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Abstract

In the real world, a desirable Visual Question An-
swering model is expected to provide correct answers to
new questions and images in a continual setting (recog-
nized as CL-VQA). However, existing works formulate CL-
VQA from a vision-only or language-only perspective, and
straightforwardly apply the uni-modal continual learning
(CL) strategies to this multi-modal task, which is improper
and suboptimal. On the one hand, such a partial for-
mulation may result in limited evaluations. On the other
hand, neglecting the interactions between modalities will
lead to poor performance. To tackle these challenging is-
sues, we propose a comprehensive formulation for CL-VQA
from the perspective of multi-modal vision-language fusion.
Based on our formulation, we further propose MulTi-Modal
PRompt LearnIng with DecouPLing bEfore InTeraction
(TRIPLET), a novel approach that builds on a pre-trained
vision-language model and consists of decoupled prompts
and prompt interaction strategies to capture the complex
interactions between modalities. In particular, decoupled
prompts contain learnable parameters that are decoupled
w.r.t different aspects, and the prompt interaction strategies
are in charge of modeling interactions between inputs and
prompts. Additionally, we build two CL-VQA benchmarks
for a more comprehensive evaluation. Extensive experi-
ments demonstrate that our TRIPLET outperforms state-of-
the-art methods in both uni-modal and multi-modal contin-
ual settings for CL-VQA.

1. Introduction
Visual Question Answering (VQA) [2, 11, 35, 25] aims

to train a machine learning model capable of answering
questions given visual images as accurately as possible.
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Figure 1: Comparison between (a) existing CL-VQA meth-
ods [43, 28] and (b) our proposed TRIPLET model. Ex-
isting methods train all the parameters similar to typical
uni-modal CL-methods, while our TRIPLET model trains
parameters in prompts and classifiers, as well as explicitly
model the rich and complex modality-wise interactions.

In real-world dynamic environments [22], an ideal VQA
model is expected to generate answers for new questions,
new images, as well as new question-image simultaneously,
which is recognized as CL-VQA [19], i.e., learn a sequence
of VQA tasks with a single model without suffering from
catastrophic forgetting [27] on previously observed data.

Existing works [19, 28] formulate CL-VQA as a vision-
only or language-only continual learning setting, and
straightforwardly apply the uni-model continual learning
(CL) methods to this multi-modal task. However, model-
ing CL-VQA from such a uni-model view is suboptimal,
posing two challenging issues. First, the existing partial for-
mulation does not take the multi-modal nature of CL-VQA
into account, which leads to a limited view and improper
evaluations. Second, by straightforwardly employing the
uni-model CL methods, existing CL-VQA methods may ne-
glect the rich and complex interactions between modalities,
which leads to deteriorating performance.

To tackle the two challenging issues, we first propose a
comprehensive formulation for CL-VQA explicitly cover-
ing both multi-modal and uni-modal perspectives, so that
more extensive evaluations can be conducted in terms of
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input distributions. Specifically, we carefully design three
scenarios according to different input distributions, i.e.,
Continual Vision Scenario, Continual Language Scenario,
and Continual Vision-Language Scenario, depending on in-
cremental visual images, textual questions, and both.

Secondly, based on our CL-VQA formulation with three
scenarios, we propose MulTi-Modal PRompt LearnIng
with DecouPLing bEfore InTeraction (TRIPLET), a multi-
modal prompt learning-based continual model for CL-
VQA. TRIPLET employs the widely adopted pre-trained
vision-language models with state-of-the-art VQA perfor-
mance as initialization, and consists of decoupled prompts
and prompt interaction strategies. To be specific, decou-
pled prompts contain a set of learnable parameters decou-
pled in three aspects, i.e., modality aspect, layer aspect, and
complementary aspect, which are attached to transformer
layers. Then the prompt interaction strategies are designed
to model the interactions between the input and prompts,
modality-wise prompts, as well as task-wise prompts. Fig. 1
illustrate a comparison between existing CL-VQA methods
and our proposed TRIPLET model.

In addition, we build two CL-VQA benchmarks on two
datasets (i.e., TDIUC [14] and VQA2.0 [9]), carrying out
extensive experiments on three scenarios. Our TRIPLET
model is able to consistently outperform baselines and SO-
TAs1 significantly across various settings. Besides, we con-
duct ablation studies to validate the effectiveness of dif-
ferent components in TRIPLET, demonstrating TRIPLET’s
superiority. In summary, our contributions are as follows:
• We propose a comprehensive formulation for CL-VQA

with multi-modal continual setting, enabling the contin-
ual evaluations of various approaches in three scenarios
based on different input distributions.

