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ABSTRACT

Continual Visual Question Answering (CVQA) based on pre-trained models
(PTMs) has achieved promising progress by leveraging prompt tuning to enable
continual multi-modal learning. However, most existing methods adopt cross-
modal prompt isolation, constructing visual and textual prompts separately, which
exacerbates modality imbalance and leads to degraded performance over time.
To tackle this issue, we propose MM-Prompt, a novel framework incorporating
cross-modal prompt query and cross-modal prompt recovery. The former enables
balanced prompt selection by incorporating cross-modal signals during query for-
mation, while the latter promotes joint prompt reconstruction through iterative
cross-modal interactions, guided by an alignment loss to prevent representational
drift. Extensive experiments show that MM-Prompt surpasses prior approaches in
accuracy and knowledge retention, while maintaining balanced modality engage-
ment throughout continual learning. Our code will be available.

1 INTRODUCTION

Pre-trained models (PTMs) have achieved considerable success in Visual Question Answering
(VQA) (Lin et al. 2022b; [Ravi et al., 2023} [Li et al., [2021), a traditional multi-modal task that
generates answers to questions based on relevant images. Recently, researchers further extended
PTMs to Continual VQA (CVQA) (Zhang et al.| 2023} [Nikandrou et al.| [2024; [Qian et al., 2023
Lin et al., [2022a; [Lei et al., [2023} |Cai & Rostami} 2025, where new content emerges over time,
with approaches developed to address the challenge of catastrophic forgetting. Prompt tuning, a
PTM-based method proven effective in continual learning (CL) (Wang et al.| [2022afb; |Smith et al.,
2023; Menabue et al., [2024)), which first selects prompts based on input representations via simi-
larity, then injects the selected prompts into encoders to guide learning. This approach has shown
good performance in CVQA (Qian et al., [2023; Zhang et al.| |2023; [Lei et al.,|2023; |Cai & Rostami,
2025). For example, |Qian et al.| (2023) introduces a fusion-prompt pool to complement visual and
textual prompts, Lei et al.| (2023) replays scene-graph prompts to enhance generalization, and |Cai &
Rostamil (2025) applies K-means clustering to define modality-aware prompt centers.

However, most prompt-based CVQA methods adopt a cross-modal prompt isolation approach, con-
structing and utilizing visual and textual prompts independently without complementary knowledge
understanding (Qian et al., 2023} |[Khattak et al., [2023; Zhang et al., [2023; |Cai & Rostami, 2025
Wang et al., 2022a:b; Menabue et al., [2024; Smith et al.| 2023} [Lei et al., |2023)). As illustrated in
Fig.[lal these methods select and process prompts separately for vision and language, without mech-
anisms for cross-modal interaction. This isolated approach is suboptimal for CVQA, where language
features naturally tend to be dominant (Ramakrishnan et al.,|2018)). Injecting such modality-isolated
prompts amplifies the existing imbalance by providing the model with additional information from
its already-preferred modality, diminishing the ability to integrate cross-modal representations. As
a result, performance degrades as the model increasingly relies on one modality.

To avoid cross-modal prompt isolation and disrupt the error accumulation of modality imbalance
in the two stages, i.e., prompt query and injection, we propose MM-Prompt, as shown in Fig. [Tb]
MM-Prompt consists of two key components, including cross-modal prompt query and cross-modal
prompt recovery. First, the cross-modal prompt query module enhances prompt selection by mixing
information from the opposite modality into each query prior to retrieval, enabling more balanced
and context-aware selection. Second, the cross-modal prompt recovery module jointly masks and re-



Under review as a conference paper at ICLR 2026

Vision Prompt

Question Prompt

f—m————
Selection Selection Vision/Questi | D E] :
e K ision/Question .
Selected Pretrained Decoder Selected Prompts Selection Pretrained Decoder I\C_rnssllnﬁal_l’ro pt_l
Prompt Prompt
Prompts Pool
@) Rk 0 Pretrained Encoder
Pretrained Encoder a ~_—
3 et —
Prompts /| Prompts [ D). Cross-Modal |
______ | Prompts Recovery | Recovel
- | (D). Cross-Modal-| i S S ]
- Query _Prompts Query
Vision Question N QQ
' Input Input ' Features mmp Selected
\Feature J Isolated Prompts \feature ) Feature Prompts VI/Q Prompt

(a) Existing CVQA methods

(b) Our proposed MM-Prompt model

Figure 1: Previous prompt-based CVQA approaches and MM-Prompt. Previous methods rely on isolated
prompt usage, accumulating modality-isolated biases, whereas MM-Prompt introduces explicit cross-modal
interactions that yield more balanced representations over sequential tasks.

constructs prompts through progressively enriched cross-modal interactions, effectively embedding
fused information into the prompt space before the injection stage. Alignment losses are applied to
prevent representational drift. Together, these components promote balanced modality utilization,
enhance accuracy, and reduce forgetting. Experimental results show that MM-Prompt not only sur-
passes prior prompt-based methods in performance and retention but also sustains more balanced
modality engagement across sequential tasks, effectively addressing the performance degradation
caused by modality-isolated prompts that underlies prior failures. Our contributions are:

(1) We show that the cross-modal prompt isolation approach adopted by existing prompt-based
CVQA methods progressively amplifies modality imbalance, undermines multimodal reasoning
capabilities, and ultimately degrades performance.

(2) We propose Cross-Modal Prompts Query, a mechanism that enriches modality-specific features
with complementary information before prompt selection, preventing prompts from reinforcing
single-modality specialization

(3) We develop Cross-Modal Prompts Recovery, a masking then hierarchical recovery approach
that enforces interactions between modalities and common knowledge understanding between
modalities through structured cross-modal pathways

2 RELATED WORK

Continual Visual Question Answering. CVQA integrates CL approaches by sequentially updating
models on new VQA tasks (Qian et al., 2023; |[Zhang et al.|, 2023} |Cai & Rostamil, 2025; Menabue
et al., 2024; [Smith et al., 2023; |Lei et al.| [2023). Approaches to address forgetting in CL include
regularization-based (Zheng et al., 2023} |Lao et al., [2023)), architecture-based (Yu et al., 2024bj, [Li
et al., [2019), replay-based (Rolnick et al., 2019} |Buzzega et al.| |2020), and prompt-based methods
(Wang et al.,|2022azb; [Smith et al.,|2023; [Khattak et al., | 2023; Menabue et al., 2024;|Cai & Rostamil,
2025; |[Zhang et al., 2023} \Qian et al.| [2023; |Lei et al.| 2023). While the first three typically require
full fine-tuning, prompt-based methods keep backbones frozen and only update lightweight prompts,
offering better efficiency. Wang et al.|(2022b) selects prompts based on query similarity/Wang et al.
(20224a) uses general and expert prompts at different layers and |Smith et al.| (2023), which injects
weighted combinations of prompt components. Despite their success in general CL, prompt methods
struggle with CVQA’s unique challenges. CVQA suffers from catastrophic forgetting (De Lange
et al.| 2021)) and modality imbalance (Yu et al.| [2024a; [Peng et al.||2022). Existing prompt methods
select and inject prompts in a modality-specific pattern, providing more information to the model’s
preferred modality, typically language (Yu et al.,|2024a)), which reinforces modality bias and hinders
cross-modal integration. As a result, the visual features are further marginalized, and the model’s
performance degrades.

Pre-trained Models with Prompt Tuning in CL. Pretrained models contain rich, generalizable
knowledge for downstream tasks (Han et al.| 2021} |[Raffel et al., 2020; Tan & Bansall 2019} |Douil-
lard et al., 2022} Radford et al., 2021). Among CL approaches, prompt-based methods (Qian et al.,
2023; Khattak et al., 2023; [Zhang et al.,2023;|Ca1 & Rostami}, 2025;|Wang et al.,2022azb; [Menabue
et al.| [2024; |Smith et al.| [2023; [Lei et al., [2023) are the most ideal for pretrained models as they
preserve capabilities by keeping backbones frozen. While most prompt methods were developed for
unimodal settings, several recent works explored multimodal prompt learning. |Qian et al.| (2023)
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introduced fusion prompt pools with interaction matrices to bridge modalities. [Lei et al.|(2023)) em-
ploys scene graphs as symbolic representations to encourage generalized learning across modalities.
Cair & Rostami| (2025)) uses a two-stage process with K-means clustering to establish modality-
specific centers before merging them. Despite these advances, these approaches remain suboptimal
for CVQA. As learning progresses, modality-specific differences accumulate within prompts with-
out explicit balancing mechanisms. The selected prompts inevitably carry modality-imbalanced
information, which can further exacerbate modality disparity and impair cross-modal integration
when injected into the model.

