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Abstract

Continual Learning in Visual Question Answering
(VQACL) requires models to acquire new visual-linguistic
skills (plasticity) while preserving previously learned
knowledge (stability).  The inherent multimodality of
VQACL exacerbates this challenge, as models must bal-
ance stability across visual and textual domains while
adapting to novel objects and reasoning tasks. EXxisting
methods, primarily designed for unimodal settings, often
fall short in addressing this dual requirement. In this work,
we present QUestion-only replay with Attention Distillation
(QUAD), a novel approach for VOACL that leverages
only past task questions for regularization. By eliminating
the need to store visual data, QUAD not only reduces
memory overhead, but also alleviates privacy concerns.
Our method introduces a Question-only Replay mechanism
that selectively reuses prior task questions to counteract
overfitting to the answer space of the current task, address-
ing the problem out of answer set. Complementing this, we
propose Attention Consistency Distillation to enforce both
intra-modal and inter-modal attention consistency across
tasks, preserving essential visual-linguistic associations.
Extensive experiments on VQAv2 and NExT-QA demon-
strate that QUAD significantly outperforms state-of-the-art
methods, achieving robust performance in continual VQA.
Code is available at: https://github.com/lemProg/QUAD.

1. Introduction

Continual learning (CL) allows models to lean new skills
while retaining prior knowledge, effectively mitigating
catastrophic forgetting (CF) [57, 58]. This capability is es-
sential in dynamic real-world settings, where models must
continuously adapt to evolving data while preserving pre-

'Work done during an internship at Computer Vision Center (CVC),
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Figure 1. Comparison of continual learning methods for Visual
Question Answering (VQA) in terms of storage, forgetting, and
privacy. Memory-free methods ensure privacy but suffer from
high forgetting. Memory-rehearsal methods reduce forgetting
but raise privacy concerns by storing sensitive images (e.g. peo-
ple’s identities, car plates). Our approach QUAD, only stores
questions and avoids image storage, preserving privacy while
achieving low forgetting by leveraging question-based regularisa-
tion to effectively solve the out-of-answer set problem.

viously acquired knowledge [95]. Despite significant ad-
vances in CL, most research has focused on unimodal tasks
(e.g. image classification) [26, 38, 56, 80, 81, 97]. However,
real-world applications often require multimodal learning
that integrates complex visual and textual reasoning. Vi-
sual Question Answering (VQA) stands as a representative
multimodal task, requiring models to jointly interpret vi-
sual content and natural language. For instance, answering
questions like “What color is the car on the left?” or “How
many trucks are visible?” requires robust object recog-
nition and a nuanced grasp of the linguistic query struc-
ture [10, 70, 83, 88, 95].

The emerging field of Visual Question Answering Con-
tinual Learning (VQACL) [95] focuses on enabling models
to improve VQA performance iteratively by learning from
a sequence of tasks without catastrophic forgetting. Un-
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like static pretrained multimodal models [, 44, 50] that
rely on massive datasets and heavy computation, VQACL
offers a more efficient and scalable alternative by allowing
incremental adaptation without costly re-training [61, 95].
Research in VQACL is further driven by the broader scien-
tific goal of developing multimodal agents that continuously
improve their reasoning throughout deployment in a multi-
modal environments. A key challenge in VQACL is bal-
ancing stability—the preservation of past knowledge—and
plasticity—the ability to learn new information—across
both visual and linguistic modalities [5, 95]. This dual-
modality requirement, combined with the need for general-
isation ability, introduces additional complexity in learning.
Models must retain visual and linguistic knowledge across
tasks, while also generalizing to novel objects and unseen
question types. For example, a model that masters counting
vehicles should be able to transfer this counting capability
to novel object categories, such as bicycles [27].

To achieve this balance, continual VQA methods rely
on memory-based replay, where previously seen examples
are stored and revisited to reinforce prior knowledge and
mitigate forgetting [8, 9, 77, 95]. In VQACL, this necessi-
tates storing full image-question pairs, which demands sub-
stantial memory resources, often amounting to thousands
of samples per task (e.g. 5000 samples in VQACL [95]).
Storing visual data poses two core challenges. First, it in-
curs high computational and storage overhead, which can be
infeasible in resource-constrained real-world applications.
Second, more importantly, it also raises serious privacy con-
cerns. Visual data often contains sensitive and personally
identifiable information, especially in domains like health-
care, finance, and surveillance [49, 74], where stringent reg-
ulations such as GDPR [22, 91] govern data usage and stor-
age. In contrast, textual data—such as questions—is typi-
cally generic and non-identifiable, thereby posing minimal
privacy risks. Memory-free methods [2, 38, 41, 93], though
eliminating storage and privacy concerns by avoiding data
retention entirely, often deliver suboptimal performance in
multimodal settings like VQACL. This tension between
memory-rehearsal and memory-free approaches prompts a
key question: Is it truly necessary to store visual data, or
could retaining only past questions suffice to mitigate for-
getting? To explore these questions, we propose a novel in-
termediate setting: VQACL with Question-only Rehearsal
(VQACL-QR) (Fig. 1). In this framework, only questions
from past tasks are stored—eliminating the need for visual
data—and offering a practical, privacy-preserving solution
for continual VQA.

