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Abstract

In this paper, a novel benchmark for audio-visual ques-
tion answering continual learning (AVQACL) is intro-
duced, aiming to study fine-grained scene understanding
and spatial-temporal reasoning in videos under a contin-
ual learning setting. To facilitate this multimodal con-
tinual leaning task, we create two audio-visual question
answering continual learning datasets, named Split-AVQA
and Split-MUSIC-AVQA based on the AVQA and MUSIC-
AVQA datasets, respectively. The experimental results sug-
gest that the model exhibits limited cognitive and reason-
ing abilities and experiences catastrophic forgetting when
processing three modalities simultaneously in a continu-
ous data stream. To address above challenges, we pro-
pose a novel continual learning method that incorporates
question-guided cross-modal information fusion (QCIF) to
focus on question-relevant details for improved feature rep-
resentation and task-specific knowledge distillation with
spatial-temporal feature constraints (TKD-STFC) to pre-
serve the spatial-temporal reasoning knowledge acquired
from previous dynamic scenarios. Furthermore, a question
semantic consistency constraint (QSCC) is employed to en-
sure that the model maintains a consistent understanding
of question semantics across tasks throughout the continual
learning process. Extensive experimental results on Split-
AVQA and Split-MUSIC-AVQA datasets illustrate that our
method achieves state-of-the-art audio-visual question an-
swering continual learning performance. The code is avail-
able at https://github.com/kx—wu/AVQOACL.

1. Introduction

Audio-Visual Question Answering (AVQA) is a complex
Al task requiring systems to interpret and answer questions
based on both audio and visual information from videos
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Figure 1. The illustration of an AVQA system under a continual
learning setting.

[20, 39]. Unlike single-modality tasks [7, 13], AVQA in-
tegrates both auditory and visual cues, facilitating a more
comprehensive understanding of scenes. This capability
makes AVQA particularly crucial for applications such as
intelligent assistants, autonomous driving, and embodied
intelligence, where seamless multimodal integration is es-
sential [10, 24, 38, 44].

However, most AVQA methods [21, 26, 40, 41] assume a
static learning environment, training on fixed datasets with-
out the capacity to adapt to new tasks or data over time.
This limitation is problematic in dynamic real-world scenar-
ios, where data is constantly evolving. Without adaptability,
models risk becoming outdated and impractical to retrain
from scratch due to high computational costs and overfitting
risks. To address these issues, multi-modal continual learn-
ing (MCL) has emerged as a key approach. MCL combines


https://github.com/kx-wu/AVQACL

diverse data sources, such as visual, auditory, and textual in-
formation, while retaining learned knowledge across tasks
[35, 43, 46]. By preventing catastrophic forgetting, MCL
enables AVQA systems to adapt to new tasks while preserv-
ing prior knowledge, enhancing resilience and flexibility in
dynamic environments.

To bridge the gaps between MCL and AVQA, We present
AVQACL, a benchmark based on Split-AVQA and Split-
MUSIC-AVQA datasets to study the challenge of learning
multimodal tasks in a continual learning setting. In this set-
ting illustrated in Fig. 1, the model initially begins with an
origin model trained on Task 1 and subsequently encoun-
ters new tasks, each requiring it to learn new questions,
audio-visual categories, and answer updates in a sequential
manner. As the model progresses through tasks, it continu-
ously learns new audio-visual content, adapts to evolving
questions, and provides accurate answers without forget-
ting previously acquired knowledge. Each example displays
a specific question, associated audio-visual content, and
the corresponding answer, emphasizing the model’s abil-
ity to adapt to diverse and evolving question-answer pairs
through continual learning. We repurpose several baselines
[2, 4, 18, 25, 30, 32] and introduce network for AVQA
continual learning research. It is a promising that the pro-
posed method could foster research on AVQACL with fine-
grained scene understanding and spatial-temporal reason-
ing.

Through the development of the AVQACL benchmark
and analysis of our experimental results, we have iden-
tified several unique challenges within AVQACL. (1) In
audio-visual question answering tasks, different questions
often require attention to specific details within multi-
modal data. However, during continual learning, mod-
els can become distracted by irrelevant information, lead-
ing to a lack of focus on question-relevant details and
compromising the quality of feature representations. (2)
AVQA tasks frequently involve complex spatial-temporal
information, making models vulnerable to catastrophic for-
getting of previously acquired spatial-temporal reasoning
knowledge such as scene transitions and event sequences
when learning new tasks. This forgetting effect reduces
the model’s spatial-temporal reasoning ability, weakening
its performance in responding to questions within dynamic
scenes. (3) In continual learning settings, different ques-
tion types may share similar semantic patterns or structures.
When learning new tasks, models may drift from previously
learned question semantics, resulting in a decline in seman-
tic consistency.

