
VL-ADAPTER: Parameter-Efficient Transfer Learning
for Vision-and-Language Tasks

Yi-Lin Sung Jaemin Cho Mohit Bansal
UNC Chapel Hill

{ylsung,jmincho,mbansal}@cs.unc.edu

Abstract

Recently, fine-tuning language models pre-trained on
large text corpora have provided huge improvements on
vision-and-language (V&L) tasks as well as on pure lan-
guage tasks. However, fine-tuning the entire parameter
set of pre-trained models becomes impractical since the
model size is growing rapidly. Hence, in this paper, we
introduce adapter-based parameter-efficient transfer learn-
ing techniques to V&L models such as VL-BART and VL-
T5. We evaluate our methods in a unified multi-task
setup on both image-text and video-text benchmarks. For
the image-text tasks, we use four diverse V&L datasets:
VQAv2, GQA, NLVR2, and MSCOCO image captioning.
For video-text tasks, we use TVQA, How2QA, TVC, and
YC2C. With careful training and thorough experiments, we
benchmark three popular adapter-based methods (Adapter,
Hyperformer, Compacter) against the standard full fine-
tuning and the recently proposed prompt-tuning approach.
We also enhance the efficiency and performance of adapters
by sharing their weights to attain knowledge across tasks.
Our results demonstrate that training the adapter with the
weight-sharing technique (4.18% of total parameters for
image-text tasks and 3.39% for video-text tasks) can match
the performance of fine-tuning the entire model. Lastly, we
present a comprehensive analysis including the combina-
tion of adapter and task-specific prompts and the impact of
V&L pre-training on adapters.1

1. Introduction
Following the success in the language domain [4, 8, 25,

30, 39, 40], large-scale pre-training of vision-and-language
(V&L) models has become a standard framework to tackle
V&L tasks [6, 7, 18, 32, 45, 48]. In such frameworks, V&L
models, which are usually the combination of vision en-
coders and language models, are first pre-trained on large-

1The code for our CVPR 2022 paper is available at: https://
github.com/ylsung/VL_adapter.
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Figure 1. Comparison of (a) full fine-tuning and our (b) adapter
training for V&L tasks. By updating only a small set of adapter pa-
rameters, we can achieve similar performance to full fine-tuning.
We experiment with our adapter training on diverse image-text and
video-text benchmarks, and here we show VQA as an example.

scale unlabeled data, then fine-tuned for downstream V&L
tasks. This is the standard strategy to fuse the knowledge
of vision-and-language to the language model. However,
given that such models’ size grows very rapidly nowadays,
either pre-training or fine-tuning of the V&L model can
still contribute to an unignorable, large memory and stor-
age cost. For instance, if we use GPT-3 [4] with 175B pa-
rameters as a backbone of V&L model, we would need 700
GB of memory to store its entire parameters.2 To address
this problem, recently, several parameter-efficient training
methods have been proposed [12, 16, 17, 20, 28, 33, 47, 52].
Among them, adapter [16] and its variants [20, 33] are
widely used in the NLP domain and applied to different ar-
chitectures. Adapter is a small module added to interme-
diate layers of the model (which is illustrated in Figure 2),
which allows to achieve as high performance as full fine-
tuning (i.e., updating all parameters), by fine-tuning only a
small set of parameters. Moreover, this also shows that it
is possible to use a few parameters to learn the information
fusion of vision and language without losing performance.
Despite adapters having achieved success in text classifica-
tion [16,20,33] and image-text alignment [2], to the best of

2(175× 109)× 4(bytes) × 1
10−9 (GB/bytes) = 700(GB)
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our knowledge, no work has utilized this efficient method
for more challenging downstream V&L problems, such as
visual/video question answering and image/video caption-
ing. Besides, V&L models often come with expensive com-
putations by combining the knowledge of two input modali-
ties. Hence, we investigate the application of adapter-based
parameter-efficient training techniques to V&L tasks.

