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Abstract

Unsupervised domain adaptation (UDA) for visual ques-
tion answering (VQA) has attracted research interest. How-
ever, with Multi-modal Large Language Models (MLLMs)
showing great performance on VQA datasets, UDA for VQA
based on MLLMs remains unexplored. To fill this gap,
we propose the first systematic approach to Unsupervised
Domain Adaptation VQA based on MLLMs (UDAM). First,
we introduce semantic context feature alignment and do-
main query feature alignment, which utilize a single token
embedding for each modality to capture contextual domain
information from unimodal inputs and conduct coarse-
grained feature alignment on it, thus alleviating domain
shifts in the unimodal feature space. Second, we propose
the novel semantics-guided query feature alignment, which
differentiates important domain-specific queries from learn-
able query outputs and conducts fine-grained feature align-
ment controlled by a semantics-guided weight map to re-
duce domain shifts in the cross-modal feature space. Third,
we devise a pair-wise domain-aware prompt strategy, which
aids UDA by prompting MLLMs to discern the commonality
of tasks and the distinctiveness of domains in multi-modal
inputs. Extensive experiments demonstrate UDAM’s effec-
tiveness in adapting MLLMs to unlabeled new domains.

1. Introduction

Unsupervised domain adaptation (UDA) for visual ques-
tion answering (VQA) has garnered much research atten-
tion [6, 51, 58, 59], focusing on specialized VQA models
such as LXMERT [43], MCAN [56] etc,. The key of UDA
for VQA is reducing domain shifts between the source and
target domains in both image and text modalities by facili-
tating the acquisition of domain-invariant features, enabling
the models to achieve optimal performance on the unlabeled
target domain with labeled source domain data.

However, with Multi-modal Large Language Models
(MLLMs) [1,9,29] showing excellent performance on VQA
datasets, to the best of our knowledge, UDA research for
VQA based on MLLMs remains unexplored and we aim
to fill this gap. Investigating UDA within the context of
MLLMs is not only a theoretical endeavor but also car-
ries significant practical implications. Adapting MLLMs
to specific domains often requires fine-tuning them on cor-
responding labeled data, while labeling multi-modal data is
resource-intensive. UDA fine-tuning proposes a resource-
friendly way to adapt MLLMs to specific, unlabeled, and
large-sized target domains by leveraging labeled data from
a generic and small-sized source domain, as annotations for
these source domains are more accessible.

Take the widely studied BLIP2 [29] as an example; UDA
based on such kind of MLLMs faces the following three
challenges. C1: Given the domain shifts existing in the uni-
modal feature space of both two modalities among various
VQA datasets and the different ways that BLIP2 handles
text and image encoding, the first challenge lies in design-
ing tailored unimodal feature alignment methods for both
image and text modalities. C2: A set of pretrained learnable
queries interact with multi-modal inputs in the Q-Former
to generate cross-modal queries, resulting in a considerable
domain shift in the cross-modal feature space. It’s intuitive
that each learnable query has a different perceptual capabil-
ity to multi-modal inputs from various domains. The learn-
able queries that are more sensitive to multi-modal inputs
from a specific domain and extract more important domain
information are experimentally proven to significantly con-
tribute to the domain shift in the cross-modal feature space.
It is important to differentiate these queries from learnable
query outputs and utilize them for effective cross-modal
feature alignment. C3: Since hard prompt strategies greatly
impact MLLMs’ zero-shot as well as fine-tuning perfor-
mance, it’s necessary to design a specialized hard prompt
strategy to aid in UDA fine-tuning.