Inspired by the challenges in AVQACL, we propose a
novel method comprising three key components: Question-
guided Cross-modal Information Fusion (QCIF), Task-
specific Knowledge Distillation with Spatial-Temporal Fea-
ture Constraints (TKD-STFC), and Question Semantic
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Consistency Constraint (QSCC). The QCIF module lever-
ages the question as a guiding query to selectively ex-
tract visual and audio features, utilizing spatial-temporal at-
tention to enhance focus on question-relevant information
within each modality. TKD-STFC addresses the challenge
of preserving critical knowledge from prior tasks while
learning new information in a continual learning frame-
work; it enforces spatial-temporal consistency by distilling
knowledge from previous tasks and minimizing feature dis-
crepancies between the old and new models. Finally, QSCC
maintains consistent semantic representation of the ques-
tion across tasks, mitigating catastrophic forgetting and en-
hancing stability in question understanding as tasks evolve.
Together, these components enable our model to perform
robustly in cross-modal fusion, spatial-temporal reasoning,
and semantic stability, advancing the effectiveness of con-
tinual learning in audio-visual question answering. We con-
duct experiments on two newly created datasets to assess the
effectiveness of our method in AVQACL. Experimental re-
sults demonstrate that our proposed method achieves state-
of-the-art performance in audio-visual question answering
continual learning on both datasets.

In summary, our work makes three key contributions:
(1) We introduce a novel benchmark based on Split-AVQA
and Split-MUSIC-AVQA to bridge multi-modal continual
learning and audio-visual question answering. This bench-
mark tackles challenges in fine-grained scene understand-
ing and spatial-temporal reasoning, advancing research in
audio-visual question answering for continual learning. (2)
We propose a novel approach for AVQACL that integrates
question-guided cross-modal information fusion to empha-
size the most relevant details for better feature representa-
tion. Additionally, we incorporate task-specific knowledge
distillation with spatial-temporal feature constraints to re-
tain spatial-temporal reasoning knowledge from previous
dynamic scenarios. Furthermore, we apply a question se-
mantic consistency constraint , ensuring that the model con-
sistently understands the semantics of the question across
different tasks throughout the continual learning process.
(3) Extensive experiments including six re-purposed, rep-
resentative continual learning methods on the Split-AVQA
and Split-MUSIC-AVQA datasets, demonstrate that our
method achieves the state-of-the-art performance in audio-
visual question answering for continual learning, underscor-
ing the effectiveness of our approach.

2. Related works

2.1. Audio-Visual Question Answering

The field of Audio-Visual Question Answering (AVQA)
has rapidly evolved, driven by the need for Al systems that
can effectively integrate auditory and visual information to
understand complex video content [1, 3, 21, 26, 31]. Re-
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Figure 2. The proposed AVQACL setting, which is divided into Standard Train and Standard Test phases.

cently, audio-visual question answering (AVQA) has ad-
vanced through new datasets and models designed for com-
plex cross-modal reasoning. Several methods [20, 39]
then focused on integrating audio-visual cues in real-world
and musical contexts, respectively. These datasets spurred
the development of architectures for multi-level reasoning
and advanced frameworks [21], enhancing alignment and
attention-based spatial-temporal selection. Together, these
developments illustrate the field’s progress toward a robust
understanding of complex multimodal scenarios, setting a
foundation for future AVQA applications that demand so-
phisticated reasoning capabilities and real-world generaliz-
ability [12, 19, 22, 40]. This work investigates audio-visual
question answering in a continual learning setting, where
the model incrementally learns from new tasks.

2.2. Unimodal Continual Learning

Unimodal Continual Learning (UCL) has seen various
methods aimed at addressing the challenge of retaining
knowledge while learning new tasks [23, 37]. Parameter
Regularization method [4, 5, 18, 25], involves evaluating
the importance of model parameters, assigning higher im-
portance to certain weights to protect them during updates.
This enables selective updating, allowing less important pa-
rameters to be modified while preserving the core knowl-
edge embedded in significant parameters.Knowledge Dis-
tillation [9, 11, 33, 42] is another commonly used method,
which helps to maintain previously learned information
by aligning the current model’s outputs or feature repre-
sentations with those of an earlier version. This align-
ment can take the form of minimizing distances between
feature spaces or reducing divergence between probabil-
ity distributions, effectively retaining learned knowledge
during continual learning. In Memory Replay methods
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[2, 6, 8, 27, 32], a small buffer stores samples from prior
tasks, which the model replays to prevent forgetting.