3 PROPOSED METHOD

3.1 PROBLEM FORMULATION

Following Zhang et al.[(2023), we formulate CVQA as a sequence of tasks {D;,--- ,Dr}. Each
task D; = {(z2, Y, y;)}™, consists of images x, corresponding questions 22, and labels y;. Mod-
els must acquire new visual concepts without revisiting past data while preserving performance on
earlier tasks. Existing prompt-based methods (Wang et al.| 2022ab) follow a cross-modal prompt
isolation strategy, relying on unimodal features for prompt selection and injection, without cross-
modal interaction. This reinforces alignment with modality-specific feature distributions, ampli-
fies the dominant modality bias, and hinders the integration of complementary information. To
overcome this, we propose MM-Prompt, which introduces two core components: (I) cross-modal
prompt query, enabling prompt selection guided by fused modality signals, and (II) cross-modal
prompt recovery, facilitating explicit information exchange across modalities. These components
are detailed in Fig.[2]

3.2 CROSS-MODAL PROMPT QUERY

In CVQA, vision and language offer complementary representations that benefit from joint modeling
(Goyal et al.| [2017). Inspired by this, we design a cross-modal querying mechanism that enables
each modality to attend to prompts using information from the other. Specifically, we employ an
attention (A) module to infuse visual context into question-side queries and linguistic context into
image-side queries. For each modality, we maintain a prompt pool consisting of prompts p € P and
corresponding keys k € C, where P and K denote the sets of prompts and keys, respectively, with
p € RYand k € R% Let FQ € RleXd and FV € RV*? denote the question and vision features
extracted from the 29, 2V, from which we derive the cross-modal queries q € R? with w € R%:

¥ =wle (A (FOLFY . FY)+F?), q'=w' 0 (A} F' . FLF) +FY), (1)
where ® denotes a pooling operation along the sequence. To enable cross-modal integration while
preserving modality-specific identity, we enhance the query computation in Eq. with two key
components. First, the residual term (+FQ/FV) retains original modality features during fusion,
preventing dilution by cross-modal signals. Second, the weight modulation terms w< and w, ini-
tialized uniformly and jointly optimized, adaptively control each feature dimension’s contribution,
emphasizing informative components and suppressing noise. Together, these mechanisms ensure
that the enriched queries q and qV integrate complementary cross-modal information without com-
promising modality fidelity, mitigating uni-modal bias and enabling balanced prompt selection.

Given the enriched queries, we first retrieve the indices for the top-k most similar prompts:
IM + Top-k (sort ({cos(q™ kM) | kM € KM})), M e {Q,V}. )

After getting the indices, instead of relying on the top-1 prompt, which may overfit limited patterns,
we compute a weighted aggregation to form more robust cross-modal representations p € R%. p;
denotes the prompts at ¢y, indices, the weight a; is the relevance score:

exp(cos(q™, ki)

jezm exp(cos(q™, kM)’

~M _ M _
p = g ser @GP where a; = 5

By leveraging cross-modal queries, similarity-based weighting favors prompts aligned with joint
modality semantics rather than uni-modal features. This promotes the selection of complementary
cross-modal cues, effectively mitigating modality bias at the selection stage.

Me{QV} (3
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Figure 2: Overall architecture of MM-Prompt. (I).Cross-modal prompts query illustrates our approach where
visual (VF) and question (QF) features undergo cross-modal interaction before key matching, creating en-
riched queries that influence prompt selection across modalities. (II).Cross-modal prompts recovery shows
our hierarchical process: identical masks are applied to the prompts from both modalities, followed by intra-

modality recovery and inter-modality recovery. This design creates balanced integration pathways that prevent
the modality isolation problem in existing prompt-based approaches.
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3.3 CROSS-MODAL PROMPTS RECOVERY

Existing methods inject prompts directly without further cross-modal interaction, overlooking the in-
tegration of complementary knowledge between modalities. This isolated injection worsens modal-
ity imbalance by supplying additional modality-specific cues, further biasing the model toward its
dominant modality and impairing overall performance. To mitigate this, we propose a cross-modal
recovery mechanism, which can be seen in Fig. |ZkII).

Cross-Modal Masking for Alignment and Dependency. To induce structured interdependence
between modalities and encourage explicit cross-modal reasoning, we introduce a shared mask-
ing strategy inspired by advances in masked representation learning (He et al., [2022; [Zhang et al.,
2022). Specifically, we apply identical binary masks to both visual and textual prompt sets, thereby
creating aligned missing regions across modalities. These masked regions will be reconstructed us-
ing complementary information from the other modality, compelling the model to perform genuine
cross-modal integration rather than relying on modality-specific priors. As shown at the bottom
of Fig. II), we generate a binary mask b € R?, where each entry is independently set to 0 with
probability J:

pM =bopM, Me{QV} 4)

This aligned masking not only enforces balanced modality reliance but also establishes a founda-
tion for hierarchical recovery. Specifically, we leverage the masked prompts in two stages: first,
intra-modal recovery restores missing content using internal modality cues, followed by inter-modal
recovery, which refines representations through cross-modal interactions. This two-step reconstruc-
tion enables progressive integration of modality-specific and complementary information, facilitat-
ing deeper cross-modal understanding.

Intra-Modal Prompt Recovery. Building on the structured masking, we initiate recovery with
a modality-preserving strategy to prevent premature dominance by either modality. Direct cross-
modal reconstruction risks overwriting modality-specific patterns or introducing biased alignment.
Instead, we adopt an intra-modal recovery phase that reconstructs masked prompts using internal
context, augmented with subtle cross-modal signals to establish initial cross-modality awareness.
We incorporate an attention module A(-) to reconstruct masked prompts based primarily on their
own surrounding context, while a light cross-modal term introduces influence from the opposite
modality through a learnable matrix W, € R%*? initialize with very small values:

pi?ltra = Aimra( ) + Wresp ’ pi\r/nra = Aimra( ) + Wresp (5)
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To ensure fidelity and avoid representational collapse, we introduce a dual-objective loss:
Lines = D1 gy [P = BV B+ [IWR(WE)T — I} + WL (W) -1 ©)

where the || - || p represents the Frobenius norm and I is an identity matrix. By minimizing this loss,
the intra-modal recovery establishes a foundation that preserves essential modality-specific patterns
while introducing initial cross-modal awareness, creating balanced representations that serve as the
basis for deeper integration. However, it still remains insufficient for modeling richer interactions
that require explicit cross-modality reasoning. To address this, we introduce a dedicated inter-modal
prompt recovery mechanism that operates on the recovered representations to achieve deeper inte-
gration and complete the cross-modal reconstruction process.

Inter-Modal Prompt Recovery. Building upon the intra-modal recovery foundation, we next in-
troduce explicit inter-modal integration to enable fine-grained cross-modal reasoning. To this end,
we apply attention modules across modalities, allowing each modality’s prompts to selectively in-
corporate complementary features from the other. Residual connections ensure preservation of core
modality-specific characteristics during this integration:

Q _ AQ Q =V =V Q V. _ AV V =Q = v
Pinter = Ainter(pintra’ p.,p ) + Pintra- Pinter = Ainter<pintra’ pQ’ pQ) + Pintra- (7)

Eq. (7) completes coarse-level inter-modal fusion, enabling the model to capture salient cross-modal
signals. However, it may still miss fine-grained or subtle cues critical for downstream reasoning. To
address this, we incorporate an additional attention module with twice feed-forward dimension ca-
pacity for refinement, but apply it selectively through a learnable gating mechanism that determines
where further integration is beneficial:

pgnal = (1 - gQ) @ pi?ner + gQ @ A(g)ﬂte(pi?ner% p;llnal = (1 - gV) @ pi\xllter + gV @ A;/ate(pi\r/ner)? (8)

where the gating mechanism calculates region-specific enhancement weights:
g? = sigmoid (W2 ([p2u:8"])). " = Sigmoid (W) ([Phei 5%))

Here, [-; -] represents the concatenation along the feature dimension and W, € R?*24 is a learnable
weight matrix that allows the model to adaptively select the areas for enhancement. This design
ensures refinement occurs only when supported by strong cross-modal evidence, thus avoiding un-
necessary interference and preserving representational sparsity.

To improve inter-modal consistency, we introduce a cross-modal alignment loss that enforces se-
mantic agreement between dual perspectives—how question features are contextualized by vision
and vice versa (the numerator):

Q (,Q =V =V V (V. =Q =
_ Aloss(pﬁnah pP,p ) i Aloss<pﬁnal7 pQ7 pQ)
Q (Q =v = V (V =Q = )
[ Afss (Psinais Y5 BY) 2 - [| Asoss (Piina» P P2
where denominator normalizes both scores to focus on directional agreement rather than magnitude.

By minimizing this loss, we encourage bidirectional semantic coherence and prevent representa-
tional drift as the model adapts to new tasks.

£inter =1 (9)

In summary, inter-modal recovery completes the masked prompt reconstruction pipeline by explic-
itly integrating cross-modal cues through attention, selective enhancement, and alignment. This
phase ensures that final prompt representations are not only modality-aware but also deeply fused,
facilitating robust and balanced multimodal reasoning.