• We propose TRIPLET, a novel CL-VQA model contain-
ing decoupled prompts and prompt interaction strategies,
which is able to accurately generate answers in three con-
tinual scenarios without rehearsal buffer. To the best of
our knowledge, TRIPLET is the first multi-modal prompt
learning-based continual model for CL-VQA.

• We build up two CL-VQA benchmarks (i.e., CL-VQA2.0
and CL-TDIUC) for empirical evaluations of CL-VQA
including multi-modal continual setting. Our proposed
TRIPLET model achieves significant improvement over
state-of-the-art approaches in all three scenarios for both
two benchmarks. Extensive ablation studies further
demonstrate the effectiveness of different components in
TRIPLET.

2. Related Works

Visual Question Answering Visual Question Answer-
ing (VQA) aims to answer related questions given an im-

1We necessarily modify some SOTAs for better adaptation to CL-VQA.

age, which requires multi-modal reasoning ability. Existing
VQA methods [2, 11, 35, 25] and datasets [9, 14, 13, 18] are
usually designed for a stable environment, while the VQA
system being able to cope with dynamic environment (CL-
VQA) is rarely studied. In this paper, we focus on the CL-
VQA problem and propose the effective TRIPLET method.

Continual Learning Methods There exist numerous
continual learning methods which could be categorized into
three categories: (1) Regularization-based methods [22, 17,
41, 1] try to reduce catastrophic forgetting by regularizing
import parameters for previous tasks. (2) Rehearsal-based
methods [30, 31, 3, 40, 4, 33, 8, 39] use a buffer to store
representative samples or pseudo samples for previous task
to avoid catastrophic forgetting. In particular, [19] gener-
ates pseudo scene graphs for replay to mitigate forgetting
for CL-VQA. However, scene graphs are not easily avail-
able in real-world applications, making it less applicable.
(3) Architecture-based methods [15, 45, 24, 21, 42, 32, 40]
associate different parameters for different tasks to mitigate
forgetting. Recent works [36, 38, 37, 7, 29] adopt prompt
tuning technique, trying to assign each task with learn-
able parameters. However, these methods are designed for
uni-modal continual learning, failing to take multi-modal
fusion and reasoning characteristic of CL-VQA into ac-
count. In particular, S-Prompts [36] is suited for CL im-
age classification and not directly applicable to CL-VQA.
S-iPrompts in [36] handles only uni-modal inputs, while S-
liPrompts in [36], based on CLIP, calculates scores between
all possible labels and images, which is unsuitable for open-
ended CL-VQA involving lengthy textual question inputs
and thousands of answers in CL-VQA settings.

Continual Learning Benchmarks for VQA There exists
a few continual learning benchmarks for VQA. [10, 19, 28]
construct CL-VQA benchmarks from the uni-modal per-
spective. [43] builds CL-CrossVQA from the multi-domain
perspective and formulates each domain as a distribution,
while fails to characterize different distribution types and
corresponding real scenarios. In this paper, we provide a
comprehensive formulation from the multi-modal perspec-
tive for CL-VQA, and build two benchmarks with three sce-
narios, respectively.

3. Task Formulation
Continual Learning (CL) aims to capture the ever-

changing world and update models on a continuum of se-
quential coming data and tasks2 [38], where the data from
previous task is not available during training [46]. In
this paper, we focus on continual learning for the Visual
Question Answering (VQA) task that is to answer ques-
tions based on a given image, which is usually formu-
lated as a multi-label classification task involving thousands

2Also known as ‘session,’ ‘phase,’ or ‘stage.’
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Figure 2: Graphical explanations of: (a) the red part denotes
the ideal data distribution of task 1 ∼ task t, (b) Continual
Vision Scenario, (c) Continual Language Scenario, and (d)
Continual Vision Language Scenario. The blue part repre-
sents the distributions of the task t+ 1.

of classes [2, 11, 35, 25]. As time passed, new images,
new questions, and even new answers would appear, and
we have to update the VQA model accordingly. Follow-
ing [19, 28], we namely define this problem as CL-VQA.
Besides, we consider the more challenging CL-VQA setting
where the task identity is unknown for each sample during
inference, i.e., we do not know which task the samples be-
long to during test time.

We denote the sequential tasks of CL-VQA as D =
{D1, D2, ..., DT }, where Dt = {(xt

i, y
t
i)}nt

i=1 is the avail-
able data at t-th training task with nt instances. Unlike
most of the classical CL tasks where the input data x is
uni-modal [46], the VQA input data x = (v, q), containing
a visual scene v and a question q, is a multi-modal data.
Thus, the input distribution Pr(x) = Pr(v, q) depends on
the marginal distribution Pr(v) and Pr(q), and the interac-
tion between the two modalities. However, most of previ-
ous CL-VQA works [19, 28] only focus on partial settings
(i.e. only Pr(v) and Pr(q)) from uni-modal perspective,
therefore not providing all-inclusive evaluations for contin-
ual methods.