6248


www.ruizhang.info

To address the challenges above, we propose the first
systematic approach to Unsupervised Domain Adaptation
VQA based on MLLMs (UDAM). For C1, we intro-
duce semantic context feature alignment (SCFA) and do-
main query feature alignment (DQFA) tailored for text and
image modality, which utilize a single token embedding
for each modality to capture global-level contextual do-
main information of unimodal input and conduct coarse-
grained feature alignment on it, thus alleviating domain
shifts in the unimodal feature space of each modality. For
C2, we propose the novel semantics-guided query feature
alignment (SQFA), which differentiates important domain-
specific queries from learnable query outputs and conducts
fine-grained feature alignment controlled by a semantics-
guided weight map, thus reducing the domain shift in the
cross-modal feature space. For C3, we devise a pair-wise
domain-aware prompt strategy, which aids UDA for VQA
by prompting MLLMSs to discern the commonality of tasks
and the distinctiveness of domains among diverse multi-
modal inputs. Our contributions are summarized as follows:

e We introduce two coarse-grained unimodal feature
alignment methods, including semantic context feature
alignment (SCFA) and domain query feature align-
ment (DQFA) to efficiently alleviate the domain shift
in the unimodal feature space of each single modality.

* We further propose a novel fine-grained cross-modal
feature alignment method named semantics-guided
query feature alignment (SQFA) to reduce the domain
shift in the cross-modal feature space.

* We devise a simple yet practical pair-wise domain-
aware prompt strategy, which aids UDA for VQA on
MLLMs and demonstrates great research potential.

» Extensive experiments demonstrate the effectiveness
of UDAM. UDAM provides up to a 1.98% accuracy
improvement compared to conventional fine-tuning
and a 14.66% improvement compared to BLIP2’s orig-
inal zero-shot accuracy on the CLEVR dataset.

2. Related Work
2.1. Multi-modal Large Language Models.

Research on MLLMs for various applications [32,41,63]
has been flourishing recently. MLLMs [1,9,29,55] usually
develop various types of multi-modal perceivers to trans-
form multi-modal inputs into soft prompts, which are fed
into LLMs along with the text input for answer generation.

BLIP2 [29] introduces Q-Former as its multi-modal per-
ceiver. Many subsequent works [15,21,30,62] have demon-
strated the powerful capabilities of Q-Former. Q-Former
takes the image, text, and a set of learnable queries as input.

The learnable queries capture text-relevant features of the
image during the forward process of Q-Former.

Some other work [1,4,53] employs simpler multi-modal
perceivers, even integrates visual feature into different lay-
ers [52], and train the LLM to enhance its visual capabili-
ties. Compared to these efforts, BLIP2 effectively models
the image-text alignment with the Qformer module during
pretraining and requires training only the Qformer during
fine-tuning, which is more cost-effective. This makes it a
more suitable starting point for conducting our research.

2.2. Unsupervised Domain Adaptation.

UDA has been investigated across various tasks, and the
two most mainstream UDA methods are self-training meth-
ods and feature alignment methods. The former focuses on
how to generate high-quality pseudo labels for unlabeled
target data [5, 10, 14]. The latter can be further classi-
fied into two categories based on their underlying princi-
ples: one category aims to reduce domain shift by reducing
various measures of distributional disparities such as the
Maximum Mean Discrepancy (MMD) [46], CoRAL [42],
Wasserstein Distance [40] etc., while the other involves
domain-adversarial training of neural networks (DANN)
[7,45,49,50], where models learn domain-invariant features
itself by competing against domain discriminators during
training. We refer to methods based on the above two prin-
ciples as discrepancy-based and adversarial-based methods.

Unimodal UDA on large-scale pretrained models is
still in its early stage, revolving around the above two kinds
of methods. A line of self-training methods [14, 26, 27]
mainly focus on image classification, leveraging the zero-
shot ability of CLIP [36] to generate pseudo labels for un-
labeled target data; Saad-Falcon et al. [38] utilizes LLMs
to create synthetic queries for target domain in passage re-
trieval. The major obstacle to applying self-training meth-
ods to VQA lies in the difficulty of reasonably evaluating
and filtering the model’s answers. In terms of feature align-
ment methods, Malik et al. [34] integrate Adapters [20] into
LLMs and achieve UDA by reducing the domain discrep-
ancy measured by MK-MMD [33]. Meanwhile, Yang et.al
[54] apply adversarial-based methods to visual pretrained
models. The above work provides insights for us to explore
the application of feature alignment methods on MLLMs.