3.4 TRAINING OBJECTIVE

Finally, these cross-modal prompts are then injected into the frozen pretrained encoder layers. This
entire process is trained end-to-end with a multi-component objective:

Liotal = Lcg + [qu—align + aLiner + BLintras (10

Me{Q,V} 1
i€eIM (1-
cos(g™,kM)) maintains structural quality of our representations through query-key alignment

where Lcg is the cross entropy loss that optimizes task performance. Lgk.align = >
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(Wang et al.| 2022alb). Liyer and Liyy, ensure consistency between recovered representations dur-
ing both intra-modal recovery and inter-modal recovery phases. This multi-component loss jointly
optimizes for predictive accuracy, cross-modal alignment, and recovery quality, creating a balanced
optimization objective that effectively enhances the quality and utility of cross-modal prompts.

As illustrated in Fig. [I} our MM-Prompt model differs fundamentally from existing CVQA ap-
proaches by introducing explicit cross-modal interactions at multiple stages. The overall workflow,
shown in Fig. 2] consists of two complementary mechanisms that work together to maintain bal-
anced modality representation. First, input features from vision and question modalities (FV and
FQ) undergo Cross-Modal Prompts Query. In this stage, each modality’s features attend to the op-
posite modality before generating query vectors. These enriched queries are then used to select
relevant prompts. Then, a mask will be applied on the weighted sum of these selected prompts to
create explicit pathways for cross-modal prompts recovery. The masked prompts then first process
through intra-modal recovery to establish basic modality-specific patterns while introducing light
cross-modal influence, followed by cross-modal that further integrates information across modal-
ities through attention mechanisms and selective enhancement. The result is a set of recovered
prompts that maintain balanced representations from both modalities.

4 EXPERIMENT

4.1 SET UP

Dataset. Following Zhang et al.| (2023)), we conduct experiments on two datasets: VQA v2 (Goyal
et al.|[2017) and NExT-QA (Xiao et al.,|2021). VQA v2 contains 1.1 million pairs of real-world im-
ages and human-written questions, while NExT-QA includes 52K annotated video-based question-
answer pairs. In this paper, we consider 3 incremental settings: Question Increment (QI), Class
Increment (CI), and Dual Increment (DI) (Zhang et al. 2023). In QI, each task introduces new
question types while sharing all object classes across tasks. In CI, each task adds new object classes
with shared all question types. DI combines both, in which each task has S subtasks sharing the
same visual classes but introducing new question types, while visual classes differ between tasks.
For VQA v2, we structure the CL experiments into 8 sequential tasks for DI and CI, while 10 se-
quential tasks for QI. In QI, each task introduces 1 new question type. For CI, each task contains 10
unique object classes. Under DI, each task contains 5 subtasks and each subtask focuses on 2 dif-
ferent question types about the same 10 object classes. For NEXT-QA, we structure the experiments
into 7 sequential tasks. For QI, each task introduces 1 new question type. For CI, 4 tasks contain 11
object classes each, and 3 tasks contain 12 object classes each. For DI, each task contains unique
question types with 5 subtasks, where each subtask addresses the same 16 object classes.

Evaluation Metrics. We evaluate model’s performance based on two matrices: Average Perfor-

mance (A), calculated as A = % Zthl Accr ¢, where Accr ; means accuracy on task ¢ after training
on task 7', measures overall accuracy after the training; Inter Task Forgetting (Finer), computed as
Fier = ﬁ Zfz_ll (maxje{l,“.,t} Accjy — AccT7t) quantifies the average gaps between the best
performance and the current performance across tasks. In addition, for the DI setting, we introduce
Inner Task Forgetting (Finra), Which is logically similar to the Finer, and measures performance
degradation across subtasks within a task.

Implementation Details. We construct MM-Prompt as illustrated in Fig. [2| The pretrained trans-
former backbone consists of 12 stacked blocks for both encoder and decoder, with each attention
layer containing 12 attention heads. All experiments were conducted on a single NVIDIA RTX
4090 GPU with 24GB of memory. Following DualPrompt (Wang et al., 2022a), we further di-
vide our question and visual prompts into General (G) and Expert (E) types that target different
transformer layers. We also include a weight decay (Krogh & Hertz), [1991)) on the Ljy., to prevent
degeneration of this alignment mechanism.

4.2 MAJOR RESULTS

We evaluate MM-Prompt against 9 outstanding and state-of-the-art methods, including 6 general CL
methods (Wang et al.| 2022a; |Smith et al., 2023 [Wang et al., [2022b} [Khattak et al., [2023} [Menabue
et al.,2024) and 3 methods for CVQA (Qian et al.}|2023;|Zhang et al., 2023; Cai & Rostami, [2025)).
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Table 1: Performance comparison on VQA v2 and NExT-QA. L2P* means L2P with a single prompt pool. The
best performance is highlighted in bold, and the second-best is underlined.

VQA v2 NEXT-QA

DI cI QI DI I QI
AN Fre(d) Fan@) A Fue)  AM) Fae) A1) Faeld) Fue@) A Fueld) A1) Fue)
Dual Prompt (Wang et al.|[2022a) ~ 33.601  2.660 10.574 36.063 4.449 14.146 23518 16163 9591 9974 10693 1663 12393 11.803

Method

L2P (Wang ct al.|2022b] 31186 2012 12541 33706 4323 13720 23807 14181 9.441 9263 9903 1635 10.904 10.081
L2P* (Wang ct al.|2022b] 31343 2201 12723 33428 4150 13.853 23651 14452 9316 9473 10207 1641 11204 10.152
CODA (Smith et al.| 2023} 35138 0902 10735 37.102 4527 15438 22561 15115 9282 9361 11479 1556 22416 6960
Triplet (Qian ct al.|2023] 32826 1134 12244 37102 4527 14382 22697 18781 8674 9.633 11362 LSIL 18719  9.587
Maple (Khattak ct al.|2023)] 35187 1054 11148 37450 4606 15371 22164 17877 8538 9394 11596 1641 16501 10.588
VQACL {Zhang et al.|[2023) 34224 0.867 10626 36950 4431 15525 22452 20472 8772  9.041 10787 1818 14.870 13500
Star-prompt (Menabue ct al.|[2024) 34.437 1784 10.584 36516 4172 15104 22837 16695 10347 9218 11030 1742 15571 11750
CluMo (Cai & Rostami|[2025] 35079 1580 11300 36462 4039 13208 25016 18451 9.183 8904 11519 1559 17971 11.005
MM-Prompt 36223 0447 10055 39240 3748 16757 21546 22261 8392 8454 13267 1236 24988  6.650

VQACL 12 VOACL 64 36223 304 36.223
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Figure 3: Comparison between existing prompt- Figure 4: Performance variation under different

based approaches and our MM-Prompt model. masking and cross alignment loss ratio.

For fair comparison, all models contain at least two types of prompts(Q and V) except L2P* and use
approximately the same number of prompts with identical injection layers if possible. As shown in
Table [1} we draw several important conclusions: (1) Methods adopting cross-modal prompt isola-
tion like Dual Prompt (Wang et al.l 2022a) and L2P (Wang et al., 2022b) consistently show higher
forgetting rates and lower accuracy across settings, confirming that isolated prompt selection and
injection lead to degradation in performance due to imbalanced representations. (2) MM-Prompt
consistently outperforms all the other methods across all settings. On VQA v2, it achieves 36.223%
in DI (vs. MaPLe’s 35.187%), 39.240% in CI (vs. MaPLe’s 37.450%), and 16.757% in QI (vs.
VQACL’s 15.525%). Notably, it reduces forgetting to less than half of the next best method in DI. On
NExT-QA, MM-Prompt similarly outperforms in accuracy and maintains the lowest forgetting rates.
While the second-best method varies across different incremental scenarios, MM-Prompt’s consis-
tent superiority highlights its robustness across diverse settings. (3) We observe striking dataset-
dependent difficulty patterns: VQA v2 (static images) shows poorest performance on QI, while
NExXT-QA (videos) struggles most with CI, suggesting that temporal dynamics fundamentally alter
how modality conflicts during continual learning. (4) Among comparison methods, MaPLe (Khattak
et al.| [2023) performs relatively well, which we attribute to its gradient-based visual-linguistic inter-
actions. (5) Specialized CVQA methods like Triplet (Qian et al., 2023)) and VQACL (Zhang et al.,
2023) underperform despite their success in classification-based settings and with memory buffers,
highlighting MM-Prompt’s efficiency for maintaining balanced representations across modalities.
These results collectively validate our approach’s effectiveness in maintaining balanced cross-modal
representations across diverse incremental learning scenarios.