2.3. Multimodal Continual Learning

Traditional continual learning primarily addresses uni-
modal data, such as images, with models learning incre-
mentally across tasks. Extending this to multimodal data,
particularly audio-visual, introduces added complexity due
to the synchronization and cross-modal dependencies. A
major challenge in multimodal continual learning (MCL)
is retaining knowledge from both modalities while adapt-
ing to new tasks, as catastrophic forgetting is exacerbated
by these intricate interdependencies [28, 35, 46]. To tackle
this, recent AV-CIL [30] approaches include dual audio-
visual similarity constraints and visual attention distillation
for maintaining cross-modal consistency. The CIGN [28]
uses audio-visual class tokens and distillation to preserve
class-specific knowledge, while the HAD [46] framework
leverages segment-wise augmentations to retain both low
and high level features. And the CavRL method [45] fur-
ther improves transferability with memory buffers and con-
trastive distillation. Video-based benchmarks like vCLIMB
[35] and PIVOT [36] add temporal consistency, with PIVOT
using prompt mechanisms for video tasks. The VQACL
[43] framework introduces a dual-level structure to manage
evolving questions and visual content, supporting general-
ization in dynamic multimedia settings.

3. AVQA Continual Learning Benchmark

3.1. Problem Definition

In the AVQACL learning tasks 7' = {T%,T5,..., T} ,
our goal is to train a model Fy with parameters 6 that can
effectively extract relevant information from audio x¢, vi-
sual z¥, and question text ¢ modalities within a contin-



Table 1. AVQACL dataset statistics.

Dataset Split-AVQA  Split-MUSIC-AVQA
Scene type Real-life Music
Video length 10s 60s
# Videos 39,314 7,324
# QA pairs 41,008 20,774
# Question types 4 5
# Candidates 2135 40

uous video data stream to accurately predict the answer y
across various types of questions. During the training pro-
cess of AVQACL task T}, where t denotes a incremental
step and its corresponding training set can be denoted as
Dy = (xf;,z},, xgmyt,i)j;l, where xf ;. },; and z ; de-
note the i*" input sample’s audio ,visual and question text
modalities respectively in Dy, and y;; € A; is the corre-
sponding answer, where A; denotes the label space of task
T;. In our settings, storing a small fixed size of exemplar
memory set of data from previous answers is permitted ac-
cording to [30], which is denoted as M;. Therefore, all ac-
cessible training data at incremental step t can be denoted as
Dj* = Dy U M,;. Thus, the training process at incremental
step t can be formulated as:

O = arg min(2)E(ze ov,0,4)~0pr £ Fo, -, (2%, 2", 29), )]

1
where L is the loss function between the model’s outputs
and the corresponding answers. After the training process
on D}", the entire model is validated on the test set, which
contains data belonging to all classes learned in previous
tasks.

3.2. Datasets and Task Setting

Datasets. To benchmark this task and support our study,
we selected two widely-used public datasets from the
audio-visual question answering domain: AVQA [39] and
MUSIC-AVQA [20], which focus on questions about visual
objects, sounds, and their interactions. From these, we de-
rived subsets named Split-AVQA and Split-MUSIC-AVQA
to create the AVQACL dataset. As shown in Tab. 1, Split-
AVQA consists of 39,314 ten-second videos and 41,008
question-answer pairs across four question types (“where,”
“which,” “happening,” and “come from”) and 120 sound
categories. To enhance the evaluation of reasoning in
continual learning settings, we converted its 4-choice an-
swering format to an open-ended one, requiring selection
from 2,135 possible answers. Split-MUSIC-AVQA con-
tains 7,324 sixty-second video clips and 20,774 question-
answer pairs, representing diverse musical performances,
including solos, homogeneous ensembles, and heteroge-
neous ensembles. It features five question types (“‘count-
ing,” “location,” “comparative,” “temporal,” and “existen-
tial””) across 19 templates, with open-ended answers from a
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set of 40 possibilities.

