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Abstract

Adapting Large Multimodal Models (LMMs) to real-world
scenarios poses the dual challenges of learning from se-
quential data streams while handling frequent modality in-
completeness, a task known as Continual Missing Modal-
ity Learning (CMML). However, existing works on CMML
have predominantly relied on prompt tuning, a technique
that struggles with this task due to cross-task interfer-
ence between its learnable prompts in their shared em-
bedding space. A naive application of Low-Rank Adapta-
tion (LoRA) with modality-shared module will also suffer
modality interference from competing gradients. To this end,
we propose DeLo, the first framework to leverage a novel
dual-decomposed low-rank expert architecture for CMML.
Specifically, this architecture resolves modality interference
through decomposed LoRA expert, dynamically compos-
ing LoRA update matrix with rank-one factors from disen-
tangled modality-specific factor pools. Embedded within a
task-partitioned framework that structurally prevents catas-
trophic forgetting, this expert system is supported by two
key mechanisms: a Cross-Modal Guided Routing strategy
to handle incomplete data and a Task-Key Memory for ef-
ficient, task-agnostic inference. Extensive experiments on es-
tablished CMML benchmarks demonstrate that our method
significantly outperforms state-of-the-art approaches. This
highlights the value of a principled, architecturally-aware
LoRA design for real-world multimodal challenges.

Code — https://github.com/Xiwei-web/DeLo

Introduction
Pre-trained multimodal models have shown great potential
in many applications (Radford et al. 2021; Li et al. 2023).
When fine-tuning these pre-trained models on downstream
tasks, missing modality issues often occur due to equip-
ment failure, data corruption, privacy concerns, etc. Exist-
ing methods (Zhao, Li, and Jin 2021; Ma et al. 2021; Lee
et al. 2023; Jang, Wang, and Kim 2024) address missing
modality issues by reconstructing missing information or
aligning multimodal features. However, the sequential data
in real-world applications will make these methods suffer
from catastrophic forgetting (Guo et al. 2025), leading to
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Figure 1: Illustration of continual missing modality learning.

performance degradation. To handle forgetting, an intuitive
idea is to store and retrain all old data but it creates large
storage overheads and potential privacy-leak issues.

In recent years, continual learning (CL) has made great
progress, such as replay-based methods (Rolnick et al.
2019; Buzzega et al. 2020; Cha, Lee, and Shin 2021),
regularization-based methods (Kirkpatrick et al. 2017;
Zenke, Poole, and Ganguli 2017; Aljundi et al. 2018), and
architecture-based methods (Serra et al. 2018; Li et al.
2019; Ebrahimi et al. 2020). Prompt-based methods (Wang
et al. 2022b,a; Wang, Huang, and Hong 2022; Smith et al.
2023) have attracted much attention due to their simplicity
and effectiveness. However, most of these methods are uni-
modal and difficult to transfer to multimodal field. Multi-
modal methods (Wang, Huang, and Hong 2022; Qian et al.
2023) always depend on language-image models such as
CLIP (Radford et al. 2021), which makes them difficult to
apply to other fields where there are more modalities. LoRA-
based methods (Wistuba et al. 2023; Liang and Li 2024;
Chen et al. 2024) have also emerged. These approaches aim
to better resolve the interference between new and old tasks
to achieve a superior stability-plasticity trade-off.

Prompt-based methods were recently extended to address
a more complex challenge: Continual Missing Modality
Learning (Figure 1) (Zhao et al. 2024; Yue et al. 2025;
Guo et al. 2025). However, while this line of research has
proven fruitful, its foundational reliance on prompt tuning
as the parameter efficient fine tuning (PEFT) mechanism
warrants closer examination. Recent studies (Wistuba et al.
2024) argue that this choice is often an ”undefended and
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Method Missing Continual Prompt LoRAModality Learning Tuning

MAP (Lee et al. 2023) ✓ p ✓ p
MSP (Jang, Wang, and Kim 2024) ✓ p ✓ p
L2P (Wang et al. 2022b) p ✓ ✓ p
DualPrompt (Wang et al. 2022a) p ✓ ✓ p
InfLoRA (Liang and Li 2024) p ✓ p ✓
RebQ (Zhao et al. 2024) ✓ ✓ ✓ p

DeLo (Ours) ✓ ✓ p ✓

Table 1: Comparison of related representative works by
problem area and adaptation technique.