We aim to efficiently tune language models on diverse
downstream V&L tasks while achieving performance com-
parable to full fine-tuning. For this, we analyze these
parameter-efficient training techniques in a unified multi-
task learning setup, and we benchmark different adapter
[16, 20, 33] and prompt-based methods [24]. For our V&L
model, following Cho et al. [7], we adopt encoder-decoder
language models (BART [25] and T5 [40]) that tackle mul-
tiple V&L tasks as text generation to avoid designing task-
specific architectures. We use CLIP [37], a pretrained
image-text alignment model, as our visual encoder for the
ease of doing V&L pre-training. To inform the model
about which task it is going to perform, we follow [7, 40]
to add task-specific (text) prompts to the front of the in-
put sentence (e.g., “vqa: [Q]” for VQA). We then insert
Adapter [16] and its variants, Hyperformer [20] and Com-
pacter [33], into the model to perform parameter-efficient
training. Hyperformer and Compacter are recently pro-
posed state-of-the-art approaches: Hyperformer improves
the efficiency of adapters by generating their weights via a
hyper-network, while Compacter reduces the parameters by
utilizing Kronecker products and low-rank parameterization
for the adapters’ weights. We also compare adapter-based
approaches with prompt tuning [24], which adds trainable
prompts to the input. We show the high-level concept of
our work in Figure 1. Practically, adapter training involves
parameter updates of adapter modules, layer normalization
layers, and the visual projection layer (see Section 3.1 and
Figure 2 for more details). Since we tackle multiple tasks
simultaneously [20, 36], we also explore taking advantage
of the sharing of information between tasks on adapters
and prompts. Specifically, we make some of the trainable
parameters to be shareable to learn cross-task information
while reserving the rest of them for task-specific informa-
tion. With this technique, the number of trainable parame-
ters can be reduced even further.

We conduct our experiments and analysis on four diverse
image-text tasks: VQAv2 [10], GQA [19], NLVR2 [46],
and MSCOCO captioning [5]. For completeness, we also
verify the effectiveness of our framework on four video-
text tasks: TVQA [22], How2QA [26], TVC [23], and
YC2C [56]. Overall, the performance of the three adapter-
based approaches closes the gap between which of full fine-
tuning. In our experiments, Compacter does not stand out
in terms of efficiency, since we remove the low-rank ap-
proximation for trading performance. Hyperformer is more

efficient than adapters, but we eventually show our adapter
training with the weight-sharing technique can achieve the
same performance as full fine-tuning while only updating
4.18% of the entire parameters for image-text tasks (and
3.39% for video-text tasks). Next, we compare the fine-
tuning and freezing of the CLIP parameters, where the lat-
ter achieves a better trade-off between performance and
parameter efficiency. We also present a detailed analy-
sis to understand the contribution of each component in
adapters, as well as the different parameter-sharing mech-
anisms. We find that using a single set of adapter mod-
ules across all tasks achieves the best results and accuracy-
efficiency trade-off, showing the possibility of pursuing ef-
ficiency with simplicity (Fig. 4). Since most of the exper-
iments are based on the pre-trained weights accompanied
with the models (e.g., CLIP pre-trained weights for ResNet
and BART pre-trained weights), we also demonstrate that
the results of training adapters on top of V&L pre-trained
weights can match or even exceed which of the full fine-
tuning counterpart. While we conduct most of our experi-
ments with the V&L generation framework, we also extend
the adapter training to CLIP-ViL [45], which is one of the
SOTA discriminative V&L approaches. Lastly, we report
the results of comprehensive hyperparameter search in Ap-
pendix, hoping that they will be useful for related research
on parameter-efficient training.

Our contributions could be summarized as: (1) the first
work benchmarking different types of parameter-efficient
training techniques (Adapter, Hyperformer and Compacter)
for various challenging downstream image-text and video-
text tasks; (2) empirical demonstration of adapters reach-
ing the performance of full fine-tuning while updating only
3.39-4.18% of the parameters; (3) comprehensive analysis
on the design of freezing CLIP, impact of different architec-
tural components, weight-sharing techniques, task-specific
prompts, and vision-language pretraining.

2. Related Work

Our research is built upon previous works about lan-
guage models, V&L models, and parameter-efficient train-
ing. In this section, we introduce previous literature and
discuss their similarities and differences with this work.

