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Abstract

Recent Audio-Visual Question Answering
(AVQA) methods have advanced significantly.
However, most AVQA methods lack effective
mechanisms for handling missing modalities,
suffering from severe performance degradation
in real-world scenarios with data interruptions.
Furthermore, prevailing methods for handling
missing modalities predominantly rely on gen-
erative imputation to synthesize missing fea-
tures. While partially effective, these meth-
ods tend to capture inter-modal commonali-
ties but struggle to acquire unique, modality-
specific knowledge within the missing data,
leading to hallucinations and compromised rea-
soning accuracy. To tackle these challenges,
we propose R2ScP, a novel framework that
shifts the paradigm of missing modality han-
dling from traditional generative imputation to
retrieval-based recovery. Specifically, we lever-
age cross-modal retrieval via unified semantic
embeddings to acquire missing domain-specific
knowledge. To maximize semantic restoration,
we introduce a context-aware adaptive purifica-
tion mechanism that eliminates latent seman-
tic noise within the retrieved data. Addition-
ally, we employ a two-stage training strategy
to explicitly model the semantic relationships
between knowledge from different sources. Ex-
tensive experiments demonstrate that RZScP
significantly improves AVQA and enhances ro-
bustness in modal-incomplete scenarios. !

1 Introduction

In the rapidly evolving landscape of multimodal
understanding, Audio-Visual Question Answering
(AVQA) (Zhao et al., 2025; Pei et al., 2025) has
emerged as a pivotal task, requiring models to rea-
son across visual, audio, and textual domains to
achieve a comprehensive understanding of dynamic
scenes. By effectively synthesizing heterogeneous
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Figure 1: Comparison of traditional methods (top) and
R2ScP (bottom). Traditional methods typically rely on
modality imputation but often yield redundant common
knowledge that lacks distinctiveness. In contrast, R?ScP
preserves valuable modality-specific knowledge from
the candidate pool while effectively suppressing the
inherent noise knowledge.

information, AVQA systems have demonstrated
remarkable potential in applications ranging from
intelligent assistants to video content analysis. De-
spite these advancements, achieving robustness in
AVQA models for real-world deployment remains a
significant challenge (Wu et al., 2024). While stan-
dard methods typically assume modal complete-
ness, practical scenarios often violate this assump-
tion due to issues like device malfunctions, sensor
occlusion, or data transmission failures. In cases
where a critical modality is unavailable, such as
the loss of audio in a musical performance video,
the performance of conventional models tends to
deteriorate significantly.

To mitigate the impact of incomplete data, the
prevailing research (Li et al., 2025b; Chen et al.,
2025; Zhu et al., 2025; Xin et al., 2025; Zhang et al.,
2025c) paradigm has largely focused on generative
modality imputation. Pioneering works, such as the
relation-aware missing modal generator proposed
by Park et al. (Park et al., 2024), attempt to syn-
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thesize pseudo-features for the missing modality
by conditioning on the available data. While these
generative methods have shown promise, they face
an intrinsic limitation regarding semantic halluci-
nation and noise. As illustrated in Figure 1 (top),
generative models tend to produce common knowl-
edge features, which are generic representations
that lack the fine-grained, modality-specific details
required to answer complex questions. For exam-
ple, when inferring missing audio from a visual
scene of a concert, a generative model might syn-
thesize a generic “music”’ embedding but fail to
capture the distinct timbre of the specific instru-
ments visible, thereby introducing semantic noise
that confuses the reasoning process.

In this paper, we challenge the dominance of
generative imputation and propose a paradigm shift
from generation to retrieval. We hypothesize that
instead of synthesizing imperfect hallucinations, it
is more effective to recall high-quality, real-world
feature segments from a semantic database that
are coherent with the available context. To this
end, we present R?ScP (Retrieving to Recover via
Semantic-consistent Purification), a novel frame-
work designed to achieve robust AVQA perfor-
mance under missing modality conditions.