To address VQACL-QR, we propose QUESTION-ONLY
REPLAY WITH ATTENTION DISTILLATION (QUAD), a
novel replay framework that balances stability and plas-
ticity using only past questions—no visual data required.
Our approach introduces two key contributions, each tar-
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Figure 2. Out-of-Answer-Set Problem in Sequential Finetun-
ing. Confusion matrices compare Sequential Finetuning (left)
and QUAD (right) across three sequentially trained tasks: Count-
ing, Action, and Color (y-axis: answers set vocabulary, x-axis:
predicted answers). Diagonal values indicate model predictions
on the current task, while off-diagonal shifts reveal predictions
on previous tasks. Sequential Finetuning exhibits, misclassifying
past-task questions with responses from the latest task (e.g., count-
ing questions answered with ‘Yes/No’). QUAD mitigates forget-
ting, preserving prior knowledge while still adapting to new tasks.

geting specific challenges in continual VQA. First, we in-
troduce a Question-only Replay mechanism that lever-
ages stored questions from previous tasks to regularize
the current model through a strategic selection process
that mitigates the out-of-answer-set problem, where mod-
els overfit to the current task’s answer space and conse-
quently misanswer previous queries (see Fig. 2). Second,
we propose Attention Consistency Distillation, a novel
strategy that preserves attention patterns across tasks. It
preserves intra-modal (text—text, image—image) and inter-
modal (text—image) attention consistency, ensuring the
model maintains focus on relevant regions even as it adapts
to new information. Extensive experiments on standard
VQACL benchmarks (VQAv2 and NExT-QA) demonstrate
that QUAD achieves state-of-the-art performance, surpass-
ing both memory-free approaches and rehearsal methods.
Notably, QUAD surpasses prior methods that rely on image
storage, demonstrating that storing only questions is suffi-
cient to mitigate forgetting, validating the practicality of the
Question-only Rehearsal (VQACL-QR) setting.

2. Related work

Visual Question Answering (VQA) is the task of re-
sponding to natural language queries by interpreting visual
content [5, 45, 60]. Recent approaches leverage vision-
language models (VLMs) built on transformer architec-
tures [10, 19, 43, 71, 86] alongside pre-trained language
models [88, 90]. For example, Cho et al. [11] introduced a
generative transformer model that integrates visual and tex-
tual modalities for VQA. Many approaches enhance gener-
alization by leveraging compositionality—a cornerstone of
cognitive reasoning [35, 42]. For instance, Johnson et al.
[33] explored the composition of visual attributes by creat-
ing a dataset designed for compositional reasoning, while
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Whitehead et al. [84] used contrastive learning to enhance
compositionality, disentangling reasoning skills from visual
concepts. Despite these advances, implicit decomposition
strategies can hinder generalization, and crafting effective
contrastive samples remains challenging.

Continual Learning (CL) seeks to develop frameworks
that incrementally assimilate new data while mitigating
catastrophic forgetting. This is a fundamental challenge
for many deep learning methods due to catastrophic for-
getting (CF) [57]. CL methods are broadly categorized
into knowledge distillation-based approaches, which con-
strain mappings between successive models to prevent for-
getting [16, 31, 34, 46, 54, 66]; optimisation-based, which
adjust gradient updates to minimize interference with prior
tasks [7, 52, 69, 89] and representation-based strategies that
learn robust, adaptable features [17, 18, 20, 21]. Recently,
prompt-based methods have emerged [72, 78, 81, 82], em-
ploying visual prompts with pre-trained transformers in CL
scenarios [51]. However, since most techniques are de-
signed for Class-Incremental Learning (CIL) in unimodal
settings, they fall short when applied to multimodal data
and overlook the critical issue of compositional generaliza-
tion in VQA [61, 95].

Continual VQA. Recent studies have explored multimodal
continual learning in VQA [13, 28, 61, 73]. However,
prior works like Greco et al. [28] primarily analyze forget-
ting dynamics without proposing dedicated solutions, of-
ten overlooking the role of pre-trained models [59]. The
VQACL benchmark [95] evaluated conventional continual
learning approaches such as [8, 9, 77, 95]. Other studies
have investigated specific facets of continual VQA, includ-
ing question diversity [28], compositionality [95] and do-
main adaptation [96]. In contrast, our work introduces a
novel question-only replay mechanism with attention dis-
tillation for continual VQA that is both memory-efficient,
and privacy-conscious, eliminating the need for stored pro-
totypes as employed in the VQACL method [95]°.