Language Model Pre-training. The workflow of pre-
training and fine-tuning has become a popular paradigm for
solving many downstream tasks in the NLP field. Several
papers accordingly propose new architectures and objec-
tives to model language, such as ELMo [35], BERT [8],
RoBERTa [31], GPT series [4,38,39], and encoder-decoder
versions such as BART [25] and T5 [40]. Comprehensive
studies [40] have shown the effectiveness of the encoder-
decoder model compared to other architectures. Hence, we
choose BART and T5 as our text generative model.
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V&L Pre-training. To tackle V&L tasks, most existing ap-
proaches combine respective models specialized for either
pure language or pure vision tasks as a V&L model. ViL-
BERT [32], UNITER [6] and LXMERT [48] use the faster
R-CNN [43] object detector to extract the bottom-up [1]
features from the image and provide them with text features
to a cross-modality transformer to solve visual question an-
swering and image-text alignment tasks. Cho et al. [7]
adopt encoder-decoder language models [25,40] to general-
ize V&L tasks to text generation with a task-agnostic archi-
tecture, which combines faster R-CNN object detector and
T5 (or BART). PixelBERT [18] replaces R-CNN with plain
ResNet [14], and demonstrates the advantage of including
the vision model in the training. Inspired by the success of
pre-training with web-scale unlabeled data in the NLP field,
Radford et al. [37] propose CLIP, which has a rich cross-
modal representation and can solve a wide range of tasks
without additional supervision. CLIP-ViL [45] explores
the advantage of using a CLIP visual encoder (ResNet or
ViT [9]) for V&L tasks. Although language models are
tuned for downstream tasks in previous works, some recent
research [49, 51] attempts to freeze large language models
(e.g., GPT-3) to achieve zero-shot learning for V&L tasks.
This line of research focuses on how to map images to
the inputs that the language model can use. Frozen [49]
achieves this by jointly training an NF-ResNet-50 [3] and
frozen GPT-3 with the Conceptual Captioning dataset [44].
Instead of aligning images to text features, Yang et al. [51]
directly utilize a pre-trained image captioner to transform
images to text, which is a useful resource for a language
model, and they demonstrate the effectiveness of this frame-
work on visual question answering tasks. Our V&L model
is the combination of CLIP and BART (or T5). We conduct
a thorough ablation study to test the performance of four
training scenarios: all possible pairs of training or freezing
CLIP and BART. The results in Section 5.2 show that train-
ing the BART model only has the best trade-off between
performance and parameter efficiency, hence, even though
the architecture is end-to-end trainable, we decide to freeze
the CLIP to fulfill our goal of parameter-efficient training.

Parameter-Efficient Training. As the size of recent mod-
els increases rapidly, updating the models in parameter-
efficient ways becomes crucial. Recently, three types of
methods have been proposed: (1) only updating newly
added parameters (added either to the input or model);
[16, 20, 24, 28, 33]; (2) sparsely updating a small number
of parameters of the model; and [12, 47, 52] (3) low-rank
factorization for the weights to be updated [17]. [13, 34]
combine such approaches to propose a unified parameter-
efficient training framework. Among these approaches,
adapters, which belong to the first category, are widely used
in computer vision [41, 42] and natural language process-
ing [16, 20, 33]. While adapters add additional parameters

into models, prompt-based approaches instead add train-
able parameters into the inputs [11,24,28], and experiments
have shown their value in language tasks. Some concurrent
works also extend parameter-efficient techniques to CLIP
models [2, 54, 55]. However, they mainly tackle image-text
alignment problems, while in this paper we aim at more
downstream V&L tasks, such as visual/video question an-
swering, visual reasoning, and image/video captioning. The
typical usage of adapters is training them independently on
different tasks. This manner prevents these adapters from
learning the shared information across tasks. In this paper,
we find that making these plug-and-play adapters shareable
improves the performance of a low resource dataset and re-
duces the overall trainable parameters.

3. Methods
Our main contribution is to exploit adapter-based meth-

ods to efficiently fine-tune generative models in the multi-
task setting. We explore several state-of-the-art variations
of adapters (Adapter, Hyperformer, Compacter) on vari-
ous V&L tasks and show that vanilla adapters are the best
among them. We further demonstrate that sharing adapters
across tasks can boost performance to match full fine-tuning
results and further improve the parameter efficiency.

3.1. Unified Framework for V&L Tasks

We illustrate our V&L model in Figure 2(a). We fol-
low [7] to unify V&L tasks to a text generation problem.
Our V&L model is a combination of CLIP and BART (T5),
and therefore we name our base architecture CLIP-BART
(CLIP-T5). To be more specific, assuming that we have a
pair of an image (or video) xI and a sentence xS (e.g. the
question in VQA) as the input for our model, our goal is
to maximize the agreement between the model’s output and
the text label of M tokens y = (y1, y2, ..., yM ) (e.g., the
ground truth answer in VQA). Regarding architectures, we
use an encoder-decoder language model (parameterized by
θL) as our main generative model. We connect a CLIP (pa-
rameterized by θV ) and a visual projection layer (param-
eterized by θV→L; it projects the visual representation to
the correct dimension for language model) to the model for
extracting the visual representation from input images and
feed the concatenation of visual representation and sentence
representation to the encoder-decoder model. We train our
model with cross-entropy (CE) loss:

l
(
xI ,xS ,y; θL, θV , θV→L

)
= −

M∑
i=1

yi log(fθ(x
V→L,xS)i)

(1)

where fθ and xV→L refer to our model and the projected
visual representation, respectively.
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Figure 2. Illustration of (a) our unified framework for V&L tasks (Sec. 3.1) and and (b) three-adapter based modules (Sec. 3.2). Green
color refers to trainable parameters and blue color refers to frozen ones.