In contrast to current approaches, R2ScP lever-
ages a unified semantic space to retrieve candidate
features for the missing modality based on the avail-
able inputs. However, raw retrieval inevitably intro-
duces irrelevant information. To address this, we
introduce a Context-aware Adaptive Purification
mechanism (CAP). CAP acts as a semantic filter,
and it utilizes the semantic consistency between
the retrieved candidates and the available modali-
ties to verify and purify the retrieved features. By
adaptively suppressing noise and highlighting con-
textually relevant cues, CAP ensures that only the
information strictly beneficial for the QA task is
integrated. Furthermore, we employ a mixture of
experts (MoE) strategy using a two-stage training
process of independent expert training followed
by expert mixing to explicitly model the complex
inter-dependencies between retrieved knowledge
and original inputs. Our main contributions are
summarized as follows:

* We propose R%2ScP, a novel framework that
shifts the perspective of missing modality han-
dling in AVQA from generative imputation to
retrieval-based recovery, effectively preserv-
ing modality-specific details.

* We introduce the Context-aware Adaptive Pu-
rification mechanism (CAP), which dynami-
cally filters semantic noise from retrieved fea-
tures by enforcing consistency with available
modalities, ensuring high-fidelity feature re-
construction.

» Extensive experiments on multiple AVQA
datasets demonstrate that our method signif-
icantly outperforms state-of-the-art competi-
tors, achieving superior robustness in diverse
missing modality scenarios.

2 Related Work

2.1 Audio-Visual Question Answering

Audio-visual question answering (AVQA) (Chen
et al., 2023; Li et al., 2024b,a; Ye et al., 2026a) is a
multimodal reasoning task that requires aligning vi-
sual, acoustic, and textual information for compre-
hensive scene understanding. Benefiting from ad-
vances in deep learning (Zhang et al., 2026; Wang
et al., 2026; Ye et al., 2026b; Zhang et al., 2025a;
Tang et al., 2025; Lin et al., 2025; Xie et al., 2024;
Ye et al., 2026c¢), recent AVQA methods improve
multimodal understanding through spatiotempo-
ral modeling. PSTP-Net (Li et al., 2023) progres-
sively selects key spatiotemporal regions to local-
ize question-relevant segments. QA-TIGER (Kim
et al., 2025) employs a gaussian-based mixture-of-
experts framework to capture continuous temporal
dependencies and inject question context during
encoding. AV-Master (Zhang et al., 2025b) further
adopts a dual-path design with dynamic adaptive
focus sampling and global preference activation to
reduce redundant audio-visual information.

Despite these advances, most AVQA methods
assume complete modalities and rely heavily on
audio-visual interaction, causing severe perfor-
mance degradation in real-world scenarios with
sensor malfunction or transmission failure. Unlike
previous works, this paper focuses on handling the
problem of missing modalities so that the model
can perform robust inference even when key modal-
ities are absent.

2.2 Incomplete Multimodal Learning

Incomplete multimodal learning aims to learn ro-
bust representations from partial observations in the
presence of sensor failure or data corruption. Exist-
ing generative imputation methods mainly include
reconstruction-based and representation-based gen-
eration. Reconstruction-based methods synthesize
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missing data from available modalities (Tran et al.,
2017; Cai et al., 2018). Early approaches typi-
cally use GANSs or autoencoders to reconstruct raw
data or feature maps. For example, MMIN (Zhao
et al., 2021) uses cascaded residual autoencoders
to predict missing features from cross-modal as-
sociations. With diffusion models, IMDer (Wang
et al., 2023b) recovers missing emotion cues via
score-based generation. IMOL (Zeng et al., 2025)
further introduces cognitive memory replay, using
cross-modal consistency to imagine missing modal-
ities and retrieval-augmented contrastive learning
to improve domain generalization.

Another line of work learns modality-invariant
or disentangled representations for robustness un-
der missing inputs. ShaSpec (Wang et al., 2023a)
disentangles modality-shared and modality-specific
features, while transformer-based models such as
mmFormer (Zhang et al., 2022) and ViLT (Ma
et al., 2022) use attention masking to fuse avail-
able tokens. Mixture-of-experts methods also offer
flexibility: MoMKE (Xu et al., 2024) preserves
modality-specific knowledge with unimodal ex-
perts, and SimMLM (Li et al., 2025a) adopts dy-
namic gating with a “More vs. Fewer” ranking loss
to handle varying modality availability.