4.3 MODALITY INTEGRATION ANALYSIS

To demonstrate that isolated prompts amplify modality imbalance, we train the models as normal
and evaluate them on joint, vision-only and question-only inputs, then compute Modality Merge
Effectiveness and Modality Difference, details for these settings are in Appendix A. As shown in
Fig. [3] existing prompt-based methods (Wang et al., 2022a3bj, Zhang et al., 2023) that adopt cross
modal prompts isolation show low merge effectiveness and high modality gaps during the contin-
ual learning process. In contrast, our method maintains consistently high merge effectiveness and
minimal modality disparity across new tasks, while achieving superior overall accuracy. These im-
provements stem from our two-component design: cross-modal prompt query prevents selection bias
by enriching queries with complementary information, while cross-modal prompt recovery creates
explicit pathways for modality interaction and fulfill them with cross-modal information. Together,
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Example 1
Question: Where are the planes
Input Image Dual Prompt’s Attention MM-Prompt’ Attention

Output: 2

Output: airport

Example 2
Question: What green vegetable is on the plate?
Input Image

Dual Prompt’s Attention MM-Prompt’ Attention

Output: carrot

Output: broccoli

Figure 5: Comparisons of bottom-up attention visualization during inference.
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(a) Dual Prompt (A : 33.601, Finer : 2.660)

(b) MM-Prompt (A : 36.223, Finer : 0.447)

Figure 6: Visualization of injected prompts and input feature using t-SNE.

these mechanisms counteract modality imbalance at critical points where isolation typically occurs
in existing methods.

Figs. [5] and [6] provide further qualitative evidence. We visualize the attention from the model on
the bounding boxes during the inference using JAnderson et al| (2018). The attention maps (Fig. [3)
show MM-Prompt precisely focuses on relevant image regions (correctly identifying “broccoli” and
“airport”), while existing methods such as Dual Prompt produce incorrect answers with diffuse at-
tention patterns, indicating possible occurrence of modality bias. The t-SNE visualization (Van der|
Maaten & Hinton| [2008) of injected prompts (Fig. [6) confirms the cross-modal merging effective-
ness of MM-Prompt. As shown in Fig. |[6b, MM-Prompt’s prompts form more tightly assembled
clusters compared to Dual Prompt in Fig. [6a] where prompts remain clearly separated by modal-
ity. This observation demonstrates how our cross-modal prompt query and recover mechanisms
help prompts encode integrated information across modalities rather than remaining isolated within
modality-specific subspaces. Additionally, examining the input features from the question “What
green vegetable is on the plate?” in Fig.[5|reveals another key difference: in MM-Prompt, input fea-
tures position at the intersection between Q and V prompt clusters, while prompts in Dual Prompt
remain distinctly separated by modality. This demonstrates that MM-Prompt’s injected prompts
contains shared representational properties that facilitate effective cross-modal understanding and
prevent modality-isolated prompts throughout sequential learning.

4.4 ABLATION STUDY

Performance with Memory Buffer. For NExT-QA dataset, which contains complex video
question-answering tasks with longer sequences and fewer training data, we also evaluate models
with a memory buffer of 500 samples (Table[2). As a result, MM-Prompt substantially outperforms
all the other methods, given that all methods benefit from the same memory capacity. These results
confirm that MM-Prompt’s approach to create explicit pathways for modality interaction remain
effective when supplemented with traditional continual learning techniques (Rolnick et al., 2019).

Effect of Components. To evaluate MM-Prompt’s
design, we conducted an ablation study with se-
quential component addition (Table [3). The base-
line achieves 34.172% accuracy with 1.31 forget-

Table 3: Ablation study on VQA v2 under DI
setting showing the effects of CQ: cross-modal
prompt query, CR: cross-modal prompt recovery

ting. Adding cross-modal prompt query (Egs. (T)) CQ CR AM  Fu(d)
and (3)) improves accuracy to 34.99% and signif- 34.172 1310
icantly reduces forgetting to 0.588, confirming the v 34.990  0.588
importance of cross-modal awareness during selec- vV 36223 0447

tion. The complete MM-Prompt with cross-modal

prompt recovery (Egs. @) to (T0)) achieves the best performance with 36.223% accuracy and 0.447
forgetting, demonstrating the effectiveness for creating explicit pathways to let prompts learn com-
plementary information from the other modality. Together, these results reveal the complementary
neatural of our two components and confirm the importance of cross-modal aware prompts.



Under review as a conference paper at ICLR 2026

Table 2: Performance comparison of different
methods on NExT-QA dataset under DI setting
with memory usage (Mem).

First Task: ~CW ~DL DB

PO

First Task: ~CW ~DL ~DB

-

S N

Acc After Normalized
Acc After Normalized

Methods | Mem A1) Fuer (1)

Triplet (Qian et al.]2023) 500 27.996  3.282

Dual Prompt (Wang et al.|2022a) | 500 27.641  3.765 S s s 6 s L s e s s s
CODA (Smith et al.|[2023) 500 30632 2.471 Task Task

Maple(Khattak et al.[|2023) 500  30.049 3.112

VQACL (Zhang et al.|[2023} 500 30753 2.692 (a) Dual Prompt (b) MM-Prompt
CluMo (Car & Rostami]|2025) 500 29.776 3.248 . . . . . .
MM-Prompt 500 32394 2259 Figure 7: Comparlsor} with different task orders in
MM-Prompt 200 29945  3.112 NExt QA under DI setting.

MM-Prompt 1000 34268 2427

Impact of Hyperparameters. We evaluate MM-Prompt’s sensitivity to two key hyperparameters in
Fig. 4l For mask ratio (), which controls the proportion of prompt tokens masked for recovery, we
observed that too few masking (6 = 0.01) is insufficient for prompts to effectively incorporate cross-
modal information, resulting in weaker performance. Conversely, excessive masking (§ = 0.10)
creates too many information gaps, making results unstable and hard to reproduce. The optimal
value (0 = 0.05) balances these constraints, creating sufficient recovery opportunities while main-
taining enough context for effective learning. Similarly, for the inter alignment loss weight (), we
find moderate values perform best, with peak performance at « = 1.0. Lower values provide insuf-
ficient cross-modal alignment constraints, failing to effectively counter modality isolation. Higher
values (o > 1.2) divert the model’s focus from generate correct answers to alignment, degrading
task performance by over-emphasizing representational similarity.

Impact of Task Order. Figs.|7aland|7b|demonstrate MM-Prompt’s stability across different learn-
ing scenarios. MM-Prompt maintains more consistent performance across different task orders,
while Dual Prompt(Wang et al., 2022a) exhibits more varied performance. By maintaining balanced
representations through explicit cross-modal pathways in injected prompts, MM-Prompt reduces
the cascading effects of task order biases that typically compound in existing prompt methods. This
order-invariant behavior strongly evidences that MM-Prompt successfully maintains balanced rep-
resentations throughout the CL process.

0.25 0.226

Computational Efficiency. Fig. [8|shows that the infer- 2 0211

ence efficiency of MM-Prompt remains competitive with £ o2 0184 179
existing methods. Processing 100 samples takes 0.179 ;f“ 015 -

seconds, which is more efficient than MAPLE (Khattakl < o

et al) 2023) (0.211s) and TRIPLET (Qian et al, [2023) MAPLE Dul Prompt TRIPLET  CODA  MM-Prompt
(0.226s), while only slightly slower than Dual Prompt Figure 8: Inference time comparison

(Wang et al., |2022a) (0.158s). This modest computational overhead delivers substantial perfor-
mance improvements and forgetting reduction compared to the Dual Prompt (Wang et al., 2022a).
This demonstrates that fostering the cross-modal understanding can be achieved with reasonable
computational costs, making MM-Prompt practical for real-world CL applications.

5 CONCLUSION

Conclusion. This paper presents MM-Prompt, a novel prompt-based framework for CVQA that
explicitly addresses the overlooked issue of cross-modal prompt isolation. While existing methods
rely on independently selected visual and textual prompts, they often worsen modality imbalance.
MM-Prompt introduces a unified solution that promotes balanced and integrated cross-modal rea-
soning. Through two key components, cross-modal prompt query, which injects complementary
modality cues into prompt selection, and cross-modal prompt recovery, which reconstructs shared
representations via structured masking and hierarchical integration, MM-Prompt enables consistent
fusion of multi-modal knowledge. Extensive experiments on VQA v2 and NExT-QA under various
continual learning settings demonstrate that MM-Prompt achieves superior performance, enhanced
modality balance, and reduced forgetting. These results confirm that addressing prompt isolation is
critical for long-term, robust multi-modal learning.

Limitations. The current masking strategy is random, which, in a multi-modal setting, may result in
the loss of important information and hinder effective training. Future work could explore adaptive
and context-aware masking strategies that dynamically preserve critical cross-modal content based
on different task scenarios.