unablated decision,” with extensive evidence demonstrating
that LoRA (Hu et al. 2022) is substantially more performant
than prompt tuning for CL. The core issue is the learnable
prompts of prompt tuning are optimized within a shared em-
bedding space, inherently limiting their capacity to prevent
the cross-task interference that causes catastrophic forget-
ting. This evidence motivates a shift towards a LoRA-based
approach. However, a naive application of standard LoRA
for CMML is also insufficient. Such an approach would still
suffer from modality interference, where conflicting updates
from these heterogeneous data sources (e.g., image-only vs.
text-only) would lead to the learning of entangled and sub-
optimal adaptations. Table 1 highlights that there is a clear
gap where no existing method effectively tailors a powerful
PEFT like LoRA to the dual challenges of CMML.

Based on these findings, our work proposes DeLo, the
first LoRA-based framework designed to tackle the CMML
problem by leveraging a novel dual-Decomposed Low-rank
expert architecture. DeLo adopts dynamic decomposed low-
rank expert with factors selected from Modality-Specific
Factor Pool through instance-based Cross-Modal Guided
Routing strategy. DeLo features a task-partitioned expert
architecture to physically isolate knowledge, and utilizes a
Task-Key Memory to enable task-agnostic inference. We
conduct extensive experiments on two multimodal datasets:
UPMC-Food101-CMML and MM-IMDb-CMML. Our pro-
posed method can consistently outperform baselines and
state-of-the-art methods significantly on both two datasets.

Our main contributions can be summarized as follows:

• To the best of our knowledge, we are the first to pro-
pose a LoRA-based framework for the Continual Miss-
ing Modality Learning task, bridging a significant gap in
this commonly encountered real-world scenario.

• We propose a novel Dual Decomposed Low-Rank Expert
architecture that simultaneously addresses catastrophic
forgetting and modality interference. The LoRA experts
is composed of selectable low-rank factors from disen-
tangled modality-specific factor pools.

• We demonstrate through extensive experiments that
DeLo achieves state-of-the-art performance on CMML
benchmarks, delivering superior average performance
while structurally mitigating catastrophic forgetting.

Related Work
Multi-Modal Learning with Missing Modalities
The challenge of handling missing modalities is a signifi-
cant bottleneck in multimodal learning, often causing severe
performance degradation (Lee et al. 2023; Jin et al. 2023).
Research to mitigate this issue has broadly followed three
main directions. One line of work focuses on generative so-
lutions (Cai et al. 2018; Zhang et al. 2024; Ke et al. 2025),
such as directly synthesizing the data of the absent modality
using the available information. Other approaches operate
in the feature space, aiming to learn robust representations
that are resilient to missing data. These include methods that
align features by translating between modalities (Pham et al.
2019), predict the missing modality’s representation from
available ones (Zhao, Li, and Jin 2021), or estimate latent
features via Bayesian meta-learning (Ma et al. 2021).

More recently, a popular parameter-efficient strategy has
emerged that leverages learnable prompt tokens within pre-
trained transformers to act as proxy representation for miss-
ing information (Lee et al. 2023; Woo et al. 2023; Jang,
Wang, and Kim 2024; Zhao et al. 2024; Yue et al. 2025; Guo
et al. 2025). However, these prompt-based methods, much
like the other strategies discussed, are predominantly de-
signed for static fixed datasets. This shared limitation makes
them ill-equipped for real-world scenarios where data arrive
sequentially, a core challenge addressed by CMML.

Continual Learning
Continual learning (CL) endeavors to empower models to
learn from a sequential stream of tasks. The primary barrier
to this goal is catastrophic forgetting (McCloskey and Co-
hen 1989), a phenomenon in which acquiring new knowl-
edge leads to the abrupt erasure of previously learned in-
formation. Traditional CL strategies, which typically learn
from scratch, can be categorized into three families: (1)
Regularization-based methods (Zenke, Poole, and Ganguli
2017; Aljundi et al. 2018; Jung et al. 2020) protect prior
knowledge by imposing constraints on updates to parame-
ters deemed critical for past tasks. (2) Replay-based meth-
ods (Aljundi et al. 2019; Chrysakis and Moens 2020; Liang
and Li 2023b,a) store a small buffer of representative sam-
ples from previous tasks to rehearse during new task train-
ing. (3) Architecture-based methods (Li et al. 2019; Hung
et al. 2019; Ebrahimi et al. 2020) mitigate interference by
dynamically expanding the network or isolating subsets of
task-specific parameters. Although effective to some extent,
these methods often face scalability challenges as the com-
plexity of the model or the number of tasks increases.

