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Algorithm 1 MaDQ Training Procedure
Input: Pre-trained model W 0, epochs E, EMA momentum
α
Data: Continual tasks {T t}nt=1

Output: Adapted model {W t}
1: Initialize: classification head hcls, IQM head hIQM,

LoRA-w {A,B}, LoRA-m {Ā, B̄}, memory bufferM
2: for t = 1 to n do
3: for e = 1 to E do
4: while triplets in T t not exhausted do
5: Sample (xt, qt, at) and replay qi ∼M
6: W ←W 0 +BA
7: Compute ϕt(xt, qt) and LTSA (Eq. 3)
8: if t = 1 then
9: Update {A,B} and hcls w.r.t. LTSA

10: else
11: Compute ϕt(xt, qi), ϕt−1(xt, qi)
12: Construct qj ∈ {qt, qi} with label y
13: Compute ψt(xt, qj) and ψt−1(xt, qj)
14: Compute losses LAPD,LIQM,LMCD
15: Update {A,B} via total loss (Eq. 2)
16: EMA update: Ā←αĀ+ (1− α)A, B̄←αB̄ +

(1− α)B
17: Frozen model: W t ←W 0 + B̄Ā

18: Add T t questions to memory bufferM

1. Training Procedure and Implementation De-
tails

In this section, we present the training procedure in Algo-
rithm 1 and implementation details of our benchmark and
experimental setups.

*Corresponding authors. † Equal Contribution.

Model Architecture: Our implementation is built upon the
official BLIP [9] and ZAF [4] repositories. All experiments
initialize from the BLIP model architecture and its released
pre-trained weights. The image encoder fν is a ViT-B/16,
while the question encoder fτ is a 12-layer BERT with a
hidden size of 768. The answer decoder fω is also a 12-layer
Transformer. Following prior work, the classification head
hcls is trained only on the first task T 1 and then kept frozen
for all subsequent tasks to avoid label-space entanglement.
For all baselines, we follow the implementation protocol
established in ZAF [4], which has shown strong performance
in SVLC settings. This ensures consistent comparison across
methods under our continual VQA framework.

Details on Baselines: In implementing LwF [11], we
adapt it to the LoRA-based fine-tuning setting rather than
updating the full model. For each incremental task, we retain
the LoRA weights learned from the previous task and use
them for the distillation process. For ZAF [4], we follow a
wild-data strategy aligned with the original design. Specifi-
cally, when evaluating on VQA v2, we use GQA as the wild
data; conversely, when evaluating on GQA, we use VQA v2
as the wild data. For MoE-Adapters [12], originally designed
for image classification with task-id–dependent routing, we
adapt the method to our VL task where task boundaries are
unavailable. To this end, we employ a single task-dependent
router shared across all tasks. Following the original work,
we use 14 experts, and the router selects the top-4 experts
during both training and inference.

Benchmark Details: Our proposed Uco-VQA benchmark
is built upon two widely used visual question answering
datasets: VQA v2 [5] and GQA [7]. For VQA v2, following
the protocol of VQACL [13], we divide the dataset into 8
incremental learning tasks according to question semantics:
location, commonsense, type, action, color,
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Table 1. Task Division of VQA v2 [5].

Task Question Type
Judge are there, are there any, are these, is that a, is there, is there a, is this, is this a, is this an
Location what room is, where are the, where is the
Action are they, is he, is the man, is the person, is the woman, is this person, what is the man, what is

the person, what is the woman
Color what color, what color are the, what color is, what color is the, what is the color of the
Commonsense can you, could, do, do you, does the, does this
Type what kind of, what type of
Recognition what are, what are the, what does the, what is, what is in the, what is on the, what is the, what

is the name, what is this
Count how many, how many people are, how many people are in, what number is

Table 2. Task Division of GQA [7].