Despite these promising advancements, current
methods still face intrinsic limitations regarding
semantic fidelity. Generative approaches often
suffer from ‘“hallucination”, producing generic,
common-knowledge features that severely lack the
fine-grained, instance-specific details required for
complex reasoning (e.g., generating a generic in-
strument sound instead of a specific violin timbre).
While IMOL incorporates retrieval, it primarily
uses it for contrastive alignment rather than explicit
direct feature recovery. In contrast to these genera-
tive paradigms, our work proposes a paradigm shift
towards retrieval-based recovery. By retrieving
high-quality, real-world feature segments from a
unified semantic space and applying context-aware
purification, R2ScP effectively mitigates semantic
noise and preserves the distinctiveness of the miss-
ing modality, ensuring robust reasoning in AVQA
tasks.

3 Methodology

3.1 Problem Definition

The AVQA task aims to infer an answer y € Y
given a multimodal input sequence consisting of
visual frames V, audio segments A, and a tex-

tual question 7'. In real-world scenarios, we en-
counter an incomplete modality setting where a
subset of modalities may be missing or corrupted.
Let M = {v,a,t} denote the set of all modali-
ties, and M,,; € M denote the set of available
modalities. The input features can be represented
as F' = {fm|lm € Mgy}, where f,, denotes
the feature representation of modality m. Un-
like previous works that rely on generative models
G (favail) = fimiss — v to hallucinate missing fea-
tures, our goal is to retrieve and purify real-world
semantic knowledge. We propose R2ScP, which
learns a mapping ®(M,,;) — y by retrieving miss-
ing evidence from a unified semantic space and
filtering it via a context-aware mechanism. The
overall architecture of R2ScP is shown in Figure 2.

3.2 Cross-Modal Retrieval (CMR)

To bridge the semantic gap caused by missing
modalities, we propose a retrieval-based recovery
paradigm. We construct an external memory bank
B = {(k;,v;)}, using a unified semantic space
(generated by a pre-trained multimodal model, e.g.,
Imagebind (Girdhar et al., 2023)), where k; rep-
resents the key embedding of a potential missing
modality sample (e.g., audio) and v; is its corre-
sponding raw feature representation. Given an in-
put with a missing modality (e.g., missing audio),
we utilize the available modality (e.g., visual) as
the query Q,;- We measure the semantic similar-
ity between the query and the memory bank keys
using the cosine similarity metric:

Qavl : kz

S = el K
| Qawtll[kil| + €

)]
we then subsequently retrieve the top-n candidate
set R = {r;}}" ; corresponding to the indices with
the highest similarity scores S. These selected
candidates serve as the raw semantic supplement
for the missing modality.

3.3 Context-aware Adaptive Purification

Although the retrieved candidate set R provides po-
tential semantic prototypes for the missing modal-
ity, raw retrieval inevitably introduces semantic
noise and contextual misalignment. For instance,
retrieving audio for a violin performance might
accidentally recall cello or background applause
features that, while semantically related, conflict
with the specific visual cues or the user’s question.
To address this, we propose the context-aware adap-
tive purification (CAP) mechanism. Algorithm 1
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Figure 2: Overview of the proposed R2ScP framework (when the audio modality is missing). (a) The CMR module
retrieves candidate features from a unified semantic space, while the CAP mechanism acts as a semantic filter that
refines the coarse retrieved features using the common knowledge between the visual and audio modalities. (b) The
overall architecture processes available and purified representations for the answer decoder.

illustrates the purification process for the retrieved
candidate features (e.g., visual) using the available
modality (e.g., audio) as guidance. CAP func-
tions as a dynamic semantic filter that selectively
suppresses incongruent noise while substituting it
with cues from common representations that are
highly relevant to the question. The process is de-
composed into three rigorous phases: consistency-
based noise profiling, text-guided semantic acquisi-
tion, and selective feature injection.