The paradigm has recently shifted toward leveraging large
pre-trained models (Dosovitskiy et al. 2020; He et al. 2022)
for continual learning. Early attempts to fully fine-tune these
large models proved to be inefficient in parameters (Bos-
chini et al. 2022; Zheng et al. 2023). This has spurred the
exploration of PEFT for CL. Prominent examples include
prompt adjustment (Wang et al. 2022b,a; Khan et al. 2023;
Smith et al. 2023), which has demonstrated strong perfor-
mance, particularly in class-incremental scenarios, and var-
ious methods based on LoRA (Wistuba et al. 2023; Liang
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Figure 2: Overview of our proposed DeLo framework. The left panel illustrates the task-partitioned architecture for continual
learning. To prevent catastrophic forgetting, only the expert modules and classifier for the current task k are trainable, while
the main backbone and all modules for previous tasks (1 to k − 1) are frozen. The right panel details the dual decomposed
LoRA expert for a given Task k, which consists of Modality-Specific Factor Pools (Visual: Pv

k = {(ave , bve)}Ee=1 and Textual:
Pt
k = {(ate, bte)}Ee=1). For each input, factors are dynamically selected from these pools to compose modality-specific weight

adjustments ∆W v =
∑r

i=1 b
v
i ⊗ avi and ∆W t =

∑r
j=1 b

t
j ⊗ atj , whose sum forms the final update ∆Wk. The top of this panel

shows our Cross-Modal Guided Routing for handling missing modalities, where the query from an available modality serves as
a proxy for the missing one (e.g., q̂t := qv for image-only input) and the Alignment Loss Lalign for complete data.

and Li 2024; Chen et al. 2024), which focus on mitigating
intertask interference during sequential learning. However,
effective application of these powerful PEFT strategies, es-
pecially LoRA, to continual learning tasks with incomplete
data remains a key open challenge.

Proposed Method
Problem Formulation
Our work tackles the challenging yet practical scenario of
CMML, where a model must sequentially learn from tasks
containing potentially incomplete multimodal data. This set-
ting imposes three real-world constraints: (1) parameter ef-
ficiency for on-device adaptation, since full fine-tuning of
large pre-trained models is infeasible; (2) privacy and stor-
age limitations that prohibit data replay, making the model
prone to catastrophic forgetting as new tasks arrive; and (3)
autonomous system must perform task-agnostic inference,
enabling classification without prior task IDs information.

Formally, we consider a sequence of T tasks, T =
{T1, . . . , TT }. For any given task Tk, the model has access
only to its corresponding training dataset Dk. To simplify
but without loss of generality, we consider a multimodal
dataset with text (t) and visual (v) modalities, where each
task’s dataset Dk is structured as a composite of three sub-
sets, D = {Dt,Dv,Dc}, to capture the nature of modality-
missing. Specifically, a set of modality-complete samples
Dc = {(ti,vi,yi)}Nc

i=1; a text-only set Dt = {(ti,yi)}Nt
i=1;

and a visual-only set Dv = {(vi,yi)}Nv
i=1, where Nc, Nt

and Nv are the number of samples in each respective subset.

Here, ti/vi denotes the embedding of textual/visual content
and yi ∈ RC is the label vector where C is the number
of classes. Following (Lee et al. 2023), we assign dummy
inputs t̃/ṽ to represent missing-modality data and obtain
D̃t = {(ti, ṽ,yi)}Nt

i=1 and D̃v = {(t̃,vi,yi)}Nv
i=1. During

the training, data from previous tasks is not available. In the
inference phase, the task ID is unknown.