Under review as a conference paper at ICLR 2026

ETHICS STATEMENT

This work proposes a new multi modal continual learning framework and does not involve human
subjects, sensitive data, or foreseeable harmful applications. Therefore, we believe it does not raise
specific ethical concerns.

REPRODUCIBILITY STATEMENT

We provide all code, training scripts, and data preprocessing steps in the supplementary materials to
facilitate replication of our results.

REFERENCES

Peter Anderson, Xiaodong He, Chris Buehler, Damien Teney, Mark Johnson, Stephen Gould, and
Lei Zhang. Bottom-up and top-down attention for image captioning and visual question answer-
ing. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 6077-6086, 2018.

Pietro Buzzega, Matteo Boschini, Angelo Porrello, Davide Abati, and Simone Calderara. Dark
experience for general continual learning: A strong, simple baseline. In Advances in Neural
Information Processing Systems (NeurIPS), pp. 15920-15930, 2020.

Yuliang Cai and Mohammad Rostami. Clumo: Cluster-based modality fusion prompt for continual
learning in visual question answering. Journal of Artificial Intelligence Research, 2025.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Yunxuan Li,
Xuezhi Wang, Mostafa Dehghani, Siddhartha Brahma, et al. Scaling instruction-finetuned lan-
guage models. Journal of Machine Learning Research, 2024.

Matthias De Lange, Rahaf Aljundi, Marc Masana, Sarah Parisot, Xu Jia, Ale§ Leonardis, Gregory
Slabaugh, and Tinne Tuytelaars. A continual learning survey: Defying forgetting in classification
tasks. IEEE Transactions on Pattern Analysis and Machine Intelligence, pp. 3366-3385, 2021.

Arthur Douillard, Alexandre Ramé, Guillaume Couairon, and Matthieu Cord. DyTox: Transformers
for continual learning with dynamic token expansion. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), pp. 9285-9295, 2022.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the v
in VQA matter: FElevating the role of image understanding in visual question answering. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp.
6904-6913, 2017.

Xu Han, Zhengyan Zhang, Ning Ding, Yuxian Gu, Xiao Liu, Yuqi Huo, Jiezhong Qiu, Yuan Yao,
Ao Zhang, Liang Zhang, et al. Pre-trained models: Past, present and future. Al Open, pp. 225—
250, 2021.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Dollar, and Ross Girshick. Masked au-
toencoders are scalable vision learners. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 16000-16009, 2022.

Muhammad Uzair Khattak, Hanoona Rasheed, Muhammad Maaz, Salman Khan, and Fahad Shah-
baz Khan. MAPLE: Multi-modal prompt learning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pp. 19113-19122, 2023.

Anders Krogh and John Hertz. A simple weight decay can improve generalization. In Advances in
Neural Information Processing Systems (NeurIPS), pp. 950-957, 1991.

Mingrui Lao, Nan Pu, Yu Liu, Zhun Zhong, Erwin M. Bakker, Nicu Sebe, and Michael S. Lew.
Multi-domain lifelong visual question answering via self-critical distillation. In Proceedings of
the 31st ACM International Conference on Multimedia (ACM MM), pp. 4747-4758, 2023.

10



Under review as a conference paper at ICLR 2026

Stan Weixian Lei, Difei Gao, Jay Zhangjie Wu, Yuxuan Wang, Wei Liu, Mengmi Zhang, and
Mike Zheng Shou. Symbolic replay: Scene graph as prompt for continual learning on VQA task.
In Proceedings of the AAAI Conference on Artificial Intelligence (AAAI), pp. 139-149, 2023.

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdelrahman Mohamed, Omer
Levy, Veselin Stoyanov, and Luke Zettlemoyer. BART: Denoising sequence-to-sequence pre-
training for natural language generation, translation, and comprehension. In Proceedings of the
Annual Meeting of the Association for Computational Linguistics (ACL), pp. 7871-7880, 2020.

Junnan Li, Ramprasaath Selvaraju, Akhilesh Gotmare, Shafiq Joty, Caiming Xiong, and Steven
Chu Hong Hoi. Align before fuse: Vision and language representation learning with momentum
distillation. In Advances in Neural Information Processing Systems (NeurlPS), pp. 9694-9705,
2021.

Xilai Li, Yingbo Zhou, Tianfu Wu, Richard Socher, and Caiming Xiong. Learn to grow: A contin-
ual structure learning framework for overcoming catastrophic forgetting. In Proceedings of the
International Conference on Machine Learning (ICML), pp. 3925-3934. PMLR, 2019.

Yuanze Lin, Yujia Xie, Dongdong Chen, Yichong Xu, Chenguang Zhu, and Lu Yuan. REVIVE: Re-
gional visual representation matters in knowledge-based visual question answering. In Advances
in Neural Information Processing Systems (NeurIPS), pp. 10560-10571, 2022a.

Yuanze Lin, Yujia Xie, Dongdong Chen, Yichong Xu, Chenguang Zhu, and Lu Yuan. REVIVE: Re-
gional visual representation matters in knowledge-based visual question answering. In Advances
in Neural Information Processing Systems (NeurIPS), pp. 10560-10571, 2022b.

Martin Menabue, Emanuele Frascaroli, Matteo Boschini, Enver Sangineto, Lorenzo Bonicelli, An-
gelo Porrello, and Simone Calderara. Semantic residual prompts for continual learning. In Euro-
pean Conference on Computer Vision (ECCV), pp. 1-18. Springer, 2024.

Malvina Nikandrou, Georgios Pantazopoulos, Ioannis Konstas, and Alessandro Suglia. Enhancing
continual learning in visual question answering with modality-aware feature distillation. arXiv
preprint arXiv:2406.19297, 2024.

Xiaokang Peng, Yake Wei, Andong Deng, Dong Wang, and Di Hu. Balanced multimodal learning
via on-the-fly gradient modulation. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 8238-8247, 2022.

Zi Qian, Xin Wang, Xuguang Duan, Pengda Qin, Yuhong Li, and Wenwu Zhu. Decouple before
interact: Multi-modal prompt learning for continual visual question answering. In Proceedings of
the IEEE/CVF International Conference on Computer Vision (ICCV), pp. 2953-2962, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In Proceedings of the International Conference on
Machine Learning (ICML), pp. 8748-8763. PMLR, 2021.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. Journal of Machine Learning Research, pp. 1-67, 2020.

Sainandan Ramakrishnan, Aishwarya Agrawal, and Stefan Lee. Overcoming language priors in
visual question answering with adversarial regularization. In Advances in Neural Information
Processing Systems (NeurIPS), pp. 152—-164, 2018.

Sahithya Ravi, Aditya Chinchure, Leonid Sigal, Renjie Liao, and Vered Shwartz. VLC-BERT:
Visual question answering with contextualized commonsense knowledge. In Proceedings of
the IEEE/CVF Winter Conference on Applications of Computer Vision (WACV), pp. 1155-1165,
2023.

David Rolnick, Arun Ahuja, Jonathan Schwarz, Timothy Lillicrap, and Gregory Wayne. Experience
replay for continual learning. In Advances in Neural Information Processing Systems (NeurIPS),
pp. 348-358, 20109.

11



Under review as a conference paper at ICLR 2026

James Seale Smith, Leonid Karlinsky, Vyshnavi Gutta, Paola Cascante-Bonilla, Donghyun Kim,
Assaf Arbelle, Rameswar Panda, Rogerio Feris, and Zsolt Kira. CODA-Prompt: Continual de-
composed attention-based prompting for rehearsal-free continual learning. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 11909-11919,
2023.

Hao Tan and Mohit Bansal. Lxmert: Learning cross-modality encoder representations from trans-
formers. In Proceedings of the Conference on Empirical Methods in Natural Language Processing
(EMNLP), pp. 5100-5111, 2019.

Laurens Van der Maaten and Geoffrey Hinton. Visualizing data using t-SNE. Journal of Machine
Learning Research, pp. 2579-2605, 2008.

Zifeng Wang, Zizhao Zhang, Sayna Ebrahimi, Ruoxi Sun, Han Zhang, Chen-Yu Lee, Xiaoqi Ren,
Guolong Su, Vincent Perot, Jennifer Dy, et al. DualPrompt: Complementary prompting for
rehearsal-free continual learning. In European Conference on Computer Vision (ECCV), pp. 631—
648. Springer, 2022a.

Zifeng Wang, Zizhao Zhang, Chen-Yu Lee, Han Zhang, Ruoxi Sun, Xiaoqi Ren, Guolong Su, Vin-
cent Perot, Jennifer Dy, and Tomas Pfister. Learning to prompt for continual learning. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp.
139-149, 2022b.

Junbin Xiao, Xindi Shang, Angela Yao, and Tat-Seng Chua. NExT-QA: Next phase of question
answering to explaining temporal actions. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pp. 9777-9786, 2021.