Multi-modal UDA for VQA has received extensive at-
tention. Chao et al. [6] demonstrates that there are consider-
able domain shifts in both text and image modalities across
various VQA datasets and use DANN to reduce domain
shifts between domains to achieve UDA. Xu et al. [51] pro-
pose a multi-modal UDA framework for open-ended VQA,
which minimizes MMD of unimodal features between do-
mains and utilizes DANN [12] to conduct feature alignment
on fused features. The effectiveness of this approach is
validated only in the scenarios between VQA 2.0 [16] and
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Table 1. The names and formats of the hard prompt strategies we investigate on VQA.

Strategy Name

Strategy Format

qa [29]
Short-qa [3]
following-qa [3]
task-qa [29]
task-domain-qa

Question: {question) Answer:
Question: (question) Short answer:
Answer the following question. {question)
Visual Question Answering. Question: (question) Answer:
Visual Question Answering: (domain-specific style description). Question: (question) Answer:

Vizwiz [19], which also poses certain limitations. Zhang
et al. [59] employs DANN on the visual encoder of VQA
models and does not investigate the domain shift in the text
modality. Zhang et al. [58] explore the impact of MMD,
self-supervised reconstruction, and supervised auxiliary co-
training based on two 2019 VQA models [43,57].

The aforementioned works on UDA for VQA validate
their methods in different cross-domain scenarios, with both
the source and target domains [2, 16, 24, 37, 60] utilizing
similar real-world image sources i.e. the COCO dataset,
which results in little domain shift in the image modality
within their cross-domain scenarios and makes their meth-
ods less convincing. To address this issue, we carefully
devise four cross-domain scenarios with more pronounced
domain shifts in the image modality, which is further illus-
trated in Section 5.2. More importantly, previous studies
have not explored MLLMs, and we also aim to fill this gap.

2.3. Prompt Engineering of Multi-modal Large
Language Models

The effectiveness of prompt engineering [31] has been
demonstrated in enabling pretrained models to achieve bet-
ter performance on new tasks or in new data domains. [17]
conducts a systematic survey of prompt engineering on
MLLMs. This section focuses on illustrating the use of hard
prompts. Different MLLMs [1,29,48] meticulously design
various hard prompts for multi-modal tasks to achieve op-
timal zero-shot inference performance. Huang et al. [23]
improves zero-shot image classification by employing hard
prompts along with specific class descriptions. Awal et
al. [3] systematically investigate the efficacy of various hard
prompt techniques for zero-shot VQA inference on BLIP2,
which includes task-specific instruction, in-context exem-
plars, and various informative captions [11,18,22,44].

3. Problem Definition.

Firstly, a regular VQA dataset is defined as D =
{(I;,Q), A; }_, where i-th sample contains an image I;
and a corresponding question ();. A; is the desired an-
swer given a combination of an image and a question.
Then, in the setting of UDA, we further use Dg =
{(I7,Q3), A7 } 7= to denote the labeled source dataset with
ng labeled samples. The unlabeled target dataset is denoted
as Dy = {(I}, Q%) }t,. We follow the open-ended setting

of VQA, where no answer candidates are provided, and the
model can respond with any free-form answers. We aim to
utilize Dg and D7 to fine-tune MLLMS to enable them to
achieve optimal performance on the target domain.