In this paper, we consider continual learning scenarios
systematically, explicitly from the uni-modal distribution as
well as their joint-distribution, formulating CL-VQA in a
more comprehensive way. Namely, we design three scenar-
ios in CL-VQA:
• Continual Vision Scenario (ConVS) considers the

changes of vision distribution Pr(v), while keeps
Pr(q|v) unchanged. ConVS addresses the scenarios
when new visual scenes occur while the possible ques-
tions remain the same.

• Continual Language Scenario (ConLS) considers the
changes of question distribution Pr(q), while keeps
Pr(v|q) unchanged. ConLS addresses the scenarios
when new questions arise on current available visual
scene.

• Continual Vision-Language Scenario (ConVLS) con-
siders the changes both vision and questions Pr(v, q).
ConVLS addresses the free-form changes of both modal-
ities and their interactions, i.e., new visual scene appear,
new questions arise, and Pr(v|q) or Pr(q|v) would also
change.

We further provide a graphical explanation of these scenar-
ios in Fig. 2. A desirable CL-VQA method is supposed to
perform well across all the aforementioned scenarios.

4. The Proposed Methods
To address the aforementioned three scenarios, it is im-

portant that we model both vision and language modalities
and their interaction at the same time. In this paper, we fol-
low the general Prompt Learning framework [12] and pro-
pose the novel MulTi-Modal PRompt LearnIng with De-
couPLing bEfore InTeraction (TRIPLET) method to ad-
dress the exemplar-free continual VQA problem.

4.1. Preliminary

Transformer-Based VQA Model A modern transformer
based VQA model usually contains three encoders, namely
visual encoder, textual encoder, and fusion encoder [6, 20,
34]. Formally, the answer of a question q given an image v
can be written as follows:

ŷ(v, q) = F
(
FT

([
VT(v); TT(q)

])
[0]

)
, (1)

where VT and TT are the pretrained visual transformer en-
coder and textual transformer encoder that encodes v and
q, respectively. FT(· · · )[0] fuses the multimodel features
together, and output the first fused feature into a classifier
F(·) to predict an answer a. Our proposed TRIPLET is
built upon this structure.

Prompt Learning Given an input sequence data x =
[x1, · · · ,xnx

] and a transformer encoder T, prompt learning
aims to find several “call-words” P = [P0, P1, · · · , Pnp ]
that when P is attached with x, the output feature would
meet certain requirements. In the following, we use the no-
tation T([P ;x]) to denote that we add prompts to x.

4.2. TRIPLET: Decouple Before Interact

Our proposed method, TRIPLET is illustrated in Fig. 3.
Built upon transformer-based VQA models, our goal is to
design a set of proper prompts and interaction strategies
that could solve CL-VQA problem. We will first introduce
our Prompt Decoupling Design separately in Sec. 4.2.1, and
then combine them to train together with our Prompt Inter-
action Strategies in Sec. 4.2.2, finally, overall training and
inference are introduced in Sec. 4.2.3.

4.2.1 Prompt Decoupling

Multi-Modal Decoupling Unlike those uni-modal
prompts proposed by previous work [37, 38], in this
paper, we disentangle prompts into multi-modal format to
fully address the modality-related knowledge from both
the pre-trained vision-language model and training data.
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Figure 3: The TRIPLET framework. Left: during training, the pre-trained encoders are frozen, and parameters in classifier,
decoupled prompts, task-specific keys and interaction matrix are learnable. At task t + 1, we train the decoupled prompts
(including three aspects, i.e., modality-wise, layer-wise and complementary). We further apply three interaction strategies
(within the light blue colored rectangle) to model modality-wise prompt interaction, task-wise prompt interaction, and in-
teraction between input features and prompt keys. Right: during inference, we first calculate multi-modal representations
with the query function, which are used to match the most similar multi-modal keys. Then decoupled E-Prompts paired with
matched keys, together with decoupled G-Prompts, are appended to the inputs (or features) for answer generation.

Basically, Eq. (1) would be modified with:

ŷ(v, q) = F
(
FT

([
P (f); VT([P (v);v]); TT([P (q), q])

])
[0]

)
,

(2)
where P (v),P (q), P (f) are the vision, question, and fusion
prompt, respectively.