Dianzhi Yu, Xinni Zhang, Yankai Chen, Aiwei Liu, Yifei Zhang, Philip S. Yu, and Irwin King.
Recent advances of multimodal continual learning: A comprehensive survey. arXiv preprint
arXiv:2410.05352, 2024a.

Jiazuo Yu, Yunzhi Zhuge, Lu Zhang, Ping Hu, Dong Wang, Huchuan Lu, and You He. Boosting
continual learning of vision-language models via mixture-of-experts adapters. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 23219-
23230, 2024b.

Chaoning Zhang, Chenshuang Zhang, Junha Song, John Seon Keun Yi, Kang Zhang, and In So
Kweon. A survey on masked autoencoder for self-supervised learning in vision and beyond.
arXiv preprint arXiv:2208.00173, 2022.

Xi Zhang, Feifei Zhang, and Changsheng Xu. Vqacl: A novel visual question answering continual
learning setting. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 19102-19112, 2023.

Zangwei Zheng, Mingyuan Ma, Kai Wang, Ziheng Qin, Xiangyu Yue, and Yang You. Preventing
zero-shot transfer degradation in continual learning of vision-language models. In Proceedings of
the IEEE/CVF International Conference on Computer Vision (ICCV), pp. 19125-19136, 2023.

12



Under review as a conference paper at ICLR 2026

APPENDIX

A DATASETS USED IN OUR WORK

A.1 DATASET PARTITIONING

For VQA v2 (Goyal et al} |2017), we organize the continual learning experiments into 8 sequential
tasks for both Class Increment (CI) and Dual Increment (DI) settings. In the CI setting, each task
introduces 10 unique object classes. In the DI setting, each task consists of 5 subtasks, each focusing
on 2 distinct question types about the same 10 object classes. For the Question Increment (QI)
setting, we define 10 sequential tasks, each introducing 1 new question type.

For NExT-QA (Xiao et al., |2021)), we structure the experiments into 7 sequential tasks due to the
dataset’s scale. In the QI setting, each task introduces 1 new question type. In the CI setting, 4 tasks
contain 11 object classes each, while the remaining 3 tasks contain 12 object classes each. In the DI
setting, each task consists of 5 subtasks with unique question types, each subtask cover 16 different
object classes.

Table 4: Object class increment in VQA v2 for CI and DI.

Task Objects
Group 1 truck, couch, bowl, chair, scissors, sandwich, orange, knife, dining table, pot-
ted plant

Group 2 teddy bear, microwave, skateboard, bottle, hot dog, book, apple, refrigerator,
tennis racket, oven

Group 3 laptop, person, car, banana, snowboard, bed, umbrella, surfboard, motorcycle,
sink
Group 4 tv, dog, baseball bat, cup, parking meter, sheep, spoon, cake, broccoli, toilet

Group 5 kite, fork, bus, train, cell phone, pizza, keyboard, sports ball, cow, giraffe

Group 6 baseball glove, bear, wine glass, traffic light, horse, mouse, stop sign, zebra,
handbag, skis

Group 7 fire hydrant, toaster, cat, bench, remote, clock, hair drier, bird, suitcase, tooth-
brush

Group 8 carrot, backpack, tie, elephant, frisbee, bicycle, donut, boat, airplane, vase

A.2 PARTITIONING DETAILS AND GROUP DEFINITIONS

For VQA v2, we structure the continual learning experiments into 8 sequential tasks for DI and CI,
while QI has 10 sequential tasks due to the total number of question types. Tables[4] [6] and[7]provide
details on the distribution of object classes and question types across these tasks. In the DI setting,
tasks follow the class distribution outlined in Table[d, with each task further divided into 5 subtasks
according to the question type distribution in Table [6] For the CI setting, we directly implement
the class grouping specified in Table 4 while maintaining all question types across each task. In the
QI setting, we utilize the question grouping from Table [7} while keeping object classes consistent
across all tasks.

For NExT-QA (Xiao et al.,|2021)), we structure the experiments into 7 sequential tasks following the
approach of |Zhang et al|(2023)). In the DI setting, we implement the hierarchical structure defined
in Zhang et al.| (2023)), with question increments ordered according to Table @ For the QI setting,
we utilize the question type ordering specified in Table[8| while maintaining consistent visual classes
across all tasks. In the CI setting, we employ the object class groups outlined in Table [5] while
preserving all question types throughout the tasks.
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Table 5: Object classes increment in NExT-QA for CI.

Task Objects

Group 1 bicycle, camel, bat, microwave, snake, sofa, traffic light, hamster/rat, chicken,
oven, stop sign

Group 2 crab, camera, lion, ball/sports ball, crocodile, screen/monitor, baby walker, cat,
squirrel, frisbee, cattle/cow

Group 3 piano, watercraft, kangaroo, train, fruits, pig, suitcase, bear, tiger, bench, ele-
phant

Group 4 ski, stingray, antelope, toy, child, duck, guitar, dish, fish, cake, turtle, leopard

Group 5 penguin, faucet, car, bottle, bus/truck, aircraft, baby, bread, baby seat, cell-
phone, sink, rabbit

Group 6 vegetables, skateboard, bird, toilet, racket, sheep/goat, adult, scooter, electric
fan, stool, motorcycle

Group 7 horse, snowboard, surfboard, handbag, laptop, panda, table, cup, backpack,
chair, dog, refrigerator

B DETAILED COMPONENT ANALYSIS

B.1 MODALITY MERGE EFFECTIVENESS AND MODALITY DIFFERENCE

In Section 4.3, we use Modality Merge Effectiveness and Modality Difference to demonstrate that
isolated prompts amplify modality imbalance. To get these two matrices, we train models under the
standard setting and evaluate them using three input configurations, joint, vision-only, and question-
only. Remind that FQ and FV denote the question and vision features, pgna] and py,, represents the
final question and vision prompts that will be injected to the encoder.

In the joint setting, both modality features FQ and FV, as well as the final prompts p(ﬁznal and py ., are
available to the model. The vision-only setting provides only F and py, . while the question-only
setting provides only FQ and pgnal. To quantify modality interaction and imbalance, we compute:

Modality Merge Effectiveness = Acc™ — max(Acc"O", Acc@OM), (11)

This metric quantifies the additional information gained through cross-modal integration. Higher
values indicate the model effectively leverages complementary signals from both modalities beyond
what either modality provides alone.

Modality Difference = max(Acc" O™, Acc?O™) — min(Acc¥ O™, Acc?O™). (12)

This metric measures the performance gap between modalities, where higher values indicate greater
reliance on the dominant modality, while lower values reflect more balanced representations across
the two modalities.

Ideally, a model should maximize Merge Effectiveness and minimize Modality Difference. MM-
Prompt achieves consistently higher Modality Merge Effectiveness and lower Modality Difference
across sequential tasks compared to all baseline methods. This quantitative evidence confirms that
our approach not only maintains more balanced representations of both modalities but also more
effectively integrates complementary information across them. These results further validate our
design choices: Cross-Modal Prompt Query ensures prompts inherently carry the cross-modal in-
formation, while Cross-Modal Prompt Recovery reinforces integration through explicit information
exchange pathways, together creating a robust defense against the modality isolation that typically
accumulates in CL scenarios.

Table 6: Question types increment in VQA v2 for DI.

Task | Group 1 Group 2 Group 3 Group 4 Group 5
. Recognition Judge Count Color  Subcategory
Question Types Location Commonsense  Action Type Causal
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Table 7: Question types increment in VQA v2 for QI.

Task \ G1 G2 G3 G4 G5
Question Type \ Recognition Location Judge Commonsense Count

Task \ Go6 G7 G8 G9 G10
Question Type \ Action Color Type Subcategory  Causal

Table 8: Question types increment in NExT-QA for QI and DI.
Task ‘ Gl G2 G3 G4 G5 G6 G7
Question Type ‘ CW TN TC DL DB DC DO

B.2 INSERTION LAYERS AND NUMBER OF PROMPTS

Table 9: Effect of different number of prompts in the order of QG, QE, VG, VE.

Number of Prompts A (1)  Finer(J)

10,80,10,80 35.79 0914
50,50,50,50 35.168  1.268
40,60,80,120 36.223  0.447
60,80,100,140 34851  0.985

Following Wang et al.[(2022a), we insert General prompts at lower layers {1,2} and Expert prompts
at intermediate layers {3,4,5}. This configuration follows the hierarchical processing pattern of the
transformer, where lower layers handle more abstract, transferable representations, while intermedi-
ate layers process more specific, fine-grained patterns.

As shown in Table [9} we set the number of prompts to be QG=40, QV=60, EG=80, EV=120, al-
locating more capacity to visual prompts and expert prompts, as there are more object classes than
question types in the dataset. The larger number of Expert prompts enables more specialized han-
dling of diverse visual concepts and complex reasoning patterns, improving the model’s ability to
adapt to new tasks. Notably, simply increasing prompt counts (60,80,100,140) decreases perfor-
mance, suggesting that excessive prompt quantities can lead to lower representation quality and
slower convergence.

