reliable AI under such constraints inseparable from
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the goal of resilient healthcare communities. This challenge
extends beyond imaging: multimodal data fusion across sen-
sors, electronic medical records, and biosignals faces simi-
lar completeness assumptions that frequently fail in practice
(Rehman et al. 2025; Shah et al. 2025).

Existing approaches frame missing modalities as a ro-
bustness problem, seeking to preserve performance through
imputation, modality dropout, or learning-based recovery
(Zhou et al. 2026; Liu et al. 2025; Qian et al. 2025). We
argue this is insufficient: in clinical settings, the challenge is
resilience—systems must degrade gracefully, adapt to avail-
able resources, and communicate uncertainty transparently
rather than producing confident predictions from silently in-
ferred data (Chen et al. 2022). The consequences of silent
failure are concrete: Lipkova et al. (2022) report that stan-
dard multimodal survival models produce confidently incor-
rect risk stratifications when a modality is absent without
notification, potentially altering treatment decisions for pa-
tients whose true risk category would differ under complete
data.

This distinction has direct design implications. High-
fidelity generative models offer detailed reconstruction but
impose costs unsuitable for time-critical triage (Boehm et al.
2022), while lightweight inference supports rapid screen-
ing but lacks reliability for high-stakes decisions. Treating
missing-modality learning as a uniform problem obscures
these trade-offs.

We propose a two-tier framework structured around clin-
ical workflows. Tier 1 prioritizes efficiency and uncertainty
awareness for resource-constrained settings; Tier 2 provides
high-fidelity generative recovery for precision-critical deci-
sions. Uncertainty estimates govern routing between tiers,
ensuring inferred information is contextualized rather than
silently trusted.

Our contributions are as follows: (1) we reframe missing-
modality learning as an AI resilience challenge, shift-
ing the design focus from algorithmic robustness to clin-
ically grounded, workflow-aware adaptation; (2) we pro-
pose a two-tier architecture that integrates prompt-enhanced
modality encoding with uncertainty-guided routing, en-
abling resource-adaptive deployment across heterogeneous
clinical environments; and (3) we outline a research agenda
with concrete hypotheses and evaluation protocols toward
trustworthy medical multimodal AI under data imperfection.
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Related Work
Missing-modality learning has been addressed through
several paradigms. Feature-level methods learn modality-
agnostic representations, with recent work targeting modal-
ity imbalance (Zhou et al. 2026) and decoupling shared from
modality-specific features for arbitrary missing patterns (Liu
et al. 2025). Attention-based fusion dynamically weights
available modalities through cross-modal mechanisms, in-
cluding co-attention over histopathology–genomic features
(Chen et al. 2022) and transformers unifying heterogeneous
inputs with learned modality embeddings (Zhou et al. 2023);
however, these methods do not explicitly model uncertainty
over inferred representations. Generative recovery synthe-
sizes missing modalities using VAEs or diffusion models,
with recent work combining generation with risk stratifica-
tion (Qian et al. 2025), though late fusion alternatives sac-
rifice deep inter-modal interactions for modularity (Boehm
et al. 2022).

Despite this progress, existing approaches can be mapped
onto our two-tier framing to clarify the gap each leaves.
Feature-level methods (Zhou et al. 2026; Liu et al. 2025)
and attention-based fusion (Chen et al. 2022; Zhou et al.
2023) achieve efficient inference suitable for Tier 1, but
lack uncertainty quantification over inferred representations
and cannot flag cases that exceed their reconstruction capac-
ity. Generative recovery methods (Qian et al. 2025) provide
Tier 2-level fidelity but impose uniform computational cost
regardless of case difficulty, while late fusion alternatives
(Boehm et al. 2022) sacrifice deep inter-modal interactions
for modularity. Beyond imaging, analogous completeness
challenges arise in EEG-based biometric systems requiring
robust fusion across heterogeneous sensor streams (Rehman
et al. 2025), natural language understanding under resource-
constrained settings where data scarcity limits model reli-
ability (Ali et al. 2023), and data-mining frameworks that
must reason over historically incomplete patient records to
identify clinical risk factors (Halim et al. 2023)—reinforcing
that missing-modality resilience is a cross-cutting con-
cern, not an imaging-specific problem. Critically, no prior
framework jointly provides efficient lightweight recovery,
uncertainty-aware escalation, and high-fidelity generation
within a single clinically grounded architecture. Our work
organizes these capabilities within a resilience-oriented ar-
chitecture defined by clinical workflows rather than algorith-
mic convenience.