4. Methods

In Section 4.1, we introduce two coarse-grained uni-
modal feature alignment methods to alleviate the domain
shifts in the unimodal feature space of each modality. In
Section 4.2, we investigate how learnable queries interact
with multi-modal inputs and propose a novel fine-grained
cross-modal feature alignment method to reduce the domain
shift in the cross-modal feature space. In Section 4.3, we
illustrate our devised pair-wise domain-aware prompt strat-

cgy.
4.1. Coarse-grained Unimodal Feature Alignment

Given that domain shift exists in the unimodal feature
space of both modalities among different VQA datasets
[6, 14], we first propose two coarse-grained unimodal fea-
ture alignment methods for text and image modality, re-
spectively. We use the unimodal masking strategy in Figure
1 to control the self-attention mechanism of the Q-former,
preventing text input and learnable queries from interacting
with each other to obtain unimodal feature outputs.

For the text modality, we introduce semantic context
feature alignment (SCFA). The first token of the textual
input to the Q-Former is always designated as the [CLS]
token in BLIP2. Thanks to the pretraining process on ex-
tensive data, the [CLS] embedding output of the Q-Former
(denoted by 7) represents the contextual semantics of the
given text input and should contain valuable domain infor-
mation of the text modality. We input ¢ into a single fully
connected layer f; before feeding it into a domain discrim-
inator D,,,; to distinguish its domain. We adopt a binary
cross-entropy (BCE) loss as the domain classification loss
of SCFA, which can formulated as follows:

Lscra = —dlogDum(ft(l‘))—(l—d)log(l—Dum‘(ft(l))) (D

where the domain label d is O for the source domain and 1
for the target domain.

For the image modality, we introduce domain query
feature alignment (DQFA) inspired by [28,49]. In the Q-
Former, a set of learnable queries is used to cross-attend
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Figure 1. Subfigure (a) depicts the regular finetuning paradigm of BLIP2. UDAM only requires simple modifications to the Q-Former, as
illustrated in Subfigure (b). GR means reversing the sign of gradients during backpropagation. FC Layer refers to the fully connected layer.
Both coarse-grained unimodal feature alignment and fine-grained cross-modal feature alignment share the same input format and model
parameters, employing different self-attention masking strategies between learnable queries and text to control their interaction, which is

shown in Subfigure (c).

to the image embeddings generated by a frozen image en-
coder, generating unimodal queries representing image in-
formation. We first define an additional learnable domain
query token dgq tasked with capturing domain information
from image embeddings. The weights of the domain query
dq are initialized by averaging the weights of all learnable
queries, ensuring that the domain query possesses the ca-
pability to capture valuable information in the early stages.
dq is appended to the learnable queries to form the input
for Q-Former, only attending to other learnable queries in
the forward process. We denote the output of Q-Former
as [{¢i}"™ : dg]. In this way, the domain query gathers
global domain information of the image, while the learn-
able queries extract discriminative features. The weights of
the learnable queries are frozen during this process to pre-
serve their discriminability. dq is then fed to a fully con-
nected layer f; as well as the domain discriminator D, ;.
The domain classification loss of DQFA is as follows.

Lpgra = —dlogDuni(fi(dg)) — (1 —d)log(1 = Duni(fi (dng
In summary, we aim to perform coarse-grained feature
alignment to alleviate the domain shift in the unimodal
feature space of each modality. We introduce two effi-
cient feature alignment methods for text and image modal-
ities, which both utilize a single token embedding to cap-
ture global-level contextual domain information and con-
duct feature alignment on it by adversarial training, i.e. the
Q-Former competing against D,,,,; during training.

4.2. Fine-grained Cross-modal Feature Alignment

When adopting the bi-directional masking strategy, a set
of pretrained learnable queries interact with multi-modal in-

puts in Q-Former to generate cross-modal queries whose
feature space exhibits non-negligible domain shift. In
this section, we will demonstrate our proposed novel fine-
grained cross-modal feature alignment method.