We next introduce our multi-task setup for the unified
generative model. Benefiting from the unified format, we
can construct a universal dataset D from N given V&L
datasets, D1, D2, ..., DN . Thus, we optimize our param-
eters by minimizing the average loss over D:

L
(
D; θL, θV , θV→L

)
=

1

|D|
∑

(xI ,xS ,y)∈D

l
(
xI ,xS ,y; θL, θV , θV→L

) (2)

Our trainable parameters are {θL, θV , θV→L}. As deep
learning models have grown rapidly in recent times, updat-
ing and storing the whole parameters of either visual or lan-
guage models can be inefficient. Therefore, this motivates
us to introduce adapter-based approaches into V&L models
for parameter-efficient tuning.

3.2. Adapters for V&L Models

Adapters. Figure 2(b) left. Adapters [16] are sub-networks
with small parameters that are inserted after every attention
and feed-forward layer in a model. With adapters, the mod-
els learn downstream tasks by updating only a small num-
ber of parameters. The adapters consist of a pair of down-
sampling and upsampling layers, and a residual connection.
To be more specific, we denote the input of the adapter as
x ∈ Rdi , and the weight matrices for downsampling and
upsampling layers to be θD ∈ Rdi×d and θU ∈ Rd×di ,
where di and d are the input and hidden dimensions, re-
spectively. The mechanism of adapters is defined as:

h = fθU (σ(fθD (x))) + x (3)

where σ(·) is an activation function, and we use GELU
[15] in this paper. With adapters, the parameter complex-
ity (i.e., the number of added parameters) is O(did), and it

usually is 2 ∼ 3% of the whole model’s parameters. Note
that all layer normalization layers are also updated to adapt
to the data distribution of downstream data.
Hyperformers. Figure 2(b) top-right. The typical us-
age of adapters is to separately train one adapter for one
task. In that fashion, adapter modules are independent
across tasks, preventing the possibility of reducing the re-
quired parameters by sharing the weights for similar tasks.
Hence, in order to make the adapter module even more ef-
ficient, we extend the Hyperformer [20] to a V&L archi-
tecture. More specifically, we maintain a hyper-network
that is shared over tasks to generate the adapters’ weights
conditioned on the task and the index of the layer. Sup-
pose that we have NT tasks at hand, the number of layers
of the model is NL, and we can use t1, t2, ..., tNT

∈ Rde
and l1, l2, ..., lNL

∈ Rde to represent their de dimensional
embeddings. Hyperformer is composed of a two-layer task
projector network θT ∈ Rde×2×dp and the hyper-network
θH ∈ Rdp×(2×d×di), which aims to generate the weights
for the upsampling and downsampling layer in adapters
based on the projected embedding. Without loss of gen-
erality, to generate the adapter’s weights in the ith layer for
jth task, the generation process is:

[θD, θU ] = fθH (fθT ([tj , li])) (4)

where [·] refers to concatenation. Note that to save mem-
ory with Hyperformer, the number of trainable parameters
of Hyperformer needs to be smaller than that of adapters,
namely, |θH |+|θT |+NT |t|+NL|l| < NTNL(|θU |+|θD|).
In general, we have NT |t|, NL|l|, |θT | ≪ |θH |, so we
can further induce the appropriate range of dp, which is
dp < NTNL.
Compacters. Figure 2(b) bottom-right. Although adapters
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Figure 3. Illustration of different weight sharing methods for
adapters. Parameters with same color are shared across tasks.

have attained great success on parameter-efficient training,
they still have redundant parameters and usually under-
perform full fine-tuning. Compacter hence is introduced
by [33] to solve the issues with the matrix decomposi-
tion and parameter sharing, and eventually, Compacter has
been shown to have a better trade-off between performance
and efficiency compared to adapters. In the following, we
demonstrate the mechanism of Compacter with the weights
of the downsampling layer. First, Compacter introduces
parameterized hypercomplex multiplication layers (PHM
layers) [53], whose parameters are the decomposition of
θD ∈ Rdi×d to the sum of k Kronecker products:

θD =

k∑
i=1

Ai ⊗Bi (5)

where Ai ∈ Rk×k, Bi ∈ R
di
k ×

d
k . The parameter complex-

ity of the PHM layer isO(didk ), reducing the cost by at most
1
k . To further improve the efficiency of PHM layers, Com-
pacter shares the parameters of a smaller matrix Ai across
all layers, and decomposes the bigger matrix Bi even more
with low-rank parameterization. Specifically, the matrix Bi
is approximated to be a low-rank matrix, which is the prod-
uct of two low-rank matrices, ui ∈ R

di
k ×r and vi ∈ Rr× d

k ,
where r is the matrix’s rank. This results in low-rank pa-
rameterized hypercomplex multiplication layer (LPHM):

θD =

k∑
i=1

Ai ⊗Bi =

k∑
i=1

Ai ⊗ (uivi) (6)

Empirically, r = 1 is sufficient to achieve competitive per-
formance, obtaining the complexity of the LPHM layer as
O(d+dik ). Nevertheless, we find sharing matrix and low-
rank decomposition in LPHM layers both severely hurt the
performance of V&L tasks, so we remove them and use the
PHM layers instead.
Shared-Weight Adapters. Figure 3. Inspired by Hyper-
former, we explore the sharing of information between NT

tasks in vanilla adapters with the weight-sharing technique.
We denote Θ = {ΘD,ΘU}, is the collection of all inserted
adapter modules’ weights in the model, and ΘD (ΘU ) is
the subset that only includes downsampling (upsampling)
layers in adapters. As we have mentioned earlier, adapters
are trained independently, so we have unique {ΘD

i ,Θ
U
i } for

the ith task. To enable the adapter to learn cross-task in-
formation, we make part of the weights of the adapter to
be shareable. For instance, we can make ΘD

i equal to ΘD
j

(i 6= j), and the rest of parameters (ΘU
i ) can still learn the

task-specific information for the ith task. Note that we also
consider the extreme case of using a single adapter for all
tasks (Θi = Θj). We illustrate different weight sharing
methods for adapters in Figure 3.

Where to Add Adapters? Our goal is to apply adapters
into V&L models to efficiently update their parameters.
Since our architecture is composed of visual and language
components, it is expected that adapter layers are injected
into both of them. However, we observe that even fully fine-
tuning the whole model does not bring much improvement
compared to only updating the language one (see details in
Section 5.2). Since freezing CLIP has the better trade-off
between performance and parameter efficiency over train-
ing it, we eventually do not add adapter layers into CLIP.

Multi-task Adapter Variants. We consider several ap-
proaches to using adapters. Since we are in a multi-task
setting, the first two straightforward methods are training
adapters and Compacter per task, and we call Multiple
Adapters and Multiple Compacters (illustrated in Fig-
ure 3(a)). To allow adapters to learn information across
tasks, we use weight sharing techniques mentioned in Sec-
tion 3.2 to form Half-shared Adapters, illustrated in Fig-
ure 3(b). Notably, we can form the two types of Half-shared
Adapters by sharing either upsampling layers or downsam-
pling layers. However, we use Half-shared Adapters to rep-
resent adapters with sharing upsampling layers, since they
have almost no differences in terms of accuracy and effi-
ciency. We also consider the extreme case of training multi-
ple tasks with one set of adapter layers, and this brings Sin-
gle Adapter and Single Compacter (see Figure 3(c) for
details). Lastly, we have Hyperformer which essentially
shares information from multiple tasks. Note that we al-
ways update θV→L (1.14% of parameters) and all layer nor-
malizations (0.04% of parameters) in the language model.
We freeze the output layer, whose weights are tied with
word embeddings, because it occupies about 30% of the
language model’s parameters, and updating it doesn’t come
with a performance boost.

4. Experimental Setup

Datasets. For image-text experiments, we evaluate our
models on four V&L datasets: VQAv2 [10] and GQA [19]
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Method
Updated
Params

(%)

VQA
Karpathy test

Acc. (%)

GQA
test-dev

Acc. (%)

NLVR2

test-P
Acc. (%)

COCO Cap.
Karpathy test

CIDEr
Avg.