Decomposed Low-Rank Expert Architecture
Inspired by the concept of Mixture-of-Experts (Shazeer
et al. 2017) and its application to dynamic adapter construc-
tion (Shen et al. 2024), DeLo leverages low-rank decom-
position factors as a pool of selectable experts. In standard
LoRA, a frozen pre-trained weight matrix W ∈ Rdout×din

is augmented by injecting a parallel, trainable weight ad-
justment matrix ∆W ∈ Rdout×din , where din and dout are
the input and output dimensions respectively. This adjust-
ment is efficiently parameterized by decomposing it into two
smaller, low-rank matrices: ∆W = BA, where A ∈ Rr×din

and B ∈ Rdout×r. The rank r is much smaller than the orig-
inal dimensions (r ≪ min(din, dout)) to ensure high param-
eter efficiency. The forward pass of a LoRA-adapted layer
computes the input hidden state h as follows:

h̃ = Wh+∆Wh = Wh+ α ·BAh, (1)

with the α ≥ 1 controls the influence of the weight adjust-
ment matrices. As shown in Figure 3, DeLo departs from this
static formulation by dynamically composing this weight
adjustment matrix from a larger pool of rank-one factors.
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Figure 3: Comparison of LoRA parameterizations. (a) Con-
ventional LoRA, where the weight adjustment matrix is rep-
resented as a product of two low-rank matrices (BA). (b)
Decomposed LoRA, where the adjustment is expressed as a
sum of r rank-one matrices, each formed by the outer prod-
uct of a vector pair

∑r
i=1 bi ⊗ ai.

This can be expressed via tensor decomposition as:

∆W = BA =
r∑

i=1

bi ⊗ ai, (2)

where ⊗ denotes the outer product and each (ai, bi) is the
selected vector pair with ai ∈ Rdin×1 and bi ∈ Rdout×1.
Instead of learning a single B and A matrix, DeLo main-
tains expanded pools of expert factors. These pools con-
tain E total pool pairs, {ae}Ee=1, {be}Ee=1, E > r. This al-
lows the model to dynamically construct a unique ∆W for
specific inputs by selecting r appropriate factors. Following
LoRA (Hu et al. 2022), we use a random Gaussian initial-
ization for {ae}Ee=1 and zero for {be}Ee=1.

Decomposed modality-specific factor pool
A central challenge in adapting multimodal models is the po-
tential for modality interference. When a single, unified pool
of experts is used to learn from distinct data streams like vi-
sion and text, its parameters are updated by competing gradi-
ents, which can lead to the learning of entangled and subop-
timal representations. Inspired by the knowledge decompo-
sition strategy in RebQ (Zhao et al. 2024), DeLo employs
modality-specific factor pools to ensure the model learns
specialized, disentangled adaptations for visual and textual
features without interference. Specifically, the expert system
is comprised of two distinct and independent sub-pools: a
vision factor pool Pv and a text factor pool Pt. The vision
factor pool Pv contains Ev pairs of learnable low-rank fac-
tors dedicated to the visual modality: Pv = {(ave , bve)}

Ev
e=1,

where ave and bve are the expert factors for vision. Similarly,
the text factor pool Pt contains Et pairs of factors for the
textual modality: Pt = {(ate, bte)}

Et
e=1.

We adopt the instance-based routing method from
MixLoRA (Shen et al. 2024) to select factors from expanded
pools. For a given input hidden state h ∈ Rseq×din from the
preceding layer, a query signal q = Avg(h) is first generated
by averaging the hidden states across the sequence dimen-
sion. The input query q is then processed through a dense
layer with weights WA ∈ RE×din and a softmax function to
generate scores over the expert pool. The final selection vec-

tor gA ∈ {0, 1}E is determined by a topr(·) operation that
creates a binary mask identifying the top-r scoring experts:

gA = topr(softmax(WA · q)), (3)

The selection of factors for the B matrix employs a more
comprehensive process to ensure a cohesive adaptation. It is
guided by two signals: the same input query q, and the com-
position of the A matrix that was just selected. The selection
scores derived from both signals are fused via element-wise
addition to determine the final probabilities for the B fac-
tors. The resulting selection vector gB , therefore identifies
a set of B factors that are not only relevant to the input but
also highly compatible with the chosen A factors.

We finally select r vision experts from Pv to compose the
vision-specific adjustment matrix ∆W v. Likewise, it selects
r text experts from Pt to compose the text-specific adjust-
ment matrix ∆W t. These are formulated as:

∆W v =

r∑
i=1

bvi ⊗ avi and ∆W t =

r∑
j=1

btj ⊗ atj . (4)

The final weight adjustment matrix for the input is the col-
laborative sum of these two modality-specific adjustments.
The complete forward pass for a layer within the model is
therefore: h̃ = Wh+ (∆W v +∆W t)h.