3. Question-only replay with Attention Distil-
lation (QUAD)

3.1. Setting Overview

The VQACL setting [95] is designed to assess the capabil-
ity of a model to adapt to a sequence of tasks, each involv-
ing both visual and linguistic inputs, in a continual learn-
ing environment. It approaches VQA as a generative task,
where the objective is to generate textual answers given an
image and a corresponding question [23, 95]. The model
encounters a non-stationary stream of data, requiring it to
learn and adapt incrementally over time without revisiting
prior data. We consider a sequence of 7" tasks, denoted as

2VQACL represents both the setting and the approach for continual
learning in Visual Question Answering, as described in [95].

TY T2 ..., TT. Bach task T is characterized by a set of
image-question-answer triplets (x?, ¢*, '), where ! € X*
denotes the image, ¢¢ € Q! represents the question, and
yt € Yt corresponds to the answer.” The challenge is to
train a model ¢ that can effectively learn the current task
T* while retaining the knowledge from all previous tasks
{Tl,TQ, . 77—15—1}.

In VQACL, the sequence of tasks is organized as a se-
ries of L macro-tasks, each comprising K sub-tasks, result-
ing in a total of 7' = L x K tasks. Each macro-task is
designed to develop specific reasoning skills such as count-
ing, color identification, or object recognition (i.e. linguistic
task). For example, in a counting task, the model primarily
engages with questions like “How many objects are there?”
or “What number is shown?”.

Each linguistic macro-task is further divided into
visually-driven sub-tasks. Formally, each macro-task 7
is split into K visually-driven sub-tasks, {S},S%, ..., Sk},
which are learned sequentially. These sub-tasks S, are con-
structed by grouping the C' distinct visual object categories,
{¢;}$_,, into K sets. This hierarchical structure mirrors the
continuous nature of the visual and linguistic data streams
that the model processes. The VQACL setting introduces
two unique challenges for continual learning models. 1)
Knowledge Retention: as the model progresses through the
sequence of tasks, it must retain knowledge from earlier
tasks to perform well on future tasks, where both visual
and linguistic modalities must be preserved. 2) Generaliza-
tion to Novel Compositions: this setting also evaluates the
model’s ability to generalize to novel combinations of visual
concepts and reasoning skills that it has not encountered
during training. This aspect is crucial for real-world appli-
cations where new object-skill combinations are frequently
encountered. Details of task sequences, object groupings,
and novel composition testing is in the Appendix.

3.2. Overview

We propose QUAD, a novel approach for VQACL-QR
framework that avoids image storage by relying solely on
previously encountered questions (see Fig. 3). Inspired by
prior work in continual learning [14, 47], we adopt a regu-
larisation framework in which the overall learning objective
Lvqact, is composed of two main components:

LyvoacL = (1 — ) Lpiasticity + ALstabvility - (D

The plasticity term Lpiagicity, drives the model to adapt to
the current task 7, while the weighting factor A > 0 bal-
ances the trade-off between the two loss terms. Following
common practice in VQA [4, 65, 95], we implement the
plasticity loss using cross-entropy to compare the network’s
prediction for an input image-question pair (z, ¢*), against

3The sample index is omitted for clarity.
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Figure 3. Overview of QUAD. QUAD is composed of three components that jointly promote stability and plasticity in VQACL setting. (1)
Question-Only Memory (M) stores questions from past tasks, without visual data. (2) Question-only replay (Lqr) leverages answers
generated by the previous model 6'~! for new image-question pairs, encouraging the current model #° to retain past knowledge. (3)
Attention Consistency Distillation (Lacp) aligns the self-attention maps between #°~! and #* to maintain focus on relevant visual-
linguistic relationships. The task-specific loss (Lcg) is applied solely to current task samples, promoting adaptation to new data.
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The second loss component, the stability term Lgpiliry, Mit-
igates catastrophic forgetting. In the standard VQACL,
where images from previous tasks are stored in mem-
ory M, the stability term is computed analogously
using cross-entropy, averaging the loss over triplets
(™, ¢™,y™) € M. However, under the VQACL-QR set-
ting, storage of images =™ from past tasks in the memory
M is disallowed. To overcome this limitation, we design
a novel stability loss Lspiliry tailored for VQACL-QR. Our
approach integrates two complementary losses—question-
only replay Lqor and attention distillation £acp—to effec-
tively compensate for the absence of past task images, en-
suring robust knowledge retention within the constraints of
the VQACL-QR framework. Thus, the stability term is ex-
pressed as:

Lsabitiy = Lor + LacD- 3)

Next, we describe the implementation of these loss compo-
nents without storing past task images.