B.3 IDENTICAL MASKING

As shown in Figure@ we use formula W to calculate the relative difference between
n

identical masking and separate masking, the results reveal consistently positive values for both
modality merge effectiveness and modality difference across all tasks. We attribute this improve-
ment to the more aligned reconstruction objectives created by Identical masking through masking
the same regions in both modalities. By doing so, it establishes shared targets that incentivize lever-
aging complementary cross-modal information, leading to better cross-modal awareness than sepa-
rate masks. This mechanism effectively embeds cross-modal awareness into the recovered prompts,
leading to the consistent performance improvements observed across all continual learning tasks
compare with separate masking for 5% masking ratio.

B.4 INTRA AND INTER MODAL RECOVERY ANALYSIS

Table [I0] presents an ablation study examining the contribution of each recovery step to MM-
Prompt’s performance. The baseline model with only cross-modal query achieves 34.990% AP
with 0.588 forgetting. Adding only intra-modal recovery marginally improves accuracy to 35.150%
but substantially worsens forgetting to 1.140, nearly doubling the forgetting rate. This reveals a key
insight that intra-modal recovery alone may intensify the modality imbalance problem by strength-
ening modality-specific patterns without proper cross-modal integration. On the other hand, without
the intra-modal phase to first preserve and emphasize essential modality-specific characteristics,
inter-modal recovery causes premature mixing where important uni-modal patterns are lost or dom-
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Figure 9: Relative difference between identical masking positions and separate masking positions

Table 10: Performance variation for different recovery components

Intra Inter Gate A  Fue(d)

34990  0.588

v 35.168 1.268
v 35.318 1.071

v v 35916  0.526
v v v 36.223 0.447

inated by the stronger modality before they can be properly established. When both phases are
applied, we can see significant improvements in both metrics (35.916% AP, 0.447 forgetting). This
demonstrates that balanced cross-modal representations require both the preservation of modality-
specific characteristics provided by intra-modal recovery and explicit pathways for cross-modal in-
tegration provided by inter-modal recovery, working together to overcome the isolation problem
that undermines existing approaches. Finally, incorporating the gating mechanism further improves
performance to 36.223% AP with 0.447 forgetting. The gating selectively applies refinement only
where cross-modal evidence supports it, enabling targeted enhancement.

Table 11: Performance variation for different alignment loss

»Cimra »Cinter A (T) -Finter(\L)

34260 1.871
v 34.743  1.531
35.059 1.204

v
v v 36.223  0.447

Table demonstrates the importance of both Liy, and Liye, for effective prompt recovery. Without
any alignment losses, the model achieves only 34.260% accuracy with high forgetting (1.871), as
the recovery process lacks proper guidance and may not be able to reconstruct any meaningful infor-
mation. The Ly, ensures accurate reconstruction of modality-specific patterns, preserving essential
characteristics of each modality. Without this foundation, the model would struggle to maintain the
fundamental representation structure needed for effective reasoning within each modality. Mean-
while, the Ly explicitly guides cross-modal interaction, preventing one modality from dominating
the recovery process and ensuring balanced integration. Only when both losses work together, the
model achieve the optimal performance by simultaneously preserving modality-specific character-
istics while enforcing balanced cross-modal integration.
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Figure 10: Effect of different Liny, ratio.

Fig. ['115] shows the effect of different Ly, ratios. Similar to the ratio for Liner, the moderate value
still performs the best, with peak performance at o = 0.3. Lower values provide insufficient recon-
struction guidance, fail to reconstruct the original representations. Higher values shift the model’s
focus away from producing correct answers to enforcing alignment, which harms task performance
by placing excessive emphasis on representational similarity.

B.5 COMPARISONS WITH OTHER FUSION STRATEGIES

Table 12: Comparisons of different multi-modal fusion strategies during the query stage.

Strategy AM  Fue)

Plus 34.275 1.731

Mean Pooling 34.398  2.015
Hadamard Product 34.702 1.142
Cross Attention 34.891 1.202
Ours’ Query 36.223  0.447

Table 13: Performance variation under different strategies of modality interaction before prompt injection.

Strategy A Fier(})

Plus 33.850 1.335

Mean Pooling 34.170  1.405
Hadamard Product 34.212 1.274
Cross Attention 34.628 1.428
Our Recovery 36.223  0.447

Tables [12] and [T3] present comprehensive analysis of different modality interaction strategies at the
query stage and before the injection stage. In Table [I2] we compare our cross-modal prompt query
against simpler integration methods. Naive strategies like “Plus”, “Mean Pooling” and “Hadamard
Product” directly combining features from both modalities achieve low accuracy with high forget-
ting, as a simple combination provides no mechanism to balance the influence of the dominant
modality, which can overwhelm the joint representation. The standard “Cross Attention” approach
improves performance moderately by allowing selective feature integration, but still permits the
dominant modality’s features to disproportionately influence attention weights and outputs. In con-
trast, our cross-modal prompt query approach with controlled residual connections and learnable
modulation weights outperforms all the alternatives by maintaining essential modality-specific char-
acteristics while enabling balanced cross-modal influence.

Table |13| further demonstrates that our structured approach for prompt recovery is equally crucial.
Cross-modal prompt recovery creates explicit pathways for cross-modal information integration.
Our recovery method first establishes modality-specific foundations before progressively integrating
cross-modal information through controlled pathways. This structured approach preserves essential
characteristics of each modality while enabling targeted information exchange. Unlike the naive
combination methods that allow dominant signals to overwhelm the integration process, our method
creates explicit, balanced pathways for cross-modal information flow.
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Table 14: Performance comparison over 10 times long sequence (10 times longer sequence - original).

Method After Task Acconthat Task A (1) Finer (1)
Dual Prompt  Task 1 +1.26 +1.26 0.00
Dual Prompt  Task 2 +1.54 +0.49 +1.91
Dual Prompt  Task 3 +1.89 +0.04  +2.28
Ours Task 1 +2.57 +2.57 0.00
Ours Task 2 +2.77 +2.01 +1.32
Ours Task 3 +3.22 +1.73 +1.68

Notably, the “Plus” operation yields the lowest performance in both stages, suggesting that simply
adding the prompts together can significantly diminishes the complementary information provided
by the vision modality. These results confirm that both components of cross-modal prompt query and
cross modal prompt recovery complementarily creating prompts with effective cross-modal aware-
ness, thus achieve the best performance.

B.6 ON SCALING WITH EXTREMELY LONG CONTINUAL LEARNING SEQUENCES

To evaluate our method’s robustness on longer sequences, we conducted experiments using 10% of
the original batch size on VQA v2 CI setting to simulate 10 times longer continual sequence. All
The results are calculated by 10 times long sequence minus standard. Results are shown in the Ta-
ble[T4] we attribute the performance change in this setting to a more challenging learning dynamic.
With smaller batch size, the model may optimize too rapidly toward each task’s specific set of im-
age classes, exacerbating conflicts between different tasks. Despite these challenges, our model
demonstrates superior performance. It achieves substantially higher improvements in both per-task
and average accuracy, while its increase in inter-task forgetting is less than half that of the existing
method. This confirms our cross-modal mechanisms effectively mitigate degradation by preserv-
ing balanced modality representations, while isolated prompt methods suffer from compounding
modality bias.

B.7 MORE STATISTICS

Statistical Reliability To validate the robustness of MM-Prompt, we conducted experiments with
three different random seeds on both VQA v2 DI and NExT-QA DI settings, reporting mean and
standard deviation in Table [[5] MM-Prompt achieves the highest average performance across all
metrics while maintaining the lowest or near-lowest standard deviation. These consistent results
across multiple runs demonstrate that fostering cross-modal interaction through explicit pathways
is not only effective but also stable. The low variance indicates that cross-modal prompt query
and cross-modal prompt recovery can always guide the model toward balanced multimodal repre-
sentations regardless of initialization conditions. This stability is important for continual learning
scenarios where performance consistency ensures reliable deployment across diverse applications.

Robustness Across Different Backbones To further evaluate the generalizability of our approach,
we test MM-Prompt with a different pretrained backbone. Table [I6] presents results using Flan-T5
(Chung et all 2024) and Bart (Lewis et al.l 2020) as the backbone model. In both settings, our
method achieves achieves the highest accuracy and lowest forgetting. This consistent superior per-
formance confirms that our cross-modal prompt mechanisms are robust across different pretrained
backbones and not dependent on specific pretraining strategies, suggesting the broader applicability
of our approach.

First-task Accuracy Across Sequential Learning Table [I 7] presents accuracy for the Task 1 after
training on each tasks. MM-Prompt consistently maintains the highest accuracy on Task 1 through-
out the entire learning sequence and achieved the lowest forgetting in the end. We attribute this
superior retention to our cross-modal prompt query and recovery mechanisms, which effectively
embed the complementary information in to the prompt, thereby fostering cross modal interaction.