Cross-Modal Guided Routing
Our method presents a unique challenge: How does the
system perform modality-specific factor selection when one
modality is missing? We address this by using the query
from the available modality as a proxy for the missing
one, leveraging the shared semantic space of the multi-
modal backbone. For a complete sample with visual and tex-
tual hidden states hv and ht, their averaged queries qv =
Avg(hv) and qt = Avg(ht) are semantically aligned (qv ≈
qt). Thus, when text is missing, the proxy query is simply
q̂t := qv. Expert selection for the missing modality then fol-
lows the standard routing rule:

gtA = topr(softmax(W t
A · q̂t)). (5)

Because both queries share the same hidden dimension din,
this substitution requires no extra projection, keeping the
routing mechanism simple and seamless.

Task-Key Routing for Task-Agnostic Inference
To prevent catastrophic forgetting, DeLo employs a task-
partitioned architecture. The complete set of expert pools P
can be defined as a collection of T task-specific pools:

P = {(Pv
1 ,Pt

1), (Pv
2 ,Pt

2), ..., (Pv
T ,Pt

T )}, (6)

During the training of task Tk , only the parameters within its
corresponding pool Pk and the classifier head are updated,
while all previously learned pools and heads are frozen.

This partitioned design necessitates a mechanism for task-
agnostic inference to select the correct expert pool for a
given input. To this end, we introduce a lightweight, non-
trainable buffer designed to dynamically route inputs with-
out explicit task IDs. This module maintains a set of rep-
resentative vectors {keyk}Tk=1, where each keyk ∈ Rdin
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η #Image #Text MAP MSP L2P DualPrompt RebQ DeLo
AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓)

10%
100% 90% 20.66 82.50 21.45 80.03 34.09 5.80 59.56 3.38 68.67 9.50 77.19 10.21
90% 100% 21.53 82.20 23.29 78.98 35.21 5.51 59.90 1.72 72.46 7.64 80.23 7.88
95% 95% 22.84 80.13 22.12 79.35 34.00 6.55 58.18 6.32 71.06 8.22 78.12 10.32

30%
100% 70% 16.57 83.77 21.37 79.95 30.40 6.53 51.86 6.46 62.06 10.76 74.08 9.69
70% 100% 24.00 77.12 22.21 76.02 34.75 4.66 52.66 5.11 71.62 6.44 78.20 6.34
85% 85% 20.66 79.81 21.89 79.01 29.76 6.87 48.56 8.73 66.37 8.07 73.63 8.89

50%
100% 50% 18.18 79.77 17.88 77.31 28.95 6.33 47.70 6.09 55.87 12.07 71.41 14.77
50% 100% 23.85 75.59 21.57 77.99 32.18 4.55 50.22 5.03 69.23 5.84 76.38 7.39
75% 75% 18.66 79.80 18.10 78.04 25.30 6.17 43.67 8.52 62.40 8.24 70.59 8.27

70%
100% 30% 17.68 77.82 19.29 78.17 26.57 5.80 43.09 8.96 50.00 12.47 70.04 14.91
30% 100% 22.48 75.21 21.22 75.21 30.43 3.99 50.28 5.19 69.41 3.73 74.80 5.32
65% 65% 20.00 75.95 19.76 76.54 24.62 5.66 40.69 7.26 59.92 8.56 67.42 9.41

90%
100% 10% 16.92 76.60 18.62 75.14 24.94 5.60 37.26 11.46 48.15 12.76 67.30 15.68
10% 100% 24.89 70.84 21.69 71.23 29.77 4.54 51.16 4.80 67.71 4.71 74.21 4.83
55% 55% 18.41 75.19 20.45 74.31 24.62 5.66 40.69 7.29 54.67 8.78 63.37 10.97

Table 2: Performance comparison on UPMC-Food101-CMML dataset. We report AP and FG based on classification accu-
racy. Missing Modality can occur in both training and testing. The best performance is in bold.

serves as a unique centroid for task Tk. During the training
of task Tk, its key is updated smoothly using the exponential
moving average (EMA). At each training step t, the key is
updated using the average query signal from qbatch the cur-
rent batch as follows:

keyk,t = β · keyk,t−1 + (1− β) · qbatch,t, (7)

where β is the EMA momentum parameter, and keyk,t−1 is
the key’s state before update. At inference, given a test input
with query signal qtest, the module predicts the task ID k⋆ by
finding the key with the highest cosine similarity:

k⋆ = argmax
k∈1,...,T

(cos(qtest, keyk)) . (8)

The corresponding pool Pk∗ is then activated to process the
input. This approach is effective as each Task-Key serves as
a robust representation of its task’s feature cluster.