3.3. Question-only Replay

To enhance knowledge retention in continual VQA, we pro-
pose a questions-only replay strategy that replays stored
questions by pairing them with current task images to sim-
ulate past tasks. For each image from the current task z¢,
we pair it with a question ¢ sampled from the memory.
By combining stored questions with new images, our ap-
proach encourages the model to recall and reinforce previ-

ously acquired knowledge. Inspired by prior distillation-
based works [14, 47], we use the model from the previous
task, ¢'~! to generate answers for each new image-question
pair (z!,¢™). The generated answers act as soft pseudo-
labels for the current model ¢?, enforcing consistency with
prior knowledge. The loss is defined as:

ﬁQR = Ea:‘NT‘Eq"”NM‘CCE [d)t (xta qm)v d)til (xt’ qm)} .

“)
Notably, we employ the network’s output as soft pseudo-
labels without applying the argmax operator. Using argmax
would force the network to align exclusively with the most
probable class; in contrast, soft pseudo-labeling allows for
a more nuanced alignment with the full output distribution
of ¢t~ [30, 76, 94].

These image-question pairs (2%, ¢™) expose the model
to a wide range of visual-question combinations, thereby
improving the model’s retention of prior knowledge. Impor-
tantly, this strategy enables the model to maintain versatility
in answering diverse question types, even when predictions
exhibit some uncertainty. Without this regularization, the
model becomes vulnerable to the out-of-answer-set prob-
lem, wherein overfitting to the current task’s answer space
results in erroneous responses for questions from prior tasks
(see Fig. 2). For example, a model trained on color recogni-
tion might erroneously return a color name when confronted
with a counting question from a previous task. Notably, this
phenomenon closely resembles class recency bias in class-
incremental learning (CIL), where models disproportion-
ately favor newly learned classes over previously encoun-
tered ones [55, 68].
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Question Selection for QUAD. Randomly pairing cur-
rent task images =’ with past questions ¢™ from memory
can partially mitigate forgetting but can produce semanti-
cally incoherent image-question pairs. For instance, if the
current macro-task 7 ¢ focuses on counting, naive pairing
might associate an image of cars with the question “How
many cows are in this image?”, leading to incoherent su-
pervision and diminished performance. To address this, we
introduce a targeted question selection strategy that priori-
tizes questions related to the object categories c¢; in the cur-
rent visually-driven subtask S'. This ensures that replayed
examples remain contextually meaningful, reinforcing rel-
evant knowledge while preventing misleading associations.
By aligning stored questions with the current task’s visual
concepts, QUAD facilitates effective adaptation across lin-
guistic and visual subtasks, improving continual learning
performance.

Example: Suppose the current visually-driven subtask S*
involves learning to count cars. The question selection strat-
egy prioritizes memory questions relevant to cars, such as
“What'’s the color of the car?”, ensuring that replay main-
tains associations between visual and linguistic queries.

3.4. Attention Consistency Distillation

While question-only replay using pseudo-labeling ensures
output consistency, it fails to constrain internal representa-
tions, causing self-attention drift and disrupting alignment
with previously learned tasks [24, 63, 79]. In contrast, fea-
ture distillation across multiple layers [14, 34, 63, 87] of-
fers stronger regularization by aligning internal representa-
tions; however, it often restricts plasticity due to its rigid
constraints. These methods enforce layer-wise alignment,
which becomes problematic when encountering new image-
question pairs (z¢,¢™) that were not present in previous
training. Despite their semantic relevance, the model lacks
prior exposure to these pairs, making strict layer-wise reg-
ularization overly restrictive. Our VQA model [61, 95] en-
codes image and text tokens within a unified transformer
sequence, allowing self-attention to dynamically capture
intra-modal (text-to-text, image-to-image) and inter-modal
(text-to-image) dependencies. However, sequential fine-
tuning gradually shifts self-attention [24, 79], causing the
model to focus on different visual regions than those rel-
evant to past tasks, ultimately degrading performance on
prior knowledge [24, 75]. This drift arises because pseudo-
labeling alone fails to stabilize internal representations, ne-
cessitating explicit regularization.

To mitigate this, we introduce attention consistency dis-
tillation (ACD), which aligns the self-attention maps of the
current model ¢! and its predecessor ¢! ~1. By preserving
intra-modal and inter-modal relationships, this regulariza-
tion stabilizes attention patterns while maintaining flexibil-
ity. Distilling only attention maps guides the model to at-

tend to task-relevant visual regions for question answering
while preserving adaptability to novel input patterns.