Tasks Setting. The goal of our proposed AVQACL bench-
mark is to enable models to integrate text, sound, and im-
age data from the real world, allowing for cognitive pro-
cessing and reasoning similar to human continual learning,
while retaining previously learned knowledge as new infor-
mation is acquired. Inspired by [43], the standard training
and standard testing procedures for AVQACL are illustrated
in the Fig. 2. In the standard training process, we con-
struct a continuous data stream by nesting visual, audio,
and question text data. First, we divide the training data
into T tasks based on different question types. Then, within
each language-driven task, we further divide the data into
K subtasks according to the categories of objects and their
sounds. The total number of categories in the dataset, C,
is evenly divided into M groups. we define T = 4, K=6,
C=120, M=20 for Split-AVQA and T' = 5, K=11, C=22,
M =2 for Split-MUSIC-AVQA.

3.3. Evaluation Metrics

AVQACL evaluates the continual learning models and
learning algorithm with two standard continual learning
metrics [30], Mean Accuracy (MA) and Average Forget-
ting (AF). MA is the average of the testing accuracy of each
audio-visual question answering task, which can be denoted
as:

1 T
MA:?t:ZIat )

where a; denotes testing accuracy of all seen classes after
completing the training on task 7;.

AF is used to measure the extent of catastrophic forget-
ting over previously learned tasks, which can be denoted as:

t=2 i=1

1 T 1 t—1
AF = T-1 Z <t 1 Z [122( (ay,i — at,i)]) 3)

where 7" represents the total number of tasks, while ¢ de-
notes the index of the current task,ranging from the 2nd
task to the T'" task. a. ; is the accuracy of the model on
the i*" sample of task ~, and ay,; 18 the performance on the
it" sample during the current task ¢.

4. Proposed Method
4.1. Overall Architecture

The overall architecture of our proposed method is il-
lustrated in Fig. 3, comprising a visual encoder, an au-
dio encoder, a question encoder, a question-guided spatial-
temporal attention module, a question-guided temporal at-
tention module, and a classifier. The visual and audio en-
coders are frozen pre-trained models, while the question en-
coder is incrementally trained as new questions are added.
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Figure 3. The overall architecture of our proposed method, which mainly consists of Multimodal Embedding Representations, Question-
guided Cross-modal Information Fusion (QCIF), Task-specific Knowledge Distillation with Spatial-Temporal Feature Constraints (TKD-

STFC), and Question Semantic Consistency Constraint (QSCC).

4.2. Multimodal Embedding Representations

In the continual learning framework for audio-visual
question answering, input data is processed from three
modalities: audio, visual, and textual. For audio representa-
tion, each audio segment A; is encoded into a feature vec-
tor f! using a pre-trained VGGish model, which processes
transformed audio spectrograms. The audio features are
extracted offline, with the VGGish model [14] remaining
frozen during this process. For visual representation, a fixed
number of frames is sampled from each video segment, and
a pre-trained ResNet-18 model [15] extracts visual feature
maps f! for each segment. Similar to the audio features, the
ResNet-18 model is used without fine-tuning to preserve the
original visual representations. For textual representation,
an LSTM encoder is utilized to process the input question
text, generating a feature vector f, from the final hidden
state. The question encoder is trained from scratch to en-
sure effective capture of the question’s semantic features,
optimized for downstream tasks in the continual learning
setup.

4.3. Question-guided Cross-modal Information Fu-
sion

In our proposed AVQACL, audio and video data often
contain substantial amounts of background information un-
related to the question. This irrelevant information can
interfere with the model’s ability to extract essential de-
tails. To address these challenges, we propose the Question-
guided Cross-modal Information Fusion (QCIF) module,
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which leverages the question as a guiding query to selec-
tively extract features from the visual and audio inputs. This
approach uses attention mechanisms tailored to spatial and
temporal contexts, enabling the model to focus on question-
relevant information within each modality. The fusion pro-
cess can be broken down into three primary stages: spatial-
temporal attention on visual features, temporal attention on
audio features, and question-guided feature fusion.
Spatial-Temporal Attention on Visual Features. The vi-
sual feature sequence, V € RT»*F*dv where T, denotes
the number of frames and F' denotes the number of spatial
visual tokens per frame, is attended by x, using a multi-
head attention mechanism [34]. The question-guided atten-
tion helps focus on spatial regions within the visual input
relevant to the question:

Varr = MultiHeadAttention(z,, V', V) 4
We apply a residual connection, followed by a linear trans-
formation and layer normalization, to integrate the attention
output:

Vour = LayerNorm( Vi 4+ Dropout(ReLU( W, Vy))) (5)

where W, denotes a learnable weight matrix used to per-
form the linear transformation on V.