Training Objective
In this work, we address the classification task and adopt
cross-entropy (CE) loss Lc (binary cross-entropy loss for the
multi-label classification task) for training. To mitigate the
potential modality bias inherent in our cross-modal guided
routing mechanism when a modality is missing, we in-
troduce two auxiliary losses computed exclusively on the
modality-complete samples within each batch. An Align-
ment Loss Lalign explicitly encourages the query signals
from paired visual (qv) and textual (qt) data to inhabit a
shared semantic space by minimizing their cosine distance:

Lalign = 1− cos(qv, qt), (9)

thereby enhancing the quality of the proxy signal. Further-
more, to ensure the proxy signal elicits a similar reasoning
process as the authentic one, we employ a Consistency Loss
Lcon. This term minimizes the KL divergence between the

model’s output distributions when a router is guided by the
true query versus the proxy query. The final objective is:

L = Lc + λ1Lalign + λ2Lcon. (10)

where λ1 and λ2 are hyperparameters that balance the regu-
larization. This joint optimization forces the model not only
to be accurate but also to learn robust and consistent cross-
modal representations, which are crucial for effective per-
formance in modality-missing scenarios.

Experiments
Datasets and Evaluation Metrics
Following the experiment protocol adopted in (Zhao et al.
2024), we adapt two curated datasets established for the
CMML task: UPMC-Food101-CMML and MM-IMDb-
CMML. UPMC-Food101-CMML benchmark is derived
from the UPMC-Food101 (Wang et al. 2015) dataset, com-
prising 101 food categories and 61, 142 training, 6, 846
validation, and 22, 716 test image-text pairs. For the CL
setup, these categories are partitioned into 10 sequential ses-
sions. MM-IMDb-CMML benchmark is built upon the MM-
IMDb (Arevalo et al. 2017) dataset. This dataset consists of
15, 552 training, 2, 608 validation, and 7, 799 test image-
text pairs across 27 movie genres. Adhering to the multi-
label continual learning paradigm (Dong et al. 2023), the 7
most infrequent genres are removed, and the remaining cat-
egories are structured into 5 distinct sessions, each introduc-
ing 4 new genres. For both benchmarks, the missing sever-
ity is controlled by a ratio η%, representing the modality-
incomplete data within each session. In cases where both
modalities can be absent, this portion is typically split evenly
between image-only and text-only data.

For evaluation, we employ two standard metrics from
the continual learning literature (Chaudhry et al. 2018a,b;
Lopez-Paz and Ranzato 2017; Loshchilov and Hutter 2017):
Average Performance (AP) and Average Forgetting (FG).
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η #Image #Text MAP MSP L2P DualPrompt RebQ DeLo
AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓) AP (↑) FG (↓)

10%
100% 90% 15.77 34.67 19.49 35.11 13.67 8.96 22.79 20.42 24.19 32.46 29.14 32.11
90% 100% 16.63 33.30 19.01 34.89 13.54 8.26 24.82 24.09 27.35 28.88 34.77 30.36
95% 95% 17.24 31.28 15.69 32.17 13.90 8.42 24.19 24.04 26.90 28.26 31.84 30.72

30%
100% 70% 19.85 32.14 20.01 34.87 10.68 8.03 22.96 23.96 24.75 25.86 29.28 32.79
70% 100% 17.19 31.09 18.31 32.45 10.98 7.27 20.98 19.67 26.68 27.89 34.56 32.38
85% 85% 14.44 33.29 14.20 35.57 11.58 7.90 22.18 20.72 25.80 26.95 30.62 29.23

50%
100% 50% 19.19 36.18 15.93 35.29 9.54 5.54 20.04 21.48 23.89 25.27 28.88 33.18
50% 100% 18.83 32.02 16.78 34.14 9.77 4.88 19.97 20.24 26.45 27.53 32.83 31.09
75% 75% 17.36 29.67 16.24 31.81 10.08 5.23 20.32 19.09 25.31 25.88 30.15 33.72

70%
100% 30% 17.45 27.14 18.01 27.32 7.26 5.37 16.80 13.82 22.41 24.39 27.21 33.39
30% 100% 16.09 34.59 14.30 35.72 7.49 5.20 18.42 15.32 26.27 27.56 31.03 32.76
65% 65% 17.20 29.39 18.27 29.34 6.93 6.23 16.19 15.76 23.77 25.26 28.97 31.84