3.3.1 Consistency-based Noise Profiling

The primary criterion for identifying noise is se-
mantic dissonance with the available modality. Let
Hyy € REXP denote the input modality repre-
sentations of the available modality (e.g., visual
or audio). We first abstract a global context an-
chor g, via global average pooling to capture the
holistic semantic tone of the scene:

L
1
avl = Z ; Havl[t] (2)

for each retrieved token r; € R, we compute a
dissonance score ¢;, which quantifies the semantic
deviation of the candidate from the current global
context. To enable robust comparison in a latent

manifold, we employ a learnable projection:

6 =1-— Sim(Hmiss . Wproj7 gaul)
(Hmiss . Wproj)Tga'ul (3)

=1-
[ Hrmiss - Woroj |l gav |

Hiiss = % Z Emiss (Pmiss(ri)) )
i=1

where &£,,;55 denotes the specific expert correspond-
ing to the current missing modality, and ®,,,;55 rep-
resents its corresponding semantic feature encoder.
Tokens with high ¢§ values indicate retrieved infor-
mation that contradicts the available evidence (e.g.,
retrieving “barking” sound for a visual “cat”). We
employ a negative selection strategy to identify the
set of noise indices €1,,4;sc corresponding to the
top-kpurge discordant tokens:

Q"O“'e - Topkzndzces (5> kpuT‘gc) (5)

we further construct a binary noise mask M,;5¢ €
{0,1}F, where the k-th entry is set to 1 if k& €
Qpoise, and 0 otherwise.

3.3.2 Text-Guided Semantics Acquisition

The first phase screens out erroneous content, while
the second phase focuses on identifying useful in-
formation. Here, the textual question serves as a
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Figure 3: Two-stage training strategy sequentially performs expert pre-training and expert mixing optimization.

high-level semantic instruction, guiding the model
to attend to specific attributes within the common
knowledge H.,n. We design a guidance block
leveraging multi-head cross-attention (MCA) and
self-attention (SA). Here, the retrieved candidates
‘R act as the query source to seek alignment with
the question intent. Let H; be the question embed-
ding sequence. We compute the guidance attention
map Agerr and Acpos5 to highlight salient features:

Hgyidea = GuidanceBlock(Hcom, Ht)
Heom = Emiss(Favl)
Aseir = SA(Q, K,V : Heom)
Across = MCA(Q : Heom, K,V : Hy)

(6)

where Fy,,; denotes the features obtained by pass-
ing the retrieved samples through the feature en-
coder. Simultaneously, we compute a saliency
score o for each token by aggregating the attention
weights across heads and dimensions. This score
reflects the informational density of each retrieved
token relative to the question. We then identify the
most valuable semantic indices Qgqzient:

Qsatient = TOpkmdices (0'7 kpu’rge) (7)

similarly, we constructed a binary mask
Msatient € {0, 1} from the obtained indices.

3.3.3 Selective Feature Purification

In the final phase, we perform a surgical feature
replacement operation. The goal is to overwrite
the identified noisy regions (£2y,;se) With the high-
quality semantic cues (5475ent) €Xtracted in second
phase, while preserving the retrieval content that
was deemed consistent in first phase. We construct
the purified representations H? . as follows:

ngided[jL if ¢ S Qnoisg and
ur [ corresponds to
fm’ss[l] = . p (8)
j-th salient token
Hyniss[i],  otherwise

Algorithm 1 Context-aware Adaptive Purification

, text features F; €
, and retrieved visual features F,, € REXLvxD
Parameter: Purification budget k£ (number of tokens).
Output: The Purified Visual Representations HJ"".

: Obtain representations via modality-specific experts:

H(—g( ), Ht(—gt(Ft) H(—g( )

: Phase 1: Consistency-based Noise Identification

: Compute global context vector g, € RZ*1xD:

galb] 7 272y Halb, 5]

: Initialize similarity matrix 6 €

fori =1to L, do
d[:, 4] + CosineSimilarity(ga, Ho|:, %, :])

end for

: Identify noise indices set Qnoise C {1, ...,

ative selection:

11: Qnoise < TopK Indices(1 — 6, k)
correlated visual frames

12: Construct binary noise mask Mooise € {0,1}2%Lv
based on Q,0ise

13: Phase 2: Text-Guided Semantics Acquisition

14: Project common queries: Heom < E»(Fy)