Task Detailed Semantic Annotations
Material twoSameMaterial, materialChoose, materialVerify, material, materialVerifyC, twoSameMateri-

alC
Position positionVerifyC, positionVerify, positionQuery
Action activityChoose, activity, activityWho
Color directOf, directWhich
Logical diffAnimals, comparativeChoose, twoCommon, twoSameC, sameAnimalsC, sameGenderC,

sameAnimals, twoDifferentC, sameGender, twoSame, twoDifferent, diffAnimalsC
Object category, categoryThisChoose, objThisChoose, categoryThis, place, placeChoose
Relation relS, relVerifyCr, relChooser, sameRelate, categoryRelOChoose, categoryRelS, relVerify,

positionChoose, dir, relVerifyCo, relO, categoryRelO

count, recognition, and judge. For GQA, leverag-
ing its fine-grained structural annotations, we group samples
into 7 semantic tasks: action, material, logical,
object, color, position, and relation. The full
partitioning criteria are detailed in Table 1 and Table 2. For
constructing our Uco-VQA continual splits, we also incor-
porate VQA-CP v2 [1] and GQA-OOD [8], where we retain
the same task granularity (8 for VQA and 7 for GQA) by
mapping question IDs from our standard splits.

2. Extended Results
In this section, we provide some extended results for the
main text.

2.1. Extended Evidence of Spurious Anti-Forgetting
Performance

In the main text, we compare continual learning methods
on both the original GQA dataset and the debiased GQA
v2 (SS) dataset. Figure 1 further presents the performance
heatmaps of representative approaches on the original GQA
benchmark [13] and our proposed GQA v2 (SS). Consis-
tent with the main findings, these heatmaps demonstrate that
anti-forgetting performance is substantially overestimated
when the answer space remains unmodified. The seemingly

strong knowledge retention exhibited by many methods is
largely attributable to inter-task overlap in the answer vo-
cabulary, which allows models to reuse memorized answer
priors rather than truly learning task-specific visual–semantic
knowledge, thereby artificially inflating their resistance to
forgetting.

Meanwhile, Figure 2 compares model performance when
trained on the original VQA v2 benchmark and on our pro-
posed VQA v3 benchmark. Again consistent with the con-
clusions in the main text, models trained on VQA v2 achieve
markedly higher FAA and CAA scores, together with lower
FFM. However, this apparently superior performance is pri-
marily driven by shared answer tokens across tasks, enabling
models to rely on overlapping lexical priors instead of pre-
serving genuine task-specific knowledge. This results in an
exaggerated perception of anti-forgetting ability. Notably,
MaDQ maintains comparable FAA/CAA on both bench-
marks while consistently achieving low FFM, indicating
stronger knowledge retention and enhanced robustness to
distributional shifts.

2.2. More Results on Large Language Model

In the main text, we report results when replacing BLIP with
the larger vision–language model BLIP2 [10] on the VQA
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Figure 1. Performance heatmaps on the GQA and GQA v2 (SS) benchmarks using four representative continual learning methods. Each
heatmap visualizes the accuracy of a model trained up to task i and evaluated on task j. Darker diagonal blocks indicate strong within-task
learning, while the decay of off-diagonal values reflects catastrophic forgetting. Compared to the original GQA dataset, the proposed GQA
v2 (SS) split produces substantially lower off-diagonal scores—revealing that the seemingly strong knowledge retention observed on the
original benchmark is largely attributed to inter-task overlaps in answer vocabulary, rather than genuine resistance to forgetting.

Figure 2. Comparison of CL methods on the original VQA v2 and
the debiased VQA v3 (SS). (Top) FAA and CAA; (Bottom) FFM.

v3 (SS) dataset. Here, we further present BLIP2-based per-
formances on the GQA v2 (SS) dataset. As shown in Table 3,
we observe a consistent trend: BLIP2-based models achieve
noticeably lower FAA and CAA than their BLIP counter-
parts. Despite this, our MaDQ∗ still remains competitive,

Table 3. Performance comparison on GQA v2 (SS) using the larger
vision–language model BLIP2 [10].

Metric SFT Layered-LoRA LwF ER CLS-ER MaDQ∗

FAA (↑) 11.85 12.32 26.04 30.89 34.08 31.69
CAA (↑) 24.43 25.73 30.18 35.87 36.94 36.62
FFM (↓) 41.98 40.04 5.73 8.51 4.89 6.27

Table 4. Performance comparison across different α values and
baseline methods on GQA v2 (SS) dataset.