When dealing with multi-modal inputs from a specific
dataset, it is intuitive that the learnable query at different po-
sitions inherently has different sensitivity to inputs; certain
queries may be more sensitive to multi-modal inputs of a
specific domain and capture more valuable domain informa-
tion, indicating their greater domain specificity. We experi-
ment on Vicuna7B-based BLIP2 in the AOKVQA—VQA-
Abstract scenario to validate this intuitive idea. For each
image-question pair, we feed it into Q-Former and calculate
the cosine similarities between the 32 cross-modal queries
and the [CLS] embedding output, i.e. the contextual se-
mantics of the multi-modal input. We compute the average
similarities of all 32 queries on the AOKVQA validation
set and rank them in descending order. We find that approx-
imately 12.5% of the cross-modal queries exhibited signif-
icant semantic cosine similarities. Contrastively, the simi-
larities of the other cross-modal queries are very small and
even less than 0. We further present t-SNE visualizations
[47] of all cross-modal queries and the TOP K=4 domain-
specific queries with the highest similarities between the
two domains and find that the domain-specific queries con-
tribute greatly to the domain shift in the cross-modal fea-
ture space. We believe that differentiating domain-specific
queries from cross-modal queries is the key to fine-grained
cross-modal feature alignment.

Given the analysis above, we propose a fine-grained
cross-modal feature alignment method named semantics-
guided query feature alignment (SQFA) to mitigate the
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Table 2. Zero-shot inference VQA accuracy of different prompt strategies on four VQA datasets based on BLIP2 models with decoder-

based Vicuna7B [61] and encoder-decoder-based FlanT5XL [8].

LLM Prompt Strategy ArtVQA | AOKVQA | CLEVR | VQA-Abstract
qa [29] 4.25 12.34 23.55 48.54
short-qa [3] 2.45 7.04 26.68 51.16
Vicuna7B following-qa [3] 3.90 14.32 23.07 43.25
task-qa [9] 5.03 11.49 29.44 51.29
task-domain-qa 5.80 16.36 31.60 53.93
qa [29] 5.23 40.69 3391 50.62
short-qa [3] 5.46 42.24 34.09 50.02
FlanT5XL following-qa [3] 5.30 41.54 33.29 49.67
task-short-qa [9] 5.87 41.55 34.14 50.63
task-domain-short-qa 6.26 42.30 34.29 50.68

domain shift in the cross-modal feature space controlled by
a semantics-guided weight map. In a forward pass of Q-
Former with the bi-directional self-attention masking strat-
egy shown in Figure 1, the learnable queries are able to in-
teract with the textual inputs, thus generating cross-modal
queries. Under this setup, the [CLS] token still represents
the contextual semantics of the entire multi-modal inputs in
the encoding process, and we compute the cosine similarity
between each cross-modal query and the [CLS] embedding
output. We then calculate a semantic-guided weight map W
based on the computed similarities as follows: queries with
a cosine similarity less than O are assigned a weight of 0,
while the weights for the other queries are obtained by sum
normalization based on their cosine similarities.

We then project all cross-modal queries by the pretrained
fully connected (FC) layer after Q-Former, in which the
cross-modal queries undergo dimensional expansion and
further enrich their semantic information. Since the out-
put of the FC layer, denoted as {¢;}", is directly used as
the soft prompts for the downstream LLM, we believe that
performing fine-grained domain alignment on these embed-
dings would be beneficial. We feed {¢;}" into a domain

@ Target Domain

@ Source Domain

Figure 2. The t-SNE visualization results of all cross-modal
queries as well as the TOp K=4 queries with the highest average
semantic similarities in the AOKVQA — VQA-Abstract scenario.
We can observe that queries with higher similarities exhibit more
pronounced distribution differences between the two domains.

discriminator D,,,ss to get their classification losses. We
also employ the BCE loss here. We multiply the classifica-
tion losses of the cross-modal queries obtained in this step
by the semantics-guided weight map to obtain the final loss
of SQFA, which is formulated as follows:

1 R
Lsqra=—— Z wi[dlogDeross(di) 3)
=1

+(1 = d)log(1 — Deross(4i))]

where w; refers to the i-th output cross-modal query’s cor-
responding weight. In summary, our proposed SQFA differ-
entiates domain-specific queries from learnable query out-
puts and conducts fine-grained cross-modal feature align-
ment controlled by a semantics-guided weight map, thus
reducing the domain shift in the cross-modal feature space.