Selective Deep Decoupling We then disentangle prompts
in a layer-wise format, and attaching it to selective lay-
ers. Rather than keeping attaching prompts to all the se-
lected multi-head attention (MHA) layers [37], in this pa-
per, we add prompts to some MHA layers in a replacing
schema, which is more memory-efficient. Given a trans-
former T containing K layers, T([P ;x]) = (LK ◦LK−1 · · ·◦
L0)([P ;x]) could be decomposed layer-by-layer:

h̄
P
k = αk · hP

k + (1− αk) · Pk,

[hCLS
k+1;h

P
k+1;h

x
k+1] = Lk([h

CLS
k ; h̄

P
k ;h

x
k ]),

(3)

where [hCLS
0 ; h̄

P
0 ;h

x
0 ] = [CLS, P0,x] are the raw inputs, and

the output of LK is regarded as model output. Moreover,
αk ∈ {0, 1} is a predefined switch that controls whether us-
ing the output prompt feature hP

k or the k-th layer-specific
prompt Pk as input.

Complementary Decoupling Following the complemen-
tary design principle [37], each prompt is further split into
two parts: a General Prompt (G-Prompt) to extract task-
invariant knowledge, and an Expert Prompt (E-Prompt) to

extract task-specific knowledge. For example, the visual
prompt P (v) = {G(v); {E(v)}} is composed of G-prompt
G(v) shared for all tasks and E-prompt E(v)

t specialized for
the t-th task . When the t-th task comes, we train the prompt
P

(m)
t = {G(m);E

(m)
t } where m = v, q, f .

In our implementation, we combine all the three afore-
mentioned decoupling designs. That is, we have three sets
of prompts for three modalities, where each set of prompts
contains layer-wise deep-prompts and each layer-wise deep
prompt contains a G-prompt and a set of E-prompts. In
summary, all the learnable prompts include:

P (m) =
{
G

(m)
k ∈ R

LG×D
}⋃{

E
(m)
t,k ∈ R

LE×D
}
,

m = v, q, f,
(4)

with subscripts t for tasks, k for the k-th MHA layers, LG

/LE for G / E-Prompt’s length, D for embedding dimension.

4.2.2 Prompt Interaction

With the proposed decoupled prompts, then we need inter-
action strategies to train them all together. We first have
Query-and-Match Strategy to match between input features
and related task-specific prompts. We further introduce
Modality-Interaction Strategy and Task-Interaction Strat-
egy to promote interactions between prompts. The former
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one would encourage mutual propagation between differ-
ent modalities of prompts, thus strength the model perfor-
mance [16]. And the latter one would make prompts less
affected by sequential tasks, thus reduces catastrophic for-
getting.

Query-and-Match Strategy As our decoupled prompts
include task-specific prompts, we need accurate task-
specific keys to link input features to these prompts. We
extend the “Query-and-Match” strategy in [37, 38]’s scope
to the multi-modal domain to train the corresponding task-
specific key u

(m)
t via a query matching loss Lqm, making

u
(m)
t closer to samples from the task t than others. Firstly,

given (v, q), the queries are obtained using the frozen trans-
formers (see Eq. (1)) as

h(v) = VT(v), h(q) = TT(q), h(f) = FT([h(v),h(q)]),

Q(v) = h(v)[0], Q(q) = h(q)[0], Q(f) = h(f)[0],

where h[0] means selecting the first element from the vec-
tor, i.e., selecting hCLS as shown in Eq. (3). Using cosine
similarity γ, the query matching loss Lqm is:

Lqm(Dt) = −
∑

(v,q)∈Dt

∑
m∈{v,q,f}

γ
(
u

(m)
t , Q(m)

)
. (5)

Modality-Interaction Strategy We present the Prompt
Modality-Interaction that acts as a bridge between different
modalities of prompts. We introduce the following interac-
tion mapping:

P̂
(f)
t,k = W

(v)
t,k⊗P

(v)
k,t +W

(q)
t,k⊗P

(q)
t,k +W

(v,q)
t,k ⊗

(
P

(v)
t,k ⊙ P

(q)
t,k

)
,

(6)
where ⊙ is the element-wise multiplication, ⊗ is the ma-
trix multiplication, and W (·) are the learnable interaction
matrixes. In this paper, we constrain the rank of these inter-
action matrixes with W = U ⊗V ⊤, where U ,V ∈ RD×d

are two low-rank matrixes. We use the following Lmod to
address this modality-interaction:

Lmod(Dt) = −
∑
k

γ
(
P̂

(f)
t,k , P

(f)
t,k

)
. (7)

Task-Interaction Strategy As our prompt learning-
based method is built upon the frozen pre-trained model,
the representations for different tasks share the same se-
mantic space. Therefore, prompts share the invariant se-
mantic space between different tasks to align with pre-
trained model, which leads to invariant prompt modalities-
interaction structure between different tasks. To this end,
we introduce the task-interaction constraint Ltask to regu-
late the invariant structure as follows:

Ltask(Dt) =
∑
m,t,k

(∥∥∥W (m)
t,k −

〈
W

(m)
t,k

〉
t−1

∥∥∥2

F

)
, (8)

where ∥ · ∥F denotes the Frobenius norm, and ⟨W (m)
k ⟩t−1 is

the cached copy of W (m)
k when training task (t− 1).