Component-Level Forgetting To investigate if our learned attention modules suffer from forgetting,
we conducted a new analysis to measure their attention drift on the VQA v2 DI setting. We define

—1 at ~a1
2%cos <7)
[EE
™

drift as the angular calculated by Attention_drift (task T) = . Results shown in
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the Table [I8]reveal two key findings:(1) Intra-modal attention shows lower drift, providing a stable
modality-specific foundation. (2) Inter-modal attention show higher drift, as they aim to adapt to
capture different cross-modal relationships. This combination of a stable intra-modal foundation
and an adaptive inter-modal integration demonstrates a reasonable and beneficial feature of our
design. This drift allows the model to adapt to new tasks while preserving foundational knowledge,
ultimately leading to the state-of-the-art performance.

Computational Efficiency We also analyze the theoretical computational complexity by measuring
Giga Floating Point Operations (GFLOPs). MM-Prompt requires 19.824 GFLOPs, which is only
higher than the simplest method Dual Prompt (Wang et al.,[2022a), while been lower than the other
methods. Notably, the GFLOPs ranking aligns with the empirical running time measurements (Fig.8
in the main paper), further confirms that achieving balanced multimodal representations through
cross-modal mechanisms does not require significant computational trade-offs, making MM-Prompt
suitable for practical applications.

Table 15: Performance statistics for different models, with error bars denoting mean + standard deviation
across three trials using distinct random seeds. Superscript symbols indicate a representative pair of statistically
overlapping results per metric. , ¥, ¥ and T denote statistically overlap

Methods ‘ VQA-v2 DI ‘ NEXT QA DI
| A Fner 1) | A Finter (1)
Dual Prompt | 33.748 £0.213  2.630+£0.248 | 16.224 £0.21 18 9.537 +0.190
L2p 31.481 £0.255 2.227 £0.230 14.204 £ 0.256 9.480 £ 0.195
CODA 35.070 £ 0.2287  1.026 £ 0.211% | 15.202 + 0.227 9.281 £0.239
Triplet 32.602 + 0.204 1.211 £0.227 18.903 £0.189  8.716 +£0.2181
Maple 35.086 +0.177"  1.170 £ 0.241 17.636 + 0.250 8.648 +0.248
VQACL 34243 +0.239  1.008 +0.217% | 20.496 +0.231 8.734 £ 0.205
CluMo 35.037 £ 0.270 1.739 £ 0.252 1841240226  9.205 +0.1991
Star-prompt 34.449 + 0.241 1.776 £ 0.263 | 16.787 £ 0.237%  10.315 +0.232
Ours 36.296 £ 0.162  0.571 £ 0.195 22.535 £ 0.205 8.442 + 0.162
Table 16: Comparison of different backbones on VQA-v2 DI.
(a) BART-based Methods (b) Flan-T5-based Methods
Method ) () Method AM  Fier (D)
Dual Prompt  35.012 3.406 Dual Prompt  34.955 1.750
L2P 33.527 3.274 L2P 33.100 1.855
CODA 36.157 1.986 CODA 35.966 1.653
MaPLe 36.454 2.057 MaPLe 36.179 2.059
CluMo 35.934 2377 CluMo 35.355 1.797
Ours 38.231 1.251 Ours 37.572 1.577
Table 17: Task 1 performance across sequential learning.
Method (After) T1 T2 T3 T4 TS T6 T7 T8 Finter
Dual Prompt 32.68 28.77 24.18 2145 16.87 1393 11.64 893 2375
L2p 32.45 28.01 2379 20.82 1592 12.61 11.07 8.17 24.28
CODA 34.02 3147 28.06 23.82 1931 1550 12.82 10.56 23.46
Triplet 32.15 28.84 2563 22.08 17.49 1374 11.57 9.12 23.03
MaPLe 33.87 3229 27774 2313 19.25 15.61 1247 11.06 22.81
VQACL 33.94 3138 27.85 2276 1871 1545 1339 11.28 22.66
CluMo 33.66 28.28 24.06 2148 1633 1361 11.29 839 2527
Star-Prompt 33.44 30.79 27.53 21.68 18.90 14.87 1253 10.19 23.25
Ours 35.13 32.63 2945 2529 20.70 17.26 14.59 1294 22.19
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Table 18: Attention drift on different components.

After Training On  Agey  Ainra  Ainer Average

Task 2 1.04 0.98 1.86 1.29
Task 3 3.08 1.67 3.30 2.68
Task 4 3.33 1.74  3.52 2.86
Task 5 3.59 1.76  3.58 2.98
Task 6 3.85 1.81 3.70 3.12
Task 7 4.05 1.85 3.87 3.26
Task 8 5.32 330 6.88 517
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Z%_ 199 19849 904
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S 197
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MAPLE Dual Prompt TRIPLET ~ CODA  MM-Prompt
Figure 11: GFLOPs for different methods

C MORE VISUALIZATION

C.1 HEATMAP COMPARISON

Example 1 Example 2
Question: What is in the sky? Question: How many animals are in the photo?
Input Image Dual Prompt’s Attention MM-Prompt’ Attention Input Image Dual Prompt’s Attention MM-Prompt’ Attention
¥ 7 s
| B
b 2 :
b
.
| S :
Truth Label: plane Output: bird Output: plane Truth Label: 2 Output: 1 Output: 2
Example 3 Example 4
Question: What is the man catching? Question: Does the girl's shorts match her shirt?

Input Image Dual Prompt’s Attention MM-Prompt’ Attention Input Image Dual Prompt’s Attention MM-Prompt’ Attention

Truth Label: frisbee Output: no Output: no Output: yes
Example 5 Example 6
Question: Are the street lights turned on? Question: What does the weather appear to be like?
Input Image Dual Prompt’s Attention MM-Prompt’ Attention Input Image Dual Prompt’s Attention MM-Prompt’ Attention

——

Truth Label: yes Output: no Output: yes Truth Label: cloudy Output: eat Output: cloudy

Figure 12: Bottom up attention visualization(Anderson et al., |2018) during inference on Dual Prompt

2022a) and MM-Prompt.

As illustrated in Fig. [I2] MM-Prompt consistently directs attention to relevant regions, while Dual
Prompt often diffuses or drifts focus, leading to incorrect predictions. In Example 1, MM-Prompt
focus on the aircraft in the sky and generate the correct answer “plane” while Dual Prompt attends to
an edge of the wing and misclassifies it as “bird” A similar pattern holds in Example 2, MM-Prompt
highlights both animals and counts ‘“2” whereas Dual Prompt spreads attention across the pasture
and under-counts. In Example 3, where fine-grained localization is required , MM-Prompt put the
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attention on the frisbee in the man’s hand and answers correctly, contrasting with Dual Prompt’s off-
target focus that yields “no”. These patterns persist across other tasks involving abstract reasoning
and lighting assessment. These improvements arise from the design of MM-Prompt, where cross-
modal prompt query enriches queries with complementary cues and cross-modal prompt recovery
established explicit pathways for modality interaction. Together, these mechanisms create prompts
with cross-modal awareness, thus counteract modality imbalance and improve performance.

C.2 FAILURE CASE

Example 1 Example 2 Example 3
Question: What is in the blue pot? Question: What shape is the cake? Question: Are the pesple Tea;'est the camera riding
. . icycles?
Input Image MM-Prompt’s Attention Input Image MM-Prompt’s Attention Input Image G MM-Prompt’s Attention

Truth Label: teddy bear Output: food Truth Label: round 70utput; square Truth Label: yes

Figure 13: Failure cases for MM-Prompt

Despite MM-Prompt’s overall strong performance, we observe several failure cases that reveal per-
sistent challenges in cross-modal reasoning (Fig.[I3). In Example 1, for the question “What is in the
blue pot?”’, MM-Prompt incorrectly attends to the black pot rather than the deep blue one, indicat-
ing difficulty distinguishing objects with similar colors. Example 2 highlights limitations in shape
reasoning: the model misidentifies a round cake as “square,” likely due to the bounding-box-based
visual features, which inadequately capture circular shapes. This suggests that when initial features
are impoverished, our recovery mechanism may be insufficient. Example 3 illustrates shortcomings
in spatial reasoning for the question “Are the people nearest the camera riding bicycles?”. Here,
attention shifts to the wrong individuals, pointing to difficulties in multi-step reasoning and hinting
at potential re-emergence of modality dominance.

These failure cases point to specific areas for future improvement. (1) more adaptive masking strate-
gies that align better with the case-specific settings, (2) more advanced visual feature representations
beyond bounding boxes to better capture shape information. These enhancements would strengthen
MM-Prompt’s ability to maintain balanced cross-modal representations while addressing specific
reasoning challenges.

USE oF LLM

No LLMs were used in this work.
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