VL-BART [7] 100.00 67.8 57.3 72.3 109.4 76.7
CLIP-BART
+ Full fine-tuning 100.00 67.6 56.7 73.0 112.9 77.6
+ Multiple Adapters 12.22 65.4 54.0 69.8 114.3 75.9
+ Half-shared Adapters 8.36 65.2 53.4 71.2 113.7 75.9
+ Single Adapter 4.18 65.9 54.5 74.2 114.9 77.4
+ Hyperformer 5.79 65.1 53.4 72.3 114.6 76.4
+ Multiple Compacters 7.05 64.6 53.4 69.1 116.0 75.8
+ Single Compacter 2.70 64.2 53.3 71.7 114.1 75.8
+ Multiple LoRA 17.72 65.5 53.0 62.8 115.4 74.2
+ Single LoRA 5.93 65.2 53.6 71.9 115.3 76.5
+ Multiple Prompts 4.53 43.8 38.1 51.1 104.6 59.4
+ Single Prompt 2.00 44.0 36.3 51.8 103.9 59.0

Table 1. The multi-task evaluation results on VQA, GQA, NLVR2 and COCO Caption between full fine-tuning, adapter-based approaches,
prompt-tuning, LoRA, and VL-BART. We bold the highest scores separately for approaches that are with or without parameter-efficient
training techniques. We also report the results of the test-dev split on VQA in Appendix, and the trend is similar to using the Karpathy test
set. Note that we don’t use V&L pre-training for every model.

for visual question answering, NLVR2 [46] for visual rea-
soning, and MSCOCO [5] for image captioning. As for
video-text experiments, we apply our method on four tasks
from VALUE [27] benchmark: TVQA [22] and How2QA
[26] for video question answering, TVC [23] and YC2C
[56] for video captioning. The statistics of each dataset are
shown in Appendix.
Architecture Details. We follow [7] to combine the vision
encoder and an encoder-decoder language model to deal
with many tasks via the unified text generation framework.
For image experiments, we use CLIP-ResNet101 as our vi-
sion encoder [37]. Input images are resized to 224 × 224
for the memory efficiency. We extract the 7 × 7 grid fea-
tures produced by the last convolutional layer, and then ap-
ply adaptive maximum-pooling over the features for down-
sampling then to 6 × 6 for a fair comparison to [7]. For
video experiments, we use the features extracted by CLIP
(ViT-B/32) following [27], where they uniformly sample
one frame per second and concatenate the CLIP outputs of
the sampled frames to form the visual input. We limit the
maximum length of visual input to 64 for efficiency. Fol-
lowing [27], we also include subtitles as additional infor-
mation. In addition, we choose BARTbase [25] as our main
encoder-decoder language model, but we also extend the
studies to T5base [40]. We use CLIP-BART and CLIP-T5
for representing these two V&L architectures. We report all
the training and evaluation details in Appendix.

5. Results and Analysis
5.1. Multi-Task Parameter-Efficient Fine-Tuning

Next, we move on to our main experiments on apply-
ing parameter-efficient training techniques for V&L mod-
els. We note that the techniques are only used for the
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Figure 4. The comparison of three adapter-based approaches over
the different percentages of updated parameters. We adjust the
hidden dimension d to attain the model with different sizes.

language model, as we mentioned in Section 3.2. Be-
sides the adapter-based methods and full fine-tuning, we
also consider prompt-tuning [24] and LoRA [17], which
are competitive parameter-efficient training approaches. In
this case, we also have two variants for each method, that
is, Single Prompt-Tuning, Multiple Prompt-Tuning, Sin-
gle LoRA and Multiple LoRA, where the single one uses
the same prompt/low-rank weights for multiple tasks while
the multiple one has one prompt/low-rank weights for each
task, respectively. The prompts are only added to the input
of the encoder because we do not see improvement when
the prompts are also added for the decoder. In the follow-
ing paragraphs, we separately introduce the results in Ta-
ble 1 and their takeaways. We also report the leaderboard
results of multiple approaches on VQA and GQA in Ap-
pendix, where we select the representative approaches from
each family of methods based on their performance in Ta-
ble 1. The trend still holds similar to the results in Table 1.
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Method VQA GQA NLVR2 COCO
Cap. Avg.

CLIP-T5
+ Full fine-tuning 67.3 56.5 75.4 113.1 78.1
+ Single Adapter 67.6 56.2 73.9 111.8 77.4

Table 2. Results of Single Adapter & Full fine-tuning on CLIP-T5.

Single Adapter Performing the Best. We observe that the
vanilla adapter is the most competitive architecture among
the three types of adapter variants. We find Half-shared
Adapters perform on par with Multiple Adapters with fewer
parameters, and the Single Adapter’s performance is as
competitive as which of the full fine-tuning (77.4 vs. 77.6).
The performance boost of Half-shared Adapters and Single
Adapter mainly comes from a smaller dataset, NLVR2, and
this demonstrates that information sharing benefits the low
resource tasks.