Temporal Attention on Audio Features. Similarly, we ap-
ply question-guided attention on the audio feature sequence
A € RTaxda wwhere T, denotes the number of audio tokens.
This attention enables temporal alignment with question-



relevant sounds:

Ag = MultiHeadAttention(z,, A, A) (6)

We then apply a residual connection, followed by a linear
transformation and layer normalization:

Aout = LayerNorm( A,y 4+ Dropout(ReLU( W, Ayy))) (7)

where W, denotes a learnable weight matrix used to per-
form the linear transformation on Ag.

Question-guided Feature Fusion. After obtaining the at-
tended visual and audio features, we concatenate them and
pass them through a non-linear transformation:

f = Tanh([Aout; Vout]) (8)

This fused feature vector f, is then combined with the ques-
tion feature x, through element-wise multiplication, em-
phasizing the question-relevant aspects:

fcombined = Tanh(f O] xq) (9)

Finally, this combined feature vector f.ompined S€rves as the
enriched cross-modal representation for downstream rea-
soning tasks. This fusion mechanism enhances the model’s
ability to focus on question-relevant aspects across modal-
ities, improving the alignment between question intent and
multimodal content.

4.4. Task-specific Knowledge Distillation with
Spatial-Temporal Feature Constraints

In our proposed task-specific knowledge distillation
with spatial-temporal feature constraints (TKD-STFC), we
tackle the challenge of preserving essential knowledge from
prior tasks while simultaneously learning new information
within a continual learning framework. The primary goal
of TKD-STFC is to maintain the spatial-temporal reason-
ing capabilities developed during previous tasks by distill-
ing relevant knowledge from past experiences and ensuring
consistent feature representations over time and space.Task-
specific Knowledge Distillation (TKD) [30] is a technique
often used in continual learning involving minimizing the
difference between the outputs of the old and new mod-
els. The Kullback-Leibler divergence is employed to mea-
sure similarity in our proposed method. The Spatial-
Temporal Feature Constraints (STFC) are defined to mea-
sure and minimize the differences in spatial-temporal fea-
ture changes between the new model and the old model, en-
suring consistency in how the model interprets spatial and
temporal variations over time. STFC utilizes a set of spatial-
temporal constraints, which calculates feature discrepancies
over time and space between the current and prior model
states. The Lgrpc consists of three components: tem-
poral audio distance loss (L1 4), which measures the dis-
crepancy between the current and old audio features to pre-
serve temporal audio patterns across tasks; temporal visual
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distance loss (L7y), which ensures temporal consistency
of visual features; and spatial visual distance loss (Lgy ),
which addresses spatial consistency by aligning spatial fea-
ture changes in visual data, thus retaining spatial structural
knowledge across tasks. Let f7¢* and f°!¢ denote the new
and old feature tensors, respectively. These components are
combined in the unified loss function £, defined as:

1

Lo=—
¢ |Zq|

D (Dafrer = Agf)? (10)

€L,

where Ay fi=fiys, — fi is the difference of features along
dimension d at index i. d4 is a unit step in dimension d. Z; is
the set of valid indices where the differences are computed
along dimension d. |Z,4| the total number of such indices.
The Ls7rc combines the three components, scaled by a
weighting coefficient Agrpc:

11

Lsrrc = Astrrc(Lra + Loy + Lsy)

The overall L7 p_srrc expressed as follows combines
Lrkp and Lgrpe, ensuring that the model retains previ-
ously learned task-specific knowledge while acquiring new
information in a manner that maintains spatial-temporal
consistency across tasks. This combined loss helps the
model perform continual learning without sacrificing the
reasoning capabilities developed in earlier tasks.