Methodology
We propose a two-tier architecture (Figure 1) opera-
tionalizing resilience through explicit modality awareness,
uncertainty-guided routing, and adaptive recovery. The two
tiers are trained sequentially: Tier 1 is optimized first, then
Tier 2 is trained with frozen Tier 1 estimates as conditioning
input.

Tier 1: Prompt-Enhanced Lightweight Recovery
Let M = {m1, . . . ,mK} denote the set of K modalities.
For patient i, we observe a subset Mobs

i ⊆ M with features

Figure 1. Two-tier framework with prompt-enhanced miss-
ing modality handling and uncertainty-based routing.
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where w ∈ Rd′ and V ∈ Rd′×d are learnable parameters.
To explicitly encode modality status, we augment each

aggregated representation with modality-aware prompts
ϕ

(k)
mod ∈ Rdp (learnable embeddings identifying modality

type) and missing-aware prompts ϕ
(k)
miss ∈ {0, 1} (binary

presence/absence indicators). When modality k is absent, a
learnable pseudo-embedding e

(k)
pseudo ∈ Rd substitutes for the
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encoded feature. The prompt-enhanced representation is:

h
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{
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i ; ϕ

(k)
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i
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(k)
pseudo; ϕ

(k)
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(2)

yielding h
(k)
i ∈ Rd+dp+1.

Tier 1 then maps the concatenated prompt-enhanced rep-
resentations Hi = [h

(1)
i ; . . . ;h

(K)
i ] through a compact net-

work fϕ to estimate missing features ẑ
(k)
i for k /∈ Mobs

i .
Predictive uncertainty is estimated via Monte Carlo (MC)
dropout—chosen for its negligible computational overhead,
consistent with Tier 1’s efficiency constraints:
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The training objective balances reconstruction fidelity,
anatomical plausibility, and downstream task utility:

LTier1 = Lrec + λaLanat + λtLtask (4)

where Lanat =
∑
r∈R max(0, ∥ẑr − µr∥ − κσr) pe-

nalizes reconstructions deviating beyond κ standard devi-
ations from region-wise statistics (µr,σr) estimated from
complete-data training samples. Here R indexes anatomi-
cally meaningful feature partitions (e.g., corresponding to
tissue regions or organ substructures), κ controls the toler-
ance margin, and the hinge formulation ensures the penalty
activates only when reconstructions fall outside the plausi-
ble range—acting as a learned anatomical prior that prevents
hallucination of features inconsistent with observed popula-
tion statistics. During training, modality-level augmentation
randomly drops each modality with probability p (ensuring
|Mtrain

i | ≥ 1), simulating real-world missingness patterns.

Uncertainty-Guided Routing
Cases are routed to Tier 2 when uncertainty exceeds thresh-
old θ or clinical context demands precision:

Route(i) =
{

Tier 2 if σ2
i > θ or ci ∈ Chigh-risk

Tier 1 otherwise
(5)

where θ is calibrated on held-out data by computing the un-
certainty distribution over complete-data cases and setting θ
at the 95th percentile of this distribution, targeting a refer-
ral rate that balances Tier 2 utilization against Tier 1 cov-
erage. Chigh-risk denotes predefined high-stakes clinical con-
texts (e.g., oncology staging, surgical planning) where Tier 2
is invoked regardless of uncertainty.

Tier 2: High-Fidelity Generative Recovery
Tier 2 employs a conditional diffusion model Gψ synthe-
sizing missing modality data x̂miss conditioned on available
data and Tier 1 estimates:

LDDPM = Et,x0,ϵ

[
∥ϵ− ϵψ(xt, t, c)∥2

]
(6)

where c = [xavail, ẑ, σ
2] is the conditioning context compris-

ing the raw observed modality data xavail, Tier 1’s feature-
space estimates ẑ for missing modalities (frozen during

Configuration C-index
Full model (all components) 0.812

w/o modality augmentation 0.793
w/o modality-aware prompts 0.775
w/o missing-aware prompts 0.768
w/o learnable pseudo-embeddings (zero-fill) 0.711
w/o diversity loss 0.796
single-branch (no multi-branch attention) 0.798

Table 1. Component ablation on the FUSCC cohort (over-
all survival prediction, C-index). C-index measures down-
stream prognostic task performance after missing-modality
imputation, not reconstruction quality directly. Each row re-
moves one component from the full model. All components
are shared with our Tier 1 design.