For an image-question pair (zt, ¢™) with 2t ~ T, ¢™ ~
M: we denote Al and A}“g_l as the corresponding self-
attention maps in an attention head k for the current and
previous model. Thus, we define the self-attention consis-
tency loss Lacp via cross-entropy, ensuring that attention
distributions remain aligned across tasks:

Laco = Ept ot Egm o mErx,
‘CCE [AZ(I’t, qm)7 Az_l(xtv q’HL)] )
®)

where Ky represents all attention heads across layers of ¢.

Unlike prior L1-based approaches [14, 63], which im-
pose uniform penalties and operate directly on the raw
query-key products, ACD leverages cross-entropy on nor-
malized attention maps (after softmax operation) to pre-
serve the probabilistic structure of attention distributions.
This gives greater emphasis to highly attended regions
while low-attended areas remain flexible, preventing over-
penalization of less critical regions. Asymmetric regular-
ization (e.g., ReLU+L1) [63] partially addresses this is-
sue by prioritizing reductions in attended regions but lacks
a probabilistic alignment mechanism, making it less effec-
tive in maintaining structured dependencies in multimodal
learning. In contrast, ACD offers an importance-weighted
alignment that preserves essential cross-modal associations
without hindering adaptation. The effectiveness of ACD is
empirically demonstrated in Sec. 4, and further discussed in
the Appendix.

4. Experiments

4.1. Experimental setup

Implementation Details. To ensure a fair comparison, we
adopt the protocol of [95] for both feature extraction and
training across datasets. For the visual embeddings, we
use a Faster R-CNN [67] trained on the Visual Genome
dataset [40] extracting 36 region-based object features per
image in the VQAv2 dataset. For videos in the NExT-QA
dataset, we extract clip-level motion features using an in-
flated 3D ResNeXt-101 [29], setting n = 16 regions per
clip. A two-layer MLP with GELU activation adapts these
features for input into the transformer backbone. Our trans-
former backbone, based on T5 [64], consists of 12 blocks
for both encoder and decoder modules, each containing 12
attention heads. The embedding dimension d is tailored to
the task-specific requirements. Training is conducted for
3 epochs per task, with a batch size of 80. We utilize the
Adam optimizer [36] with an initial learning rate of 10™%,
A is set to 0.5 in all experiments. All implementations are
based on PyTorch [62]. Importantly, unlike [95], QUAD
does not store any visual or question prototypes.
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Table 1. Model performance on VQAv2 and NExT-QA. #Mem: memory size; Type #Mem: type of memory used, where @ and (2] denote
storing both questions and images in the memory buffer; Standard Test: standard testing; Novel Comp. Test: novel composition testing;
AP: Final Average Performance (%); Forget: Average Forgetting (%). Best results are in bold, second-best are underlined.

VQAv2 NExT-QA
Methods Standard Test Novel Comp. Test Standard Test Novel Comp. Test
#Mem  Type #Mem  Type

#Mem AP (1) Forget(l) AP(7) Forget(]) #Mem AP (1) Forget(l) AP(7) Forget(])
Joint - None | 51.64 - 51.10 - - None 3592 - 36.24 -
Vanilla None | None 14.92 30.80 11.79 27.16 None | None 12.68 25.94 12.59 28.04
EWC [37] None | None 15.77 30.62 12.83 28.16 None | None 13.01 24.06 11.91 27.44
MAS [2] None None 20.56 11.16 23.90 6.24 None None 18.04 10.07 21.12 10.09
ER [9] 5000 | ©/[al | 36.99 5.99 33.78 5.76 500 ©/[a] | 3055 491 32.20 5.57
DER [8] 5000 | ©/[a] | 3535 8.62 31.52 8.59 500 O/ e | 26.17 5.12 21.56 12.68
VS [77] 5000 | ©/[a) | 34.03 8.79 32.96 5.78 500 ©O/[al | 28.13 4.45 29.47 6.14
VQACL [95] 5000 | @/[Cal | 37.46 6.96 35.40 4.90 500 ©/[al | 30.86 4.12 33.85 3.80
QUAD (Ours) | 5000 (2] 39.25 4.91 40.00 3.81 500 (2] 31.70 291 33.21 4.16

Evaluation Metrics. We utilise two established metrics for
continual learning [6, 53, 95]: final average performance
(AP), and average forgetting (Forget). The AP metric
reflects the model’s overall performance across all learnt
tasks, highlighting its ability to consistently acquire new
tasks. Let a; ; represent the performance of the model on
task 7 after it has completed learning this task 77. Then,
AP is calculated as: AP = £ Ethl ay7. Additionally,
the Forget metric serves as a proxy for knowledge reten-
tion, quantifying performance degradation on prior tasks
as new tasks are learned. It is computed as: Forget =
i ;‘F:_ll max.e(s, . 7—1}(at,» — ar,r). To ensure a fair
comparison, For NExT-QA, following [85, 95], we compute
a;,; using Wu-Palmer Similarity (WUPS) to evaluate an-
swer quality. For the VQAv2 dataset, as described in [95],
we use the percentage of correctly answered questions as
the value for a; ;.