Lrxkp-srrc = Lrkp + LsTrC (12)

4.5. Question Semantic Consistency Constraint

The question semantic consistency constraint (QSCC) is
designed to ensure that the semantic features of a given
question remain consistent across different tasks or mod-
els. In a continual learning setup, this consistency helps to
prevent catastrophic forgetting, which occurs when a model
forgets previously learned knowledge while learning new
tasks. By enforcing consistency in the semantic understand-
ing of questions over time, the QSCC module aids in knowl-
edge retention and stability. The Lgscc is calculated us-
ing cosine similarity between the current question features
and the features from the previous task. By minimizing the
difference between the two sets of features, the model is en-
couraged to maintain consistency in how it understands and
represents the same question across tasks. The Lgscc is
then defined as:

N
1 o ,
Losce=1- N Z o8-8 Qs doia)

i=1

(13)

where N is the number of question instances, ¢’,.., and ¢’
represent the i*" question’s feature vector at the current and
previous tasks, respectively. The Lgscc multiplied by a
coefficient Agscc, is added to the cross-entropy loss Lok



Table 2. Experimental results of various methods on the audio-
visual question answering continual learning datasets, Split-
AVQA and Split-MUSIC-AVQA.

Method Split-AVQA Split-MUSIC-AVQA
M MA AF M MA AF
Vanilla None 18.34 4094 None 28.79 33.17
LwF None 21.53 3049 None 3093 30.14
EWC None 18.89 40.69 None 28.76 32.58
MAS None 2447 891 None 29.33 3I1.15
iCaRL 5000 2528 33.76 700 28.46 33.16
SSIL 5000 30.50 2.68 700 32.16 28.05
AV-CIL 5000 27.49 2091 700 31.22  29.65
Ours 5000 32.05 247 700 33.64 27.08
Upper Bound - 55.42 - - 65.57 -

[16], resulting in the new classification loss with the Ques-
tion Semantic Consistency Constraint. The formula is as
follows:

Lcr—gscc = Lok + Agscclgscc (14)

4.6. The Overall Objective

The overall objective of our proposed method is to effec-
tively integrate and retain knowledge across multiple tasks
while preserving task-specific features. By incorporating
the QCIF, TKD-STFC, and QSCC modules, we formulate
the total loss function as:

Liotal = LTxD—5sTFC + LCE—QScc (15)

5. Experiments

5.1. Implementation details

All experiments are conducted using PyTorch [29]. Dur-
ing training, the self-supervised pre-trained visual and au-
dio encoders are kept frozen, while the remaining parts of
the model are fine-tuned. For each incremental step, the
number of training epochs is set to 120. The batch size is
set to 128 for Split-AVQA and 64 for Split-Music-AVQA.
The networks are optimized with the Adam optimizer [17],
with a learning rate and weight decay of le-3 and le-4, re-
spectively. For the Split-AVQA dataset, the memory size
is set to 5000, with the weights of the loss terms Asrpc
and Agscc set to 0.5 and 0.7, respectively. For the Split-
MUSIC-AVQA dataset, these values are adjusted to 700,
0.3 and 0.9, respectively.

5.2. Comparison and Analysis with baselines

Baselines. We evaluate our proposed method against
several representative and state-of-the-art continual learn-
ing approaches, including Vanilla, LwF [25], EWC [18],
MAST4], iCaRL [32], SS-IL [2], and AV-CIL [30]. Vanilla
serves as the simplest incremental training strategy, in
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Figure 4. Fine-grained experimental results at the end of each
language-driven task on (a) Split-AVQA and (b) Split-MUSIC-
AVQA datasets.

which the model is initialized with parameters from the
previous task and then retrained on each new task without
applying any constraints or specialized techniques to mit-
igate catastrophic forgetting. Additionally, we include re-
sults from an Upper Bound model, which assumes access
to all training data from previously seen classes. To ensure
fair and consistent comparisons, all baseline methods are
implemented with the same backbone architecture as our
proposed method, including identical configurations for the
visual encoder, audio encoder, question encoder, and classi-
fier layer.

Comparison and Analysis. We present the main ex-
perimental results in Tab. 2, where it is evident that our
proposed method outperforms all comparative methods,
achieving the best performance overall. Specifically, on
the Split-AVQA dataset, our method improves the state-
of-the-art Mean Accuracy and Average Forgetting by 1.55
and 0.21, respectively. On the Split-MUSIC-AVQA dataset,
our approach achieves enhancements of 1.48 and 0.97 in
Mean Accuracy and Average Forgetting, respectively over
the current best results. These findings underscore the ef-
fectiveness of our proposed method in continual learning
for audio-visual question answering. Additionally, we pro-
vide more fine-grained results in Fig. 4(a) and 4(b), com-
paring our method and all baselines at the end of each
language-driven task. Further analysis reveals that our ap-
proach attains the best testing accuracy in each incremental
language-driven task on both datasets, with the exception of
the first task.