Tier 2 training), and the associated uncertainty map σ2 from
MC dropout. This design allows Tier 2 to leverage both the
raw fidelity of available data and the structural guidance pro-
vided by Tier 1’s imputed features, while the uncertainty
signal enables the diffusion model to allocate denoising ca-
pacity toward regions where Tier 1 was least confident. To
extract diverse prognostically relevant features from syn-
thesized outputs, we employ multi-branch attention with an
exclusive diversity loss that maximizes inter-branch feature
dissimilarity:

Ldiv = − 1

|P|
∑

(m,n)∈P

(
1− ⟨o(m),o(n)⟩

∥o(m)∥∥o(n)∥

)
(7)

where o(m) denotes the output of the m-th attention branch
and P is the set of all branch pairs. The full Tier 2 objective
combines generation quality, segmentation consistency, and
feature diversity:

LTier2 = LDDPM + αLseg + βLdiv (8)

Preliminary Results
While full evaluation of the two-tier framework is ongoing,
we report component-level validation supporting our core
design choices. Using a colorectal cancer prognostic pre-
diction task across four independent clinical centers (1,679
patients, three modalities: pathology, radiology, clinical re-
ports) (Qu et al. 2026), we isolate the contribution of each
missing-modality component shared with our framework.

As shown in Table 1, each component contributes mean-
ingfully: learnable pseudo-embeddings yield the largest in-
dividual gain (+10.1 points over zero-filling in the fea-
ture space, i.e., replacing e

(k)
pseudo with 0 ∈ Rd for absent

modalities), followed by missing-aware prompts (+4.4) and
modality-aware prompts (+3.7). The multi-branch attention
with diversity loss provides complementary improvements
(+1.4 and +1.6, respectively). These results empirically val-
idate the component design underlying our Tier 1 architec-
ture.

Critically, these results reflect a single-tier system with-
out uncertainty-guided routing or generative recovery. We
hypothesize that the full two-tier design will yield further
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gains: uncertainty routing should reduce silent failures by di-
recting low-confidence cases to Tier 2, while DDPM-based
recovery should provide higher-fidelity feature reconstruc-
tion for the subset of cases where Tier 1 confidence is insuf-
ficient.

Discussion and Future Work
Our component-level results confirm that explicit modal-
ity encoding—prompts, pseudo-embeddings, and modality
augmentation—provides substantial and additive gains un-
der missing modalities, validating the design foundation of
our framework. The key open question is whether the two-
tier architecture with uncertainty-guided routing yields ben-
efits beyond what single-tier approaches achieve.

Our ongoing evaluation targets three axes: (1) whether
uncertainty routing improves clinical calibration by reliably
identifying cases that exceed Tier 1’s reconstruction capac-
ity; (2) whether the two-tier design achieves diagnostic accu-
racy comparable to complete-modality baselines while sub-
stantially reducing computational cost for routine cases han-
dled by Tier 1 alone; and (3) whether DDPM-based recov-
ery in Tier 2 produces anatomically valid reconstructions
that outperform feature-level imputation for high-stakes de-
cisions. We also anticipate investigating expected failure
modes: in particular, we hypothesize that routing to Tier 2
may degrade when all or nearly all modalities are absent,
leaving insufficient conditioning signal for the diffusion
model to produce reliable reconstructions. In such extreme-
missingness scenarios, the framework should ideally abstain
rather than generate overconfident outputs, and we plan to
evaluate whether the uncertainty calibration remains well-
behaved under these boundary conditions. Experiments on
BraTS (brain tumor segmentation), M&Ms (cardiac imag-
ing), and multi-center CT–MRI datasets are in progress.

More broadly, this work frames the missing-modality
problem in medical AI not as algorithmic robustness but as
system-level resilience—designing for graceful degradation,
resource adaptation, and transparent uncertainty communi-
cation. This framing aligns naturally with the goals of re-
silient healthcare communities, where infrastructure hetero-
geneity is the norm.
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