4.2.3 Training and Inference

Training When a new task t comes, we instantiate F as
a classifier gt (a fully connected layer), and allocate the
task-specific querying keys (u

(v)
t ,u

(q)
t ,u

(f)
t ) and prompts

(E
(v)
t , E

(q)
t , E

(f)
t ). Then, the decoupled prompts, interac-

tion matrix, classifier, querying keys as jointly trained with:

L(Dt) =
∑

(v,q,y)∈Dt

ℓCE(ŷt(v, q), y)

+ λ1Lqm(Dt) + λ2Lmod(Dt) + λ3Ltask(Dt),

(9)

where ŷ(v, q) is the network prediction (see Eq. (2)), y is
the target answer, ℓCE(ŷ, y) is the cross entropy loss, and
λ(·) are the hyperparameters.

Inference During inference, given an input sam-
ple (v, q), we choose the best matched task index
argmaxt(m) γ

(
u
(m)

t(m)
, Q(m)

)
. Then the corresponding prompts

P
(m)

t(m),·
are selected, and fed into the corresponding trans-

former. Finally, the corresponding classifiers gt(·) are
selected to predict an answer.

The full picture of TRIPLET at training and inference is
described in the Appendix.

5. Experiments
We evaluate our proposed TRIPLET on the three afore-

mentioned scenarios on two well-known VQA datasets,
i.e., TDIUC [14] and VQA2.0 [9]. We carefully compare
TRIPLET with state-of-the-art (SOTA) methods of different
categories under the same experiment settings. Moreover,
we conduct extensive ablation studies to provide a better
understanding of our proposed TRIPLET method.

5.1. Evaluation Benchmarks

Given the two commonly adopted VQA datasets,
TDIUC [14] and VQA2.0 [9], we build continual learn-
ing benchmarks (denoted as CL-TDIUC and CL-VQA2.0)
by dividing their images and questions into several disjoint
hyper-categories, and then construct the benchmarks ac-
cording to scenarios. For the Continual Vision Scenario
(ConVS) and Continual Language Scenario (ConLS) sce-
narios, we split datasets according to the hyper-categories
on images and questions, respectively [23, 5]. For the
Continual Vision-Language Scenario (ConVLS), we collect
questions of different types from each hyper-category of im-
ages to form 5 tasks, such that both image hyper-category
and question type are different between tasks.

To note, we follow the original train-validation split
while building these two benchmarks to avoid data breach
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Table 1: Results for the CL-VQA2.0 and CL-TDIUC built upon ALBEF [20]. Bold: best exemplar-free CL-VQA results,
Underline: second best exemplar-free CL-VQA results, †: best rehearsal-based CL-VQA results, ‡: rehearsal-based results
which outperform the best exemplar-free results, Upper-bound: supervised fine-tuning on the i.i.d. data of each task, ⋄:
enhanced methods as discussed in Sec. 5.2, A: average accuracy, F: forgetting.

Method
Buffer CL-VQA2.0 CL-TDIUC

Size ConLS ConVS ConVLS ConLS ConVS ConVLS
A(↑) F(↓) A(↑) F(↓) A(↑) F(↓) A(↑) F(↓) A(↑) F(↓) A(↑) F(↓)

DER [40]
2000

48.56 19.37 51.15 6.48 56.43 5.52 62.83 8.93 74.43 6.98 70.74 14.70
WA [44] 50.09 18.04 54.74 2.57 55.28 6.74 66.02 6.98 75.47 4.88 75.00 8.18

iCaRL [30, 26] 48.71 19.55 53.76 1.12 54.96 7.08 63.56 8.71 74.53 6.37 73.49 10.26

DER [40]
5000

53.39 13.35† 52.34 4.61 58.78† 3.86‡ 63.71 7.95 75.18 6.96 71.63 13.42
WA [44] 53.91† 13.51 55.89† 1.95 58.75 3.96‡ 69.23† 4.49† 75.84† 4.39† 77.51† 4.68

iCaRL [30, 26] 53.42 14.09 54.72 0.59† 58.58 4.06 67.94 5.46 75.78 4.75 74.98 7.41