We next turn to the results of Hyperformer and Com-
pacter. The Hyperformer shares information across tasks
in the hyper-network, thus resulting in that it is more
parameter-efficient than the Multiple Adapters (12.22% vs.
5.79%). However, the Single Adapter still outperforms Hy-
performer in terms of its parameter-efficiency (4.18% vs.
5.79%) and effectiveness (77.4 vs. 76.4). The optimization
of hyper-network is harder and it might be one of the rea-
sons to produce this outcome. Compared to Adapter, Com-
pacter does not stand out in our experiments.

We hypothesize the reason causing the outcomes is: our
BART model is pre-trained on pure language tasks, and we
would like to adapt the model to perform on V&L tasks.
Nevertheless, the assumption of Kronecker products might
be too restrictive, so that Compacter fails to overcome the
huge discrepancy between tasks. To have a complete com-
parison between three adapter-based approaches, in Fig-
ure 4, we show their performance over different percentages
of updated parameters. We observe that Single Adapter,
despite its simple architecture, achieves the best accuracy-
efficiency trade-off.

Lastly, we transfer the best configuration of the single
adapter to CLIP-T5 and show the results in Table 2. Note
that we use a larger hidden dimension for adapters in this
case, and the percentage of updated parameters is 7.98%.
The results conclude that the Single Adapter still achieves a
promising accuracy-efficiency trade-off in T5. We leave the
results of adding other approaches to T5 in Appendix.
LoRA and Prompt-tuning vs. Adapters. Compared to
the Single Adapter, LoRA uses slightly more parameters
and the accuracy drops by approximately 1%. However,
it is still a competitive approach since its performance is
better than other methods. In general, prompt-tuning does
not perform well in our experiments. The reason might be
similar to Compacter’s: because the pre-trained tasks and
downstream tasks are dissimilar, the model cannot adapt to
the distribution of new datasets with few parameters. Also,

fine-tuning BART frozen BART

fine-tuning CLIP 65.6 39.4
frozen CLIP 64.7 39.1

Table 3. The VQA results of all possible pairs of full fine-tuning
or freezing the CLIP and BART. Note that we only train the visual
project layer (θV→L) in “frozen CLIP + frozen BART”.

prompt-tuning is sensitive to some training configurations
such as model size, prompt initialization, and pre-training
methods [24]. We leave the improvement of prompt-tuning
performance for future work.
VL-Adapter in Video-Language Understanding Tasks.
Table 4 shows the performance of the representative ap-
proaches used in Appendix on TVQA, How2QA, TVC, and
YC2C. We transfer the hyperparameter setup used in Ta-
ble 1, but we divide the learning by 3 for all approaches for
better performance. Single Adapter again attains the best
results among all parameter-efficient methods and is on par
with full fine-tuning. From the image-text and video-text
experiments, we find that the Adapter is more stable than
other approaches.

5.2. Training or Freezing Visual Encoder

Because the use of CLIP enables the entire model to
be end-to-end trainable with stability [45], we conduct ex-
periments to test the performance of four different training
scenarios: all possible pairs of training (full fine-tuning)
or freezing CLIP and BART. Every combination is trained
and evaluated on VQA. We apply the training tricks3 used
in [18, 45] and report the results in Table 3. The results
show that there is only 1% improvement with adding the
CLIP into training. Given this result, the advantage of
adding adapters inside CLIP over keeping it frozen is lim-
ited. Therefore, we have determined to freeze the CLIP con-
sistently to save memory, and this also ideally fits our pur-
pose of training models efficiently. We also report the result
of our version of “Frozen” [49] 4, where we freeze BART
and only fine-tune CLIP. However, the accuracy of 39.4 (in
Table 3) is far from that of updating BART, suggesting that
fine-tuning the language model is still crucial.

5.3. Ablations and Analysis

In the following paragraphs, we sequentially present our
ablation studies and analysis on (1) the contribution of dif-
ferent modules. (2) adapters with task-specific prompts. (3)
effect of V&L pre-training on adapters. (4) adapters on the
discriminative V&L model. We put results for (2) in Ap-
pendix.

3We have our best jointly training model with a 1×10−6 learning rate
and the SGD optimizer on vision encoder while 1×10−4 and the AdamW
optimizer for the rest of the model.

4However, unlike Frozen using both captioning and VQA data, we only
use the latter in our experiments.
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Method
Updated
Params

(%)

TVQA
test-pub
Acc. (%)

How2QA
test-pub
Acc. (%)

TVC
test-pub
CIDEr

YC2C
test-pub
CIDEr

Avg.