15: Guidance Mechanism (Cross-Modal & Self-Attention):

16: Hguided; Across, Asery < GuidanceBlock(Heom , Ht)

17: Aggregate attention weights to estimate semantic impor-
tance:

18: Wiotal <= 3 gim——1 (Across) + 2 gim——1 (Aseir)

19: Select salient semantic indices Qsazient C {1,..., Lc}:

20: Qsatient < TopK Indices(Wkotar, k) > Select k most
informative tokens

21: Phase 3: Selective Feature Purification (Injection)

22: forb = 1to B do

Input: audio features F, € RE*LaxD
RB XL¢xD

RB X Ly

Swwna .w#.ww~

—_

L,} vianeg-

> Find k least

23: Retrieve instance-specific indices:

24: IN — Qnoise[b], IS' — Qsalient[b}

25: Semantic Injection Operation:

26: for j = 1to k do

27: idxtargeh 1dTsource < IN []]7:[5 []}

28: H’U [b7 Z‘dxtargeh :] <~ ngided[b, idxsource, :] >
Overwrite noise with semantics

20: end for

30: end for

31: return HY" «+ H,

formally, this can be expressed as a masked injec-
tion operation:

H:;Luzg.s = (1 - Mnoise) © Hmiss

9
+ Mnoise © Gather(ngided7 Qsalient) ( )
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where © denotes element-wise multiplication. This
mechanism ensures that the final representation
HP'  maintains high semantic fidelity to the real-
world distribution (from R), while simultaneously
using audio-visual common knowledge to purify
noise semantics that have low relevance to the cur-
rent question. This purified sequence is then passed

to the subsequent module for fusion.

3.4 Two-Stage Experts Training

To explicitly model the reliability of different infor-
mation sources (original vs. recovered), we adopt a
mixture of experts architecture trained via a decou-
pled two-stage curriculum. The two-stage training
procedure is illustrated in Figure 3.

Stage I: Modality-Specific Expert Pre-training.
We establish three independent experts: visual ex-
pert &,, audio expert &, and text expert &. Each
expert is a transformer encoder trained to solve
the AVQA task. The objective is to minimize the
expert pre-training task loss:

Lon= >,

mée{v,a,{v,t,a}}

Exy~p [Flog P(ylEm(Fm))]  (10)

this ensures that the visual and audio experts ex-
tract discriminative representations H,,, = &, (Fy,)
without relying on cross-modal shortcuts.

Stage II: Expert Mixing with Dynamic Gating
Training. In the second stage, we freeze the ex-
perts and train a gating network (Router) G. The
router dynamically assigns importance weights
based on the input context. The expert weights
a € R? are computed as:

) — exp(Gm’)
T Yegoany €2P(gm) (11

where ¢ denotes the learnable parameters of the gat-
ing network G(, ¢). The final joint representation
is a weighted sum:

Zjoint - aaHa + ath + avHv

12
y = Dec(zjoint) ( )

3.5 Optimization and Ranking Loss

The complete framework is optimized using a com-
pound loss function. In addition to the standard
cross-entropy loss L4k, we introduce a semantic
ranking loss L, to enforce the principle that fea-
tures recovered from positive samples should be
semantically superior to those from negative sam-
ples, yet inferior to the ground truth. Let X;; denote
the sample from the ground truth missing modality,

and let R™ and R~ represent the retrieved positive
and negative samples (corresponding to the indices
with the lowest similarity scores .S), respectively.
We impose the following constraint:

['jank = max(0, Leask (V[ Xgt, y)
— Liast(YIRT, 1))
Lyank = maX(Ovﬁtask(y|R+vy)
= Leask(YIR™,9))
the total objective for expert mixing training is:

‘Ctotal = ‘C’iGSk(y7 y) + A(‘Cja/n,k + ‘C;ank) (15)

13)

(14)

this optimization ensures that the retrieved and pu-
rified features lie in a valid semantic manifold that
aids the QA reasoning process.