LwF [22]

0

37.49 26.08 54.90 2.80 36.87 24.03 39.25 30.50 72.19 5.50 73.71 8.11
EWC [17] 37.21 34.13 54.54 3.69 33.78 27.22 14.61 66.37 71.27 8.26 73.65 8.28
L2P⋄ [38] 41.38 25.80 41.55 3.86 32.43 27.25 33.95 29.21 75.51 0.60 69.18 15.65

DualPrompt⋄ [37] 44.26 24.16 53.56 1.68 41.30 21.37 44.50 14.70 77.38 3.93 81.36 2.31
S-Prompts⋄ [36] 45.50 8.00 44.18 0.78 46.36 8.65 59.70 7.32 69.89 4.35 72.77 2.25

Ours 56.76 9.66 59.41 0.12 60.53 4.08 70.80 1.64 80.47 0.15 83.06 0.54

Upper-bound - 64.53 - 59.62 - 64.08 - 74.60 - 80.57 - 83.33 -

when we use pre-trained vision-language models3. Detailed
analysis for the data splits is provided in the appendix.

5.2. Experimental Details

Backbones We select two public pre-trained models as
our backbones, namely ALBEF [20] and FLAVA [34].
These two models differ in fusion encoder, where ALBEF
uses cross-attention between two modalities, while FLAVA
uses self-attention.

We mainly analyze results on ALBEF in the main paper
and provide additional results on FLAVA in the appendix.

Evaluation Metrics Following the common evaluation
protocols [38, 37], we use two metrics, namely Average
accuracy (higher is better) and Forgetting (lower is bet-
ter). We use St,τ to represent the accuracy on the τ -th
task after training the model on the t-th task. Then, Av-
erage accuracy is defined as

∑
t≤T

∑
τ≤t αt,τSt,τ where

αt,τ is a weighted factor to balance the number of test-
ing instances in different tasks, Forgetting is defined as

1
T−1

∑
τ<T maxt≥τ (St,τ − ST,τ ).

Comparing Methods Based on [28] and our prelimi-
nary experiments, vanilla VQA models fail to tackle CL-
VQA tasks, we thus focus on those SOTA continual learn-
ing approaches from different categories. We compare
our TRIPLET with non-prompting rehearsal-based meth-
ods: DER [40], WA [44], iCaRL [30]; regularization-based
methods: LwF [22], EWC [17]; and the newly proposed
prompt-based methods L2P [38], DualPrompt [37] and S-

3These models are usually trained with images from COCO [23] and
Visual Genome [18].

Prompts [36]. Upper-bound is the supervised fine-tuning
on the i.i.d. data of each task.

To compare fairly, we use the same backbone for all
these approaches, and we train with the backbone for
non-prompting methods while freezing the backbone for
prompt-based methods. All these approaches and our
TRIPLET use the same classifier head. For rehearsal-based
methods iCaRL [30], DER [40] and WA [44], we further
test two sizes of replay buffer, i.e., 2000 and 5000, which
show high performance in [46]. For non-prompting meth-
ods, we use the representation of “CLS” token for classifica-
tion. For prompt-based methods L2P [38], DualPrompt [37]
and S-Prompts [36]4, we symmetrically add textual key-
prompt pairs to enhance model performance, which we de-
noted as L2P⋄, DualPrompt⋄ and S-Prompts⋄. Experimen-
tal results for original structures of L2P and DualPrompt are
in the appendix.

Training Details For those non-prompting methods, we
follow the original paper [20, 34] to set up the opti-
mizer. For those prompt-based methods, we follow Dual-
Prompt [37] to set up the optimizer as adamW with cosine
scheduler and 4e−4 start learning rate. For all approaches,
we set the training batch size to 16 for CL-VQA2.0 and 64
for CL-TDIUC. For L2P⋄ [38], we use the same hyperpa-
rameters as [37] does. For DualPrompt⋄ [37], we add deep-
prompts to the [0-2] MHA layers for G-prompts and [2-5]
MHA layers for E-prompts, and set LG = 5, LE = 20 (See
Eq. (4)). For TRIPLET, we keep the same hyperparame-
ter with DualPrompt⋄’s for Multi-Modal Prompt. After hy-
perparameter searching, we set d = 20, λ1 = 0.1, λ2 =

4We adapted S-iPrompts for CL-VQA.