Baselines. We benchmark QUAD against five estab-
lished continual learning methods spanning regulariza-
tion and rehearsal-based strategies. This includes two
regularization-based methods: Elastic Weight Consolida-
tion (EWC) [38] and Memory Aware Synapses (MAS) [2],
as well as three rehearsal-based approaches: Experience
Replay (ER) [9], Dark Experience Replay (DER) [8], Vir-
tual Sample (VS) [77], and VQACL [95] (see details in
Appendix). We additionally report lower and upper perfor-
mance bounds to frame the results: a lower bound (Vanilla)
using naive finetuning without forgetting mitigation, and
an upper bound (Joint) that trains on all tasks simultane-
ously. Following the evaluation protocol in VQACL [95],
we employ two key evaluation strategies: standard test-
ing, which evaluates the models’ performance on previ-
ously encountered task types, assessing their ability to re-
tain learnt knowledge, and novel composition testing, which
challenges the models with previously unseen combinations
of visual and linguistic elements, probing their capacity for
compositional generalization. This twofold evaluation re-

veals how well each method balances retention and adap-
tation (details in Appendix). Additional experiments using
pretrained models are included in the Supp Mat.

4.2. Main results

Performance Analysis On Standard Setting. Tab. |
shows a detailed comparison of continual learning ap-
proaches in the VQACL setting, with our proposed QUAD
achieving superior performance across both standard and
novel composition tests. QUAD consistently outperforms
other methods in AP and forgetting demonstrating ro-
bust knowledge retention. On VQAv2, QUAD attains an
AP of 39.25% in standard testing, outperforming the best
rehearsal-based approach (VQACL) by 1.79%. Similarly,
in NExT-QA, QUAD achieves an AP of 31.70%, exceed-
ing competing methods by 0.84% to 4.73%. The forget-
ting rates for QUAD are also the lowest, with 4.91% and
2.91% for VQAv2 and NExT-QA, respectively, underscor-
ing its capacity for stable knowledge retention.

In novel composition testing, QUAD demonstrates
strong generalization, achieving top AP scores of 40.00%
on VQAV2 and 33.85% on NExT-QA. Notably, despite not
storing images, our approach maintains high performance
in novel settings, with a minimal performance gap between
standard and novel composition tests (0.75% for VQAv2
and 0.64% for NExT-QA). This narrow gap indicates that
distilling knowledge using only seen questions effectively
reinforces visual-linguistic associations, enabling the model
to generalise well even in unfamiliar contexts. This perfor-
mance underscores QUAD’s capacity to construct robust,
adaptable representations, showing that question-only dis-
tillation can successfully support compositional reasoning
without the need for visual memory.

Performance Analysis of Novel Composition Testing.
Tab. 2 provides a detailed comparison of model perfor-
mance on novel and seen skill-concept compositions across
VQAV2 and NExT-QA datasets. QUAD consistently sur-
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Table 2. Fine-grained VQA performance AP (%) on the Novel and Seen skill-concept compositions of VQAv2 and NEXT-QA. +A denotes
the improvement of our method over the state of the art. Best results are in bold, second-best are underlined.

Group-1 Group-2 Group-3 Group-4 Group-5 Avg
Dataset Method Memory Novel Seen | Novel Seen | Novel Seen | Novel Seen | Novel Seen | Novel Seen
DER [8] O/ [Ca 27.56 26.09 | 26.14 2454 | 23.53 2643 | 9.30 9.79 | 21.26 23.74 | 21.56 21.38
VS [77] O/ [ia 31.42 30.88 | 29.17 31.26 | 2523 26.10 | 30.01 29.10 | 31.54 31.79 | 29.47 29.83
NExT-QA ER [9] O/ [Ca 31.86 34.51 | 32.36  35.08 | 29.50 34.30 | 33.57 33.30 | 33.71 3291 | 3220 34.02
VQACL [95] O/ [Ca 32.86 3147 | 3198 3558 | 31.79 35.70 | 35.04 34.12 | 37.62 3492 | 33.85 34.35
QUAD (Ours) (2] 3342 3392 | 32.02 3542 | 31.78 36.36 | 32.98 33.34 | 37.84 34.06 | 33.21 34.62
DER [8] ©/ [Ca 30.80 29.89 | 32.19 33.24 | 3488 34.08 | 29.60 30.90 | 30.14 32.56 | 31.52 32.13
VS [77] O/ [ia 3335 33.87 | 33.18 32.21 | 3450 33.84 | 31.29 3398 | 3246 33.87 | 3296 33.55
VQAv2 ER [9] O/ [Ca 3452 37.03 | 3340 3555 | 3479 3420 | 33.86 35.02 | 32.34 3591 | 33.78 35.54
VQACL [95] O/ [Ca 36.12 3799 | 3539 3692 | 36.26 35.16 | 34.85 35.64 | 3436 36.28 | 3540 36.40
QUAD (Ours) (2] 39.19 41.06 | 3840 39.50 | 43.15 39.19 | 40.01 40.72 | 39.20 40.62 | 40.00 40.21