Metric EMA Parameters α
0.75 0.80 0.85 0.90 0.95

FAA (↑) 40.57 42.16 43.51 37.41 33.48
CAA (↑) 42.32 43.51 43.00 33.91 31.34
FFM (↓) 9.80 9.72 6.96 4.41 3.45

matching ER and CLS-ER without storing ground-truth an-
swers. Together, these findings confirm that our lightweight
replay-and-distillation strategy is both effective and gener-
ally applicable.

2.3. Hyperparameter Analysis

Table 4 reports the performance of MaDQ on GQA v2 (SS)
under different EMA coefficients, with α ∈ [0.75, 0.95],
and compares it to existing baselines. When α lies between
0.75 and 0.85, MaDQ consistently matches or surpasses



all competitors across metrics, demonstrating strong adapt-
ability to this hyperparameter. In contrast, for larger val-
ues (0.90–0.95), MaDQ exhibits reduced forgetting, but the
overly large EMA coefficient slows parameter updates and
harms plasticity, leading to a noticeable drop in overall per-
formance; consequently, both FAA and CAA decrease sig-
nificantly. Overall, MaDQ remains robust over a broad range
of α, while very large EMA coefficients may require more
training epochs to recover plasticity.

2.4. Task Order Analysis
Table 5 compares the performance of various CL methods
on GQA v2 (PS) under three distinct task orders: action→
material → logical → object → color → position →
relation, relation → position → color → object →
logical → material, and relation → material →
action → color → logical → position → object. Our
method, MaDQ, exhibits consistent robustness across all
task orders, significantly outperforming other CL methods.
These results highlight MaDQ’s strong adaptability and ef-
fectiveness to task permutations.
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Table 5. Results of various CL methods across three distinct task orders with GQA v2 (PS).

Method
Task Order 1 Task Order 2 Task Order 3

FAA (↑) CAA (↑) FFM (↓) FAA (↑) CAA (↑) FFM (↓) FAA (↑) CAA (↑) FFM (↓)

Joint Learning 44.93 - - 44.93 - - 44.93 - -

SFT [6] 5.48 15.88 45.63 4.20 16.56 48.95 9.64 16.94 43.27

LwF [11] 9.09 14.68 10.76 6.80 12.27 6.46 8.43 12.57 10.02

ZAF [4] 11.29 21.76 34.11 9.70 22.73 38.34 12.24 23.48 37.37

ER [3] 39.45 42.93 13.40 40.59 39.97 9.24 42.98 40.23 5.56

CLS-ER [2] 39.57 42.97 11.87 40.45 40.54 8.25 41.88 39.89 5.54

MaDQ (Ours) 40.72 45.18 9.37 41.00 40.77 6.77 43.32 41.39 4.66

Table 6. Impact of architectures on continual VQA (GQA v2). MaDQ∗

denotes the variant for frozen-LLM models.

Arch. Method Standard Splits (SS) Proposed Splits (PS)
FAA(↑) CAA(↑) FFM(↓) FAA(↑) CAA(↑) FFM(↓)

BLIP
(E2E)

SFT 13.05 23.25 64.98 7.41 14.74 37.99
GaB [7] 26.54 31.69 46.99 13.15 27.94 29.94
ER [36] 52.48 54.31 18.11 32.24 33.64 9.27
CLS-ER [3] 52.54 54.53 17.45 34.32 32.58 7.56
MaDQ 53.21 57.62 16.79 36.15 37.82 4.54

BLIP-2
(Frozen)

SFT 7.07 15.64 34.77 6.47 6.82 13.20
GaB [7] 17.45 23.38 19.37 10.51 12.90 8.41
ER [36] 23.46 31.28 14.23 14.27 16.51 4.38
CLS-ER [3] 24.45 31.71 13.77 14.71 17.20 4.13
MaDQ∗ 21.48 30.13 14.80 – – –
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