2958



1 2 3 4 5

Task ID

0

20

40

60

80

A
cc

ur
ac

y

TDIUC

1 2 3 4 5

Task ID

0

20

40

VQA 2.0

DER

WA

iCaRL

LwF

EWC

L2P�
DualPrompt�

TRIPLET (Ours)

Figure 4: Tracking the accuracy of the first task on Contin-
ual Language Scenario (ConLS).

0.2, λ3 = 0.05 for all benchmarks with ALBEF, and set
d = 10, λ1 = 0.1, λ2 = 0.1, λ3 = 0.05 for FLAVA.

Overheads For each task, our proposed TRIPLET
method trains a set of additional key-prompt pairs, as well
as an interaction constraint matrix, which leads to the 0.55%
and 0.44% extra memory cost based on ALBEF [20] and
FLAVA [34], respectively. Other SOTA prompt learning-
based methods L2P⋄ and DualPrompt⋄ take 0.47% and
0.31% extra memory based on ALBEF, and 0.41% and
0.27% based on FLAVA, respectively. We also compare
our methods with DualPrompt⋄ with the same 0.55% extra
memory on ALBEF as shown in Sec. 5.4.

5.3. Main Results

We summarize the main results in Tbl. 1 for the continual
scenarios on CL-VQA 2.0 and CL-TDIUC.

Overall Performance The results indicate that the pro-
posed TRIPLET significantly outperforms baseline meth-
ods across various settings, including those models using
extra buffer and the two recently proposed prompt-based
methods L2P⋄ and DualPrompt⋄, considering average ac-
curacy and forgetting. We also find baseline methods’ per-
formances differ across various scenarios, demonstrating
the importance of our proposed comprehensive formulation.
Methods generally achieve higher average accuracy in CL-
TDIUC than CL-VQA2.0, which is consistent with the i.i.d.
accuracy in original splits [9, 14]. However, there is no ob-
vious partial order relationship for the forgetting metric on
the two splits, as forgetting is also related to the task-wise
differences inside each scenario.

We also trace the first task’s accuracy during different
training stages (denoted as task ID) in Fig. 4, in ConLS set-
tings. We could find that our method shows the best overall
performance. Besides, as we formulate CL-VQA w.r.t. in-
puts, there exists some answer overlap between tasks, which
would help the model recall previous knowledge and result
in the accuracy ascent for all methods after the final task.

Findings Moreover, we observe some interesting find-
ings for pre-trained vision-language model-based continual
learning. In Continual Language Scenarios, rehearsal-based

Table 2: Ablation study for position of prompts on ConLS
VQA2.0. E means E-Prompts and G means G-Prompts, the
numbers in [·] means layers to attach prompts.

Prompt Position Avg. Acc (↑) Forgetting (↓)

E: [2,3,4], G: [0,1,2] 55.75 10.72
E: [2,3,4,5], G: [0,1,2] 56.32 10.37

E: [0,1,2,3,4,5], G: [0,1,2,3,4,5] 54.59 12.32

Table 3: Ablation Study of Modality (M) Interaction Strat-
egy and Task (T) Interaction Strategy for three scenarios on
two benchmarks. Bold: best results.

Scenario M & T CL-TDIUC CL-VQA2.0
Interaction Avg. Acc (↑) FGT (↓) Avg. Acc (↑) FGT (↓)

ConLS ✗ 70.26 2.05 56.32 10.37
✓ 70.80 1.64 56.76 9.66

ConVS ✗ 80.27 0.40 59.27 1.02
✓ 80.47 0.15 59.41 0.12

ConVLS ✗ 82.94 0.59 60.05 4.43
✓ 83.06 0.54 60.53 4.08

methods (DER, WA, and iCaRL) achieve much higher per-
formance than exemplar-free methods (EWC and LwF).
However, in Continual Vision Scenarios, they achieve com-
parable results, and this observation is consistent with the
results in [28]. A possible explanation is that with pre-
trained knowledge, Continual Language Scenarios, where
tasks have significant different answer distributions from
each other, is more difficult than Continual Vision Scenar-
ios, where tasks have similar answer distributions. Another
phenomenon is that the larger size of the buffer offers lit-
tle help for performance. This is because VQA datasets
usually contain high-dimensional and long-tailed answer la-
bels, and it is difficult to select representative replay exam-
ples with the existing strategies.

5.4. Ablation Study

We conduct first four ablation studies based on the AL-
BEF backbone for a more in-depth understanding of the
proposed TRIPLET method.

The Effectiveness of Selective Deep Decoupling We
learn from [37]’s empirical results that the prompts work
better in the first six layers. In ALBEF, the visual encoder
has 12 layers, and fusion and textual encoders have 6 lay-
ers. Thus, we conduct an ablation study on the ConLS CL-
VQA2.0 to search best layers. As shown in Tbl. 2, we find
the best performance to add E-Prompt from layers 2 to 5 and
G-Prompt from layers 0 to 2. The highest performance in
the second row demonstrates the effectiveness of Selective
Deep Decoupling.