CLIP-BART
+ Full fine-tuning 100.00 76.3 73.9 45.7 154.0 87.4
+ Single Adapter 3.39 76.6 73.9 46.3 152.9 87.4
+ Single LoRA 5.17 75.5 72.9 44.6 140.9 83.4
+ Single Prompt 1.18 32.1 30.2 29.5 102.0 48.4

Table 4. The multi-task evaluation results on TVQA, How2QA,
TVC and YC2C between full fine-tuning, Single Adapter, LoRA
and prompt-tuning.

Method VQA GQA NLVR2 COCO
Cap. Avg.

θV→L only 32.2 25.6 52.1 78.5 47.1
θV→L + Layer Norm 49.5 40.1 52.4 109.6 62.9
Single Adapter 65.9 54.5 74.2 114.9 77.4

Table 5. Ablation on adding components while adapter training.

Method VQA GQA NLVR2 COCO
Cap. Avg.

VL-BART [7] 69.1 59.0 73.3 111.5 78.2
CLIP-BART
+ Full fine-tuning 69.2 57.5 75.0 112.1 78.5
+ Single Adapter 69.4 58.1 73.7 115.7 79.2

Table 6. The fine-tuning results of full fine-tuning and Single
Adapter after pre-training on V&L tasks first.

Contribution of Modules (θV→L, Layer Norm). Recall
that our adapter training not only includes the adapters’
modules but layer normalization layers and the visual pro-
jection layer θV→L. To have a better understanding of the
contribution to the accuracy of adapters, we conduct abla-
tion studies to gradually add trainable modules and com-
pare their results in Table 5. We observe that only updating
θV→L produces insufficient results, suggesting the need to
update the language model partially. We do find a consid-
erable improvement with updating layer normalization lay-
ers, but the accuracy is still much behind that of the full
fine-tuning, and this result also displays the effectiveness
of adapters. We note that this finding deviates from the
conclusion in [2], where updating layer normalization layer
is comparable or even better than training adapters inside
CLIP for the image classification task.

Effect of V&L Pre-training on Adapters. Since this work
is about low-cost training, most of our experiments are
based on the weights without V&L pre-training. This re-
sults in a performance gap between the approaches in this
paper and state-of-the-art ones. We therefore also explore
whether adapter training can take advantage of V&L pre-
trained weights. We follow [45] to pre-train on COCO [29]
and VG [21] images with multi-modal language modeling,
visual question answering, and image-text matching. We
exclude the referring tasks (grounded captioning and visual
grounding) because they need bounding box information,

Method
Updated
Params

(%)

VQA
test-dev

SNLI-VE
dev

GQA
test-dev

Full Fine-tuning 100.0 76.9 80.7 61.8
Single Adapter 4.3 - 6.2 76.5 80.2 60.7

Table 7. The results of adding adapters to CLIP-ViL on VQA,
SNLI-VE, and GQA. Note that the number of parameters vary
across tasks due to different output heads.

which cannot be obtained using CLIP. Refer to the training
details in [45]. Table 6 shows the fine-tuning results with
V&L pre-training. In this case, the Single Adapter even is
more competitive than full fine-tuning with only a few pa-
rameters being trained, suggesting that the adapters work
well with different kinds of pre-trained weights.

Adapters on the Discriminative V&L Pre-trained
Model. While most of our experiments and ablations are
conducted on generative V&L models, we also applied
adapters to CLIP-ViL [45], a SOTA discriminative model,
and report the results of VQA [10], SNLI-VE [50], and
GQA [19] in Table 7. Adapters are also not added into
CLIP due to the same reason in Section 5.2. Note that Sin-
gle Adapter only updates from 4.3 to 6.2% of parameters
with only a small gap in accuracy compared to full fine-
tuning, which demonstrates the effectiveness of adapters for
discriminative architectures.

6. Discussion and Conclusion

We conduct comprehensive studies on the evaluation of
three adapter-based approaches on challenging image-text
and video-text tasks. We employ a unified format and archi-
tecture to solve the tasks in a multi-tasking learning setup.
With a thorough hyper-parameter search, we benchmark the
performance of those methods and find the Single Adapter,
which is a shared-weight vanilla adapter, is the best in terms
of accuracy, efficiency, and simplicity. We have also shown
that Single Adapter works well with a state-of-the-art dis-
criminative model (CLIP-ViL). Lastly, we conduct ablation
studies on understanding the contribution of different train-
able modules, adapters with task-specific prompts, and the
effect of V&L pre-training on adapters.
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