4 Experiments

In this section, we conduct experiments to eval-
uate the effectiveness of the proposed model.
We also compare our method with a range
of related methods, including MoE-based ap-
proaches (IMOL (Zeng et al., 2025), SimMLM (Li
et al., 2025a), MoMKE (Xu et al., 2024)) and other
architectures (Missing-AVQA (Park et al., 2024)).

4.1 Performance Results

We evaluate the effectiveness of the proposed
R2ScP framework by comparing it with state-
of-the-art methods on two benchmarks: Music-
AVQA (Li et al., 2022), AVQA (Yang et al., 2022).
As presented in Table 1, we report the perfor-
mance comparison on the Music-AVQA and AVQA
datasets under the missing modality setting. The
results demonstrate that R?ScP consistently outper-
forms existing state-of-the-art counterparts across
both datasets. Specifically, across various modal-
ity settings, R?ScP achieves a new state-of-the-art
average accuracy of 71.54% on Music-AVQA and
76.35% on AVQA. Notably, the performance gain
is more pronounced on the AVQA dataset, which
encompasses a diverse range of open-domain daily
events. We attribute this to the fact that genera-
tive methods often struggle to synthesize realistic
features for complex, unconstrained scenes. In con-
trast, our R2ScP framework effectively retrieves
and filters real-world semantic cues, thereby pre-
serving more distinct modality-specific details for
robust reasoning. Furthermore, compared to sev-
eral AVQA specialized models, our method demon-
strates competitive performance even under the
full modality setting, despite our primary focus
on learning with missing modalities.
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Modalities Music-AVQA (Audio-Visual) AVQA
Method Venue A V Q | Exist Localis Count Comp Temp Avg. | Avg.
AVQA Specialized Models
PSTP-Net MM23 |e o o [7618 7323 71.80 7179 69.00 72.57 | 90.20
TSPM MM24 |e o o |82.19 7185 7621 6576 71.17 73.51 | 90.80
SHMamba TASLP'25 | e o e |8289 6793 7265 6131 6837 7064 | 90.80
QA-TIGER CVPR'25 | e e o |8310 7250 7858 6394 6959 73.74| -
AV-Master arXiv'2S | e e e | 8360 7239 7913 6421 70.80 7422 | 91.40
Incomplete Modality Learning Models
e o e |7794 28.48 67.43 25%1 28.82 22'99 46.65
. i |0 o e [7874 3815 7059 6267 6046 6644 | 7028
Missing-AVQA | ECCV'24 | O 0§ 12004 6870 7513 6130 69.87 7127 | 89.96
Average | 79.87 61.77 7105 63.06 63.07 67.90 | 63.96
e o e [7990 29.61 65.16 20.22 28.93 gg.sz 5978
, o e e |7874 35815 7059 62.67 61.18 6644 | 70.12
MoMKE MM24 1 g o o | 8224 6703 7496 6358 70.16 7134 | 9026
Average [ 80.29 61.60 7024 62.19 6342 67.53 | 73.39
« o e 7935 23.59 25.@ 24.46 28.42 22.64 59.05
. e |0 o e |81.07 6017 6925 63.03 6046 6694 | 7088
SimMLM ICCVI2S | o o | 8278 6692 7581 6402 6924 71.57 | 9032
Average | 81.07 6336 7028 6050 66.06 68.05 | 73.72
e o e [8I.I0 21.33 20.83 21.16 21.92 27.11 61.32
, o e e |8172 6587 69.80 61.98 6825 6921 | 72.38
IMOL ACL'2S |y o o | 8340 7035 7468 6321 69.10 71.86 | 90.28
Average | 8210 66.18 7177 62.12 6643 6939 | 74.66
e o e (8107 6554 7132 6195 6751 6037 6325
R2ScP (ours) ~ o e e |8249 6893 7405 6349 6934 72.06| 75.12
e o o 8350 7057 7595 6408 70.75 73.19 | 90.64
Average | 82.38 6835 7377 63.07 69.61 71.54 | 76.35

Table 1: Comparison of different methods on Music-AVQA and AVQA dataset under various missing modality
settings (o indicates a missing modality). A: audio, V: visual, Q: question. Exist, Localis, etc. represent the accuracy

in the subtasks of the Music-AVQA dataset.