The Effectiveness of Prompt Interactions As shown in
Tbl. 3, our performance stably improves with prompt inter-
action strategies in all scenarios. We also conduct additional
experiments for different components of prompt modality
and task interaction strategies in Tbl. 4. Improved perfor-
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Table 4: Ablation Study for Exploration of Modality-
wise and Task-wise Prompt Interactions. MI: Modality-
Interaction, TI on G/E-Prompt: Task-Interaction (See
Eq. (8)) for G/E-Prompt.

MI TI on G-Prompt TI on E-Prompt Avg. Acc (↑) Forgetting (↓)

56.32 10.37
✓ 56.63 9.87
✓ ✓ 56.30 10.02
✓ ✓ 56.53 9.80
✓ ✓ ✓ 56.76 9.66
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Figure 6: Visualization of decoupled prompts w/o and w/
Modality-Interaction(MI) by t-SNE.
mance between the first two rows shows that mutual prop-
agation between different modalities helps the alignment of
decoupled prompts in modality aspect. The results in the
last three rows show that it is important to keep the invari-
ant prompt modality-interaction structure between different
tasks for both G and E-prompts in selective deep layers.

Exploration of Modality-Interaction Matrix We ex-
plore the dimension d on ConVS CL-VQA2.0 to explore the
best hyperparameter for the proposed Modality-Interaction
Strategy (See Sec. 4.2.2) as shown in Fig. 5. With the in-
creasing dimension d, the performance first increases and
then decreases with the peak performance at dimension
d = 20. Interestingly, the best dimension d remains sta-
ble across different scenarios. Compared with dimension
d, another two hyperparameters λ2 and λ3 have less in-
fluence on the model performance. We set λ2 = 0.2 and
λ3 = 0.05 across different scenarios. As shown in Figure 6,
we also visualize decoupled prompts for 5 tasks after the
final training stage, w/o and w/ Modality-Interaction(MI)
by t-SNE, further verifying that prompts within different
modalities become more clustered. The above two ablation
studies demonstrate the effectiveness of explicitly modeling
the complex multi-modal interactions.

Exploration of Extra Memory We set LG/LE = 20/35
for visual and textual prompts in DualPrompt⋄ [37] to make
a fair comparison with TRIPLET in extra memory. We
choose to conduct experiments on ConVLS TDIUC when
DualPrompt⋄ achieves its best time (See Tbl. 1). From

Table 5: Results for exploration for extra memory.
Method Extra Memory Avg. Acc (↑) FGT (↓)

DualPrompt⋄ [37] 0.31% 81.36 2.31
DualPrompt⋄ [37] 0.55% 80.41 3.68

Ours 0.55% 83.06 0.54

Table 6: Results for Continual Language Scenario built
upon FLAVA [34]. For details about the meaning of the
fonts and notations, see Tbl. 1.

Method Buffer Average Acc
Size CL-VQA2.0 CL-TDIUC

DER [40]
5000

41.66† 44.91
WA [44] 33.02 66.27‡

iCaRL [30, 26] 34.14 64.59

L2P⋄ [38]
0

36.98 27.21
DualPrompt⋄ [37] 23.65 25.99

Ours 44.00 64.86

Upper-bound - 64.14 75.08

Tbl. 5, we find DualPrompt⋄ performs worse with more ex-
tra memory, as the previous chosen hyperparameters have
the best performance reported in [37].

Exploration of Different Backbones In order to explore
the impact of different backbones and demonstrate the sta-
bility of our proposed TRIPLET method, we conduct ex-
tensive experiments based on FLAVA [34]. We select the
baselines with the top performance across different settings,
namely WA, iCaRL, and DER with 5000 buffer size and
DualPrompt⋄. We also select L2P⋄ as it belongs to the
prompt learning-based category as ours. As shown in Tbl. 6,
our method consistently outperforms exemplar-free base-
lines, and achieves comparable results with rehearsal-based
baselines. Generally, ALBEF-based results are higher than
FLAVA-based results, which may be partially due to differ-
ent fusion structures, thus being consistent with [43].

6. Conclusions
In this paper, we are the first to propose a comprehensive

formulation for CL-VQA to conduct extensive multimodal
continual evaluations. Based on our formulation, we further
propose TRIPLET, the first multimodal prompt learning-
based continual model for CL-VQA, which achieves state-
of-the-art results across various settings in the experiments.
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