4.3. Pair-wise Domain-aware Prompt Strategy

A suitable hard prompt strategy can lead to signifi-
cant performance improvements in both unsupervised zero-
shot inference (target domain) and supervised fine-tuning
(source domain) settings [3]. Therefore, it is crucial to in-
vestigate how different prompt strategies impact MLLMs’
UDA fine-tuning. We first investigate the impacts of sev-
eral of the most widely used prompt strategies on MLLMs’
zero-shot inference and UDA fine-tuning and then devise a
simple and practical pair-wise domain-aware prompt strat-
egy to aid MLLMs’ UDA finetuning.

Our devised pair-wise domain-aware prompt strategy
consists of three components, which are demonstrated as
follows: (1) Domain-agnostic task instruction. We use “Vi-
sual Question Answering” for VQA. (2) Domain-specific
style description. We carefully choose a style description
for the images in each dataset, such as “abstract images” for
VQA-Abstract. Detailed descriptions of datasets are pro-
vided in the supplementary material. To our knowledge, we
are the first to explore the impact of image style descriptions
on zero-shot VQA inference. (3) Formatted textual input of
each sample. We format the original question input by the
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Table 3. The upper right part of the table displays the calculated Maximum Mean Discrepancy (MMD) of the visual features of the
randomly selected samples of each pair of datasets, whereas the lower left part presents the MMD results of the textual features.

OKVQA | AOKVQA | VQA-Abstract | CLEVR
OKVQA - 0.063 0.096 0.256
AOKVQA 0.192 0.095 0.285
VQA-Abstract 0.224 0.062 - 0.288
CLEVR 0.194 0.064 0.065 -

strategy “Question: (question) Answer:”

When conducting UDA fine-tuning, we keep the task
description unchanged between domains and use different
domain-specific style descriptions for source and target do-
mains, prompting MLLMs to discern the commonality of
tasks and the distinctiveness of domains between diverse
inputs. During inference, we use the corresponding prompt
strategy of the target domain. This prompt strategy proves
to be effective in both zero-shot inference and UDA fine-
tuning and is also adaptable, as each component can be
modified according to data changes.

4.4. Overall Training Strategy

In this section, we illustrate our UDA fine-tuning strat-
egy based on MLLMs. We first reconstruct the ques-
tion input of the source and target datasets using our pair-
wise domain-aware prompt strategy. In terms of the la-
beled source domain data, we ask the MLLM to give free-
form answers and calculate the language modeling loss Ly,
with the predictions and the corresponding ground-truth an-
swers. For the target domain data (d = 1), since there are
no ground-truth labels, L;,,(F) = 0. For data from both
domains, we compute the corresponding losses for SCFA,
DQFA, and SQFA and control the weight ratio between
them through a hyperparameter . The adversarial training
loss Ly pans can be formulated as follows:

Lypam = aLsgra+ (1 — a)(Lscra + Lpora)  (4)
To summarize, the overall training objective is defined as:

mﬁin In[z)lXle (F) — ALUDAJM (F'7 D) (5)

where D represents the domain discriminators as well as f;
and f;. F' is a unified representation of the original train-
able modules in the MLLM. A stands for the weight of the
adversarial training loss Lypaps-

5. Experiments

5.1. Datasets

OKVQA [35] is currently the largest knowledge-based
VQA dataset, having 14031 images and 14055 questions
that require a variety of external knowledge resources to an-
swer. AOKVQA [39] is the successor of OKVQA, which

demands models’ visual-grounding reasoning ability and
also requires rich external knowledge to answer its ques-
tions. CLEVR [25] consists of synthetic images featuring
various