5.3. Ablation study

Effect of Each Component. Our proposed approach
comprises three key components: Question-guided Cross-
modal Information Fusion (QCIF), Task-specific Knowl-
edge Distillation with Spatial-Temporal Feature Constraints
(TKD-STFC), and Question Semantic Consistency Con-
straint (QSCC). In this section, we conduct an ablation
study by systematically removing one or more of these
modules (QCIF, TKD-STFC or QSCC) across two datasets.
As presented in Tab. 3, each module positively impacts the
final performance, confirming the effectiveness and gener-



Table 3. Ablation study for our proposed method on Split-AVQA
and Split-MUSIC-AVQA datasets.

QCIF TKD-STFC QSCC Split-AVQA Split-MUSIC-AVQA
MA AF MA AF
X X X 18.34 40.94 28.79 33.17
v X X 27.97 3.30 30.39 29.77
X X v 29.08 2.54 30.73 30.19
v v X 30.77 2.92 31.19 29.85
v X v 27.85 4.36 31.87 28.75
v v v 32.05 247 33.64 27.08
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Figure 5. Parameter variation with different As7rc and Agscc
(a) Split-AVQA and (b) Split-MUSIC-AVQA datasets.

alizability of the proposed QCIF, TKD-STFC and QSCC.
Sensitive of Hyperparameter. We investigated the hy-
perparameters Asrrc and Agscc in Equations (11) and
(14), respectively, that influence the performance of the pro-
posed method on the Split-AVQA and Split-MUSIC-AVQA
datasets. During model training, the values of Asrprc
and Agscc are selected from {0.1,0.3,0.5,0.7,0.9}. The
models are trained using different parameter combinations,
and the corresponding test results are shown in the Fig. 5(a)
and 5(b). It can be observed that the best performance
on the Split-AVQA dataset is achieved when Agrpc and
Agscc are set to 0.5 and 0.7, while on the Split-Music-
AV QA dataset, the optimal results are obtained with differ-
ent values for 0.3 and 0.9. Therefore, in our experiments,
we set Asrrc and Agscc to the values that yielded the
best performance on the respective datasets.

Impact of Memory Size. In this section, we investigate the
impact of memory size on the performance of the proposed
method. We conducted experiments with different mem-
ory sizes and present the results for the Split-AVQA and
Split-MUSIC-AVQA datasets in Fig. 6(a) and 6(b), respec-
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Figure 6. Experimental results of our proposed method under
different memory size settings on (a) Split-AVQA and (b) Split-
MUSIC-AVQA datasets.

tively. As shown in Fig. 6(a), our model exhibits a gradual
performance improvement on the Split-AVQA dataset as
the memory size increases from 1000 to 5000, outperform-
ing other replay-based methods, which highlights the effec-
tiveness of our approach. However, on the Split-MUSIC-
AVQA dataset, as the memory size increases from 600 to
1000, the performance fluctuates, as illustrated in Fig. 6(b).
This suggests that as the memory size grows, our model be-
gins to overfit, and further increases in memory size do not
lead to sustained improvements in model performance.

6. Conclusion and Limitation

In this paper, we introduce a novel benchmark for audio-
visual question answering continual learning to explore
fine-grained scene understanding and spatial-temporal rea-
soning within videos under a continual learning frame-
work. To support this multimodal continual learning task,
two datasets termed Split-AVQA and Split-MUSIC-AVQA
are developed based on the AVQA and MUSIC-AVQA
datasets, respectively. We propose a novel continual learn-
ing approach that includes question-guided cross-modal in-
formation fusion, task-specific knowledge distillation with
spatial-temporal feature constraints and question semantic
consistency constraint. Extensive comparative and ablation
experiments demonstrate that our method achieves state-of-
the-art performance on the Split-AVQA and Split-MUSIC-
AVQA datasets, establishing a robust approach to audio-
visual question answering in a continual learning setting.

Recently, we have observed that large multimodal mod-
els have outperformed traditional deep learning methods in
the field of audio-visual question answering. However, due
to limitations in computational resources, we have not ex-
plored methods for continual learning in audio-visual ques-
tion answering based on large multimodal models in this
paper. Therefore, we hope that this research will inspire fu-
ture studies on both traditional and large multimodal mod-
els, advancing the frontiers of what is achievable in real-
world applications.
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