passes previous approaches. On VQAv2, QUAD shows
significant gains over VQACL, with an average improve-
ment of 4.60% on novel compositions and 3.81% on seen
compositions. This result indicates enhanced compositional
generalisation, as evidenced by the smaller gap between
novel and seen performance compared to other methods.
For NExT-QA, QUAD maintains competitive performance,
with slight gains over VQACL on seen groups (average
+0.27%) in a dataset that presents unique challenges, such
as temporal and causal reasoning. For such tasks, storing
images may be necessary to maintain a comprehensive task
understanding. These consistent gains highlight QUAD’s
robustness in compositional reasoning, validating its effec-
tiveness for continual VQA.

S. Ablation Study and Analysis

@ QUAD Components. Tab. 3 shows the impact of
questions-only replay and attention distillation in QUAD.
We evaluate: (1) Question-only replay alone, (2) attention
distillation alone, and (3) the combination of both.

Using question-only replay mechanism achieves mod-
erate performance, with AP of 30.72% on VQAv2 and
29.04% on NExXT-QA, indicating effective knowledge
preservation across tasks. In contrast, attention distilla-
tion alone yields lower AP scores (13.34% on VQAV2 and
13.24% on NExT-QA) with high forgetting scores (32.08%
on VQAV2 and 24.56% on NExT-QA), suggesting limited
task adaptation. Combining Lqr and Lacp achieves the
best results, with AP scores of 39.25% on VQAv2 and
31.70% on NExT-QA, and the lowest forgetting rates.

@ Attention Distillation. Tab. 4 demonstrates the effec-
tiveness of our proposed Lacp within QUAD. Unlike prior
methods such as Attn-dist (L1) and Asym-Attn [63], which
impose L1 or ReLU+L1 losses on raw attention scores, our
approach applies cross-entropy over normalized attention
maps. QUAD outperforms previous methods, achieving
an AP of 39.25% and Forgetting of 4.91% on VQAv2, and
an AP of 31.70% with Forgetting of 2.91% on NExT-QA.

Table 3. Ablation study of QUAD components.

Lox | Laco | Memory VQAv2 NExT-QA
Type AP (1) Forget(l) | AP(1) Forget(l)
v (2] 30.72 13.74 29.04 4.58
v (2] 13.34 32.08 13.24 24.56
v v (2] 39.25 491 31.70 291

Table 4. Comparison of attention distillation methods.

VQAv2 NExT-QA
Method
AP (1) Forget(l) | AP(1) Forget(])
Lqr + Attn-dist (L1) 34.56 7.91 30.14 5.78
Lgr + Asym-Attn [63] 38.15 5.57 31.18 4.13
QUAD (Ours) 39.25 491 31.70 291

These results highlight the benefit of distributional consis-
tency in attention maps over unstructured alignment.

@ Analysing Plasticity/Stability. Fig. 4 compares how
different methods manage forgetting and adaptation on
the VQAv2 dataset. The sequential fine-tuning baseline
(left) exhibits uniformly low off-diagonal scores, signaling
a complete failure to retain knowledge from earlier tasks.
This severe forgetting stems from overfitting to the cur-
rent task’s answer space, a phenomenon we call the out-
of-answer-set problem, it occurs when the model overfits to
the current task’s answer space, preventing it from correctly
responding to questions from earlier tasks. By contrast,
question-only replay Lqgr (center) noticeably improves re-
tention through our question-only replay mechanism, es-
pecially in tasks like “commonsense” and “count”. How-
ever, it remains less effective in complex reasoning tasks
like “causal” and “‘subcategory”.