Modalities Modules | \
AV |CMR CAP | VoA | AVOA
AVQA |
o o 62.43 57.43
° o v 64.11 59.64
° o v 67.21 61.78
° o v v 69.37 63.25
o . 63.54 68.02
o . v 65.21 69.14
o . v 70.18 73.86
o ° v v 72.06 75.12
. . 71.14 88.68
° . v 72.12 89.43
. . v 72.42 90.06
° . v v 73.19 90.64

Table 2: Ablation on the different components of R2ScP.

4.2 Ablation Study

To better understand the individual contributions
of each proposed component, we conduct a com-
prehensive ablation study of the proposed R?ScP.

Effectiveness of retrieval and purification mod-
ules. We first investigate the necessity of the Cross-
Modal Retrieval (CMR) and Context-Aware Adap-
tive Purification (CAP) mechanisms in Table 2.
The baseline model, which relies solely on avail-
able modalities without retrieval, suffers significant

7261 726
7194 — 7.9

~ 2"

9
9.

Z 7051
36981
e

3 6911

<
68.4
67.71
67.0 67.0

Figure 4: Impact of purification budget £ and number
of retrieved samples n.

Method Avg.
R?ScP (ours) 70.72
w/o modality-specific expert pretraining  68.98
w/o expert mixing training 64.21
w/o ranking loss 69.62

Table 3: Effectiveness of the two-stage training strategy.
Results are the average performance on Music-AVQA
for the visual and audio missing settings.

performance degradation in missing modality sce-
narios. Notably, employing CAP alone enhances
the decoding process by leveraging common se-
mantics to refine available features. Furthermore,
the CMR module yields substantial gains by retriev-
ing external cues from a unified semantic space to
compensate for information loss. Combining both
achieves the highest accuracy. This demonstrates
that while retrieval offers essential raw evidence,
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Figure 5: Generalization analysis on the Music-AVQA dataset across various missing rates

Corpus Music-AVQA | AVQA
N/A 64.66 64.39
AVQA 66.51 69.19
VGGSound 66.92 69.64
Music-AVQA 70.72 65.72

Table 4: Impact of different retrieval corpora on the per-
formance of Music-AVQA and AVQA datasets. Results
are the average performance for the visual and audio
missing settings.

CAP is indispensable for filtering semantic noise
to synthesize high-fidelity representations.
Ablation on training strategies. We validate our
optimization protocol in Table 3. The most signifi-
cant drop from 70.72% to 64.21% occurs without
expert mixing (Stage II), underscoring the vital role
of the MoE gating network. Bypassing independent
pre-training (Stage I) also degrades performance to
68.98%, indicating that experts require strong uni-
modal foundations before learning cross-modal de-
pendencies. Finally, the absence of the ranking loss
Lank reduces accuracy to 69.62%. This confirms
that L, is essential for enforcing a structured
semantic manifold to aid the purification process,
as standard task losses alone are insufficient for
ensuring semantic quality of retrieved features.

4.3 Analysis and discussion

To provide a deeper understanding of the internal
mechanisms and robustness of R2ScP, we conduct
a detailed analysis concerning hyperparameter sen-
sitivity and performance generalization under vary-
ing degrees of data incompleteness.

Impact of purification budget and retrieval
count. Figure 4 illustrates the sensitivity of
retrieval count Num, and purification budget
Numy on Music-AVQA. Regarding Num,,, accu-
racy peaks at 3 and subsequently declines because
excessive candidates introduce semantic noise that

Audio Missing Visual Missing
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Figure 6: Trends in expert loads during experts mixing
training on Music-AVQA in the severely incomplete
conditions.

confounds expert reasoning. For Numy, we ob-
serve an inverted U-shaped trend peaking at 5. A
low budget fails to inject sufficient common seman-
tics for noise rectification, while an overly aggres-
sive budget risks overwriting valid context-aligned
information in the original representation.