90%
100% 10% 18.85 25.03 18.01 29.14 5.98 5.82 15.50 11.27 21.37 23.66 26.11 35.11
10% 100% 17.79 31.65 17.88 32.19 6.29 5.09 21.22 18.38 26.22 27.50 30.23 33.85
55% 55% 16.28 27.89 16.20 31.47 6.84 6.39 16.82 8.44 25.42 25.82 28.59 32.79

Table 3: Performance comparison on the MM-IMDb-CMML dataset. We report AP and FG based on F1-Macro. Missing
Modality can occur in both training and testing. The best performance is in bold.

AP is the average performance across all T tasks after the
model has completed training on the final task, calculated as
AP = 1

T

∑T
t=1 at,T , where ai,j denotes the performance on

task Ti after training up to task Tj . FG measures the perfor-
mance degradation on past tasks and is calculated as:

FG =
1

T − 1

T−1∑
t=1

max
z∈{t,··· ,T−1}

(at,z − at,T ). (11)

Comparison Methods. To comprehensively evaluate our
DeLo framework, we benchmark it against a strong set
of baselines from two relevant research domains: missing
modality and continual learning. For the missing modality
problem, we include MAP (Lee et al. 2023) and MSP (Jang,
Wang, and Kim 2024)), which represent modern meth-
ods that adapt pre-trained LMMs for modality-incomplete
data. From the continual learning perspective, we com-
pare against leading prompt-based frameworks to contrast
with our LoRA-based approach, including L2P (Wang et al.
2022b) and DualPrompt (Wang et al. 2022a). Importantly,
we also conduct a direct comparison with RebQ (Zhao et al.
2024), the state-of-the-art method that first introduced the
CMML task and its corresponding benchmark.

Implementation Details. Following (Lee et al. 2023), we
utilize ViLT-B/321 (Kim, Son, and Kim 2021) as the pre-
trained LMM backbone. Following the parameter-efficient
paradigm, the parameters of the ViLT backbone remain
frozen throughout all continual learning stages. A new,
learnable fully-connected layer is instantiated as a dedicated
classification head for each task. An empty string denotes
the dummy text input (i.e., t̃), and an image with all pixel
values equal one as the dummy image input (i.e., ṽ). We
set the expert pool size to E = 16 and the selected rank to
r = 4. The loss hyperparameters are λ1 = 0.1 and λ2 = 0.1,
and the EMA momentum is β = 0.99. We train all model

1https://huggingface.co/dandelin/vilt-b32-mlm

using the AdamW (Loshchilov and Hutter 2017) optimizer
with a batch size of 4. The learning rate is initialized to 1e-4
and managed by a cosine annealing scheduler with a linear
warmup phase over the first 10% of training steps. All ex-
periments are conducted on one NVIDIA A100 GPU.

Main Results
Table 2 and Table 3 summarizes the experimental results on
both benchmarks, showing that our proposed DeLo frame-
work consistently achieves the highest AP and maintains
comparable or lower FG across all configurations. Unlike
methods such as MAP and MSP which are not designed for
continual learning, DeLo avoids the catastrophic forgetting
that arises from overfitting adaptable parameters to each new
task. Furthermore, DeLo improves upon advanced prompt-
based continual learning methods. While approaches like
L2P and DualPrompt utilize prompt pools, their perfor-
mance can be hindered when missing modalities prevent ef-
fective pool access, our dynamic low-rank experts remain
robust. Even RebQ, which extends this paradigm to CMML,
still exhibits measurable forgetting in certain settings. The
slightly higher FG of DeLo on the MM-IMDb-CMML can
be attributed to its multi-label nature and richer semantic di-
versity, which make continual adaptation more challenging.
We also observe that for all methods, performance correlates
with the availability of text, likely due to the richer semantic
information contained in textual descriptions.

Ablation Study
In this section, we explore various DeLo variants to as-
sess the importance of each component. Experiments are all
based on the UPMC-Food101-CMML with a missing ratio
η = 70%, where both image and text modalities are missing.

Effectiveness of DeLo Components As presented in Ta-
ble 4, we compare our full DeLo model against several vari-
ants, each with a crucial component removed or simplified.
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Figure 4: (a) t-SNE visualization of the final representations
learned by the Task-Key Memory for each of the 10 contin-
ual tasks in UPMC-Food101-CMML. (b) The distribution of
cosine similarity between visual and textual query signals,
evaluated on modality-complete data.