Our full method, QUAD (right), achieves the best bal-
ance: it sustains high diagonal accuracy while boosting off-
diagonal retention. reflecting both adaptability and long-
term memory. For example, QUAD preserves 62.6% ac-
curacy on the ‘judge’ task, compared to only 35.0% with
replay alone—highlighting the value of attention consis-
tency distillation. Notably, tasks like ‘type’ that rely heavily
on visual semantics remain challenging under the question-
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Sequential finetunin Lor QUAD (Ours)
recognition 10.8/ 0.5] 0.5 1.2 |15.4/33.0/26.4/18.5{ 4.5 |14.1 10.8] 0.5 0.5 1.2 |15.4/33.0J26.4{18.5| 4.5 [14.1 10.8/0.5]0.5| 1.2 |15.4]33.0)26.4/18.5] 4.5 |14.1
location 7.0 0.1]0.1/0.0/4.8/0.1|4.3|5.2|1.0/5.2 426.4] 0.5]0.20.914.1)28.4/23.4/20.1| 3.2 |14.8| 428.0 0.510.4 0.9 |14.7)28.7|24.3]|20.9] 3.6 |15.1
judge 0.5]0.8 |8 0.2 0.1]0.123.2] 7.0 |19.8| 421.6)29.1J5E504 1.6 | 1.1 23.4]18.7]|18.4] 3.9 |23.6 424.0§28.9f¢kH) 1.0 | 0.9 24.8]20.5|19.2) 2.8 |24.0
commonsense 0.7 | 2.1 |62.7}315874 0.2 0.1]0.1 |23.3] 8.0 |20.5 19.0]25.2|63.2f 510 0.2 21.0]17.9]35.7] 6.8 |30.7 421.8]29.0§62.7|¢HH 0.3 23.3]20.9| 9.4 132.9]
count 0.3]0.2]0.1]0.1 0.110.0/0.210.5/0.4]3.6 415.0]22.3|62. 0|ﬁ4.4 18.0]14.9|32.7| 8.0 |32.1 419.9128.3(61.2/67.6) 20.0|18.4/37.3] 7.6 |34.8|
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type {12.3|10.6)0.310.3]10.1]18.1]|1.8 13.1]7.0| 8.1 417.1]22.0/61.5/67.7|34.5/50.8/46.5| 11.1 122.4/25.6(62.3]68.4|35.4|55.5/48.4] 10.2]
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Figure 4. Plasticity/Stability analysis on VQAv2. Each matrix shows the performance of a model trained on tasks (rows) and evaluated
on tasks sequentially (columns). The diagonal (highlighted in ) represents in-domain performance, while off-diagonal elements in-
dicate cross-domain generalization. Higher values (darker colors) suggest better retention and plasticity. The progression from ‘Sequential
finetuning’, to Lo r and then to our full method, QUAD, highlights the improvement in retaining knowledge across sequential tasks.
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Figure 6. Question selection strategy in QUAD. Figure shows
AP for random (blue) and object-matched (purple) question se-
lection across memory sizes on VQAv2, and NExT-QA. Object-
matched selection consistently outperforms random selection.

Figure 5. Sensitivity analysis to memory size. Our method,
QUAD, consistently achieves higher AP than baselines, demon-
strating strong scalability on VQAv2 and stable performance on
NExT-QA, especially as memory size increases.

its impact across memory sizes on VQAv2 and NExT-QA,
where it consistently improves AP as memory grows. This
targeted selection ensures semantic relevance between the
question and visual context, which helps reinforce mean-
ingful cross-task associations. As a result, the model adapts
effectively to new tasks while retaining prior knowledge.

only setting, reaffirming the need for richer visual ground-
ing in some categories. Nevertheless, QUAD excels in con-
ceptually driven tasks such as “commonsense”, showing its
effectiveness even with reduced supervision.

@ Sensitivity to Memory Size. Fig. 5 shows how differ-
ent continual learning methods respond to varying mem-
ory budgets. Across all memory sizes, QUAD consistently
outperforms baselines (ER, DER, VS, VQACL), demon-
strating the effectiveness of our distillation strategy. On
VQAv2, QUAD exhibits robust scalability, with AP in-
creasing steadily from 1K to 5K samples. In constrained
storage scenarios, QUAD maintains competitive perfor-
mance by leveraging question-only distillation. On the
more visually complex NExT-QA benchmark, QUAD still
leads, though with narrower margins. This reflects the
greater challenge of retaining visual-semantic alignment us-
ing question-only signals.

(3 Effectiveness of Object-Matched Question Selection.

6. Conclusion

In this work, we introduced QUESTION-ONLY REPLAY
WITH ATTENTION DISTILLATION (QUAD), a novel
questions-only replay framework for continual VQA.
Unlike conventional methods that store both images and
questions, QUAD addresses storage and privacy concerns
by retaining only past task questions. This design enables
effective regularization without storing sensitive visual
data, making it highly practical for privacy-conscious
applications. Comprehensive evaluations on VQAv2 and
NEXT-QA show that QUAD consistently outperforms both
memory-free and memory-rehearsal methods, achieving
state-of-the-art performance. Surprisingly, our method,

Fig. 6 highlights the advantage of object-matched ques-
tion selection compared to random pairing. We analyze

without any image exemplars, outperforms previous meth-
ods, which do require image storage.
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