Impact of varying missing ratios. Real-world
scenarios often involve varying degrees of severe
data loss. To evaluate the robustness of RZScP, we
test the model performance across three distinct
missing rates: 30%, 50%, and 70%. As illustrated
in Figure 5, R2ScP consistently outperforms all
competing methods across all missing rates and
modality scenarios. Notably, the performance gap
widens as the missing rate increases. Existing base-
line methods like Missing-AVQA and SimMLM
exhibit a steeper performance degradation slope as
the missing rate climbs from 30% to 70%. This
validates our hypothesis that generative imputa-
tion methods struggle when the available context
is scarce, leading to hallucination bottlenecks. In
contrast, by retrieving real-world knowledge from
an external semantic space, R?ScP mitigates the
dependency on the immediate context, demonstrat-
ing superior stability even when the majority of the
modality data is absent.

Impact of retrieval corpus. We analyze the influ-
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Figure 7: t-SNE visualization of our model and other methods on the Music-AVQA dataset.

ence of corpus domain and scale in Table 4. Incor-
porating any external corpus consistently surpasses
the baseline, validating the efficacy of knowl-
edge compensation. Crucially, domain consistency
proves vital as the model achieves an optimal accu-
racy of 70.72% using the in-domain Music-AVQA
corpus. Performance declines when shifting to nat-
ural scene corpora like AVQA (66.51%) or VG-
GSound (66.92%). However, VGGSound outper-
forms AVQA within the same domain (natural
scenes). This confirms that larger data scales in-
crease the likelihood of retrieving high-quality can-
didates to enhance performance.

Analysis of expert loads. To gain insights into the
mechanism of the mixture-of-experts framework
under incomplete modality conditions, we further
visualize the expert loads on the test set during the
expert mixing training process, as illustrated in Fig-
ure 6. These loads correspond to the importance
weights dynamically assigned by the Soft Router
to each modality-specific expert. We observe that
as the training progresses, the model gradually con-
verges, and the expert loads tend to stabilize after
initial fluctuations. Notably, the features recovered
via our retrieval mechanism are assigned impor-
tance weights comparable to those of the currently
available high-level semantic modalities (e.g., Vi-
sual or Audio). This demonstrates that the R2ScP
framework effectively treats the retrieved knowl-
edge as a reliable semantic source, successfully
bridging the information gap caused by missing
modalities.

4.4 Visualization

Figure 7 illustrates the t-SNE (Maaten and Hinton,
2008) visualization of embedding distributions on
the Music-AVQA test set under visual modality
missing scenarios. Compared to the baseline (w/o
CMR and CAP) and IMOL, the feature points corre-

sponding to R?ScP exhibit significantly tighter clus-
tering and more distinct separability. This strongly
evidences the efficacy of R2ScP in handling modal-
ity missingness. Specifically, the high density of
the clustered points indicates the model’s accu-
racy in recognizing similar samples. Furthermore,
the clear boundaries between different answer cat-
egories mitigate misclassification. Concurrently,
the uniform distribution suggests that R2ScP effec-
tively balances inter-class relationships, resulting
in more stable and reliable model outputs. These
observations validate that R2ScP maintains robust
comprehension capabilities despite the challenges
of missing data, highlighting its superiority in in-
complete modality learning.

5 Conclusion

In this paper, we present R2ScP, a framework that
addresses missing modalities in AVQA by shift-
ing from generative imputation to retrieval-based
recovery. We introduce the Context-aware Adap-
tive Purification (CAP), which dynamically filters
semantic noise from retrieved data by enforcing
consistency with the available modalities for high-
fidelity reconstruction. Extensive experiments con-
ducted on multiple benchmarks confirm that R2ScP
outperforms state-of-the-art methods, demonstrat-
ing superior accuracy and robustness. Future work
will explore larger-scale retrieval databases to fur-
ther enhance generalization capabilities.
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7 Limitations

This study suffers limitations that may impact
the performance of our proposed framework. Al-
though retrieval-based missing modality recovery
strategies have demonstrated effectiveness in audio-
visual question answering, the model’s inference
accuracy remains sensitive to the quality of the re-
trieved samples. Furthermore, our current work
addresses missing modalities exclusively during
the inference phase. However, in practical applica-
tions, missing modalities may also occur during the
learning process (training). Consequently, future
work will aim to address this by developing AVQA
models that are robust to missing modalities during
the training stage as well.
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