The importance of our modality-decomposed architecture is
evident when replacing the separate vision and text pools
with a single unified pool (w/o Modality-Specific
Factor Pool), which results in a significant perfor-
mance drop due to modality interference. Performance
collapses even more severely when removing the Cross-
Modal Guided Routing mechanism (w/o Cross-Modal
Guide), demonstrating that our strategy to preserve mul-
timodal collaboration with incomplete data is critical. As
illustrated in Figure 4, the Task-Key Memory forms well-
separated clusters for different continual tasks, while the
visual and textual query signals exhibit strong seman-
tic alignment. Additionally, replacing our dynamic de-
composed LoRA experts with conventional static LoRA
(DeLo-LoRA) also degrades performance. These results
collectively confirm that each component of DeLo provides
an essential contribution to its overall effectiveness.

Method AP (↑) FG (↓)

DeLo (E = 16, r = 4) 67.42 9.41
DeLo-LoRA (r = 4) 60.39 12.08
w/o Cross-Modal Guide 48.84 20.13
w/o Modality-Specific Factor Pool 56.52 13.76

Table 4: Component-wise analysis of the DeLo framework.

Impact of the Number of Rank and Factors We analyze
the impact of the total number of available expert factors (E)
and the selected rank (r) to determine an optimal balance
between performance and parameter efficiency. As shown in
Table 5, our results reveal a clear trend: increasing the rank
from 2 to 4 yields a substantial improvement in AP, but this
gain diminishes or slightly reverses when the rank is further
increased to 8. This suggests that r = 4 provides a sweet
spot for expressive capacity without the potential optimiza-
tion challenges of a larger rank. Meanwhile, a larger factor
pool (E = 32) consistently offers a modest performance ad-
vantage over a smaller one (E = 16) by providing the router
with a more diverse set of experts. Given that a core goal of

Factors Rank AP (↑) FG (↓) Trainable Total
(E) (r) Parameters Parameters

16 2 63.78 11.20 7.1M 182.8M
16 4 67.42 9.41 12.4M 235.9M
16 8 67.11 10.89 23.0M 342.1M
32 2 64.53 13.37 14.2M 253.6M
32 4 68.03 8.92 24.8M 359.8M
32 8 67.92 9.24 46.0M 572.1M

Table 5: Impact of factor pool size and selected rank on
DeLo’s performance and parameter efficiency.

our work is to maintain high parameter efficiency, we iden-
tify the setting of E = 16 and r = 4 as the optimal trade-off
between predictive accuracy and computational cost.

Effectiveness of three loss components. Table 6 demon-
strates that our regularization terms are crucial for the ef-
fectiveness of the Cross-Modal Guided Routing mechanism.
When training with only the standard classification loss
(Lc), the model achieves a baseline performance. Without
explicit constraints, the semantic alignment of the proxy
queries used for missing modalities is not guaranteed, which
limits the guidance mechanism’s effectiveness. Introducing
either the Alignment Loss (Lalign) or the Consistency Loss
(Lcon) individually leads to a clear improvement in per-
formance. The former enhances the proxy signal’s quality
by explicitly enforcing semantic similarity between queries,
while the latter reinforces a consistent reasoning process by
aligning the model’s output distributions. Notably, the full
model achieves the best results, suggesting that these two
losses are complementary and work synergistically to en-
hance the reliability of our guided routing.

Lc Lalign Lcon AP (↑) FG (↓)

✓ - - 61.95 12.37
✓ - ✓ 65.15 10.85
✓ ✓ - 65.88 10.74

✓ ✓ ✓ 67.42 9.41

Table 6: Impact of each loss component on performance.

Conclusion
In this paper, we propose DeLo, a novel framework that in-
troduces a dual-decomposed low-rank expert architecture to
the challenging problem of CMML. DeLo dynamically con-
structs low-rank adaptations for each input by selecting fac-
tors from expert pools that are partitioned by both task and
modality. This architecture, combined with a Cross-Modal
Guided Routing, enables knowledge preservation while ro-
bustly handling modality-incomplete data. Extensive exper-
iments on two established CMML benchmarks demonstrate
that DeLo significantly outperforms existing state-of-the-
art methods, achieving superior average performance while
showing robust knowledge retention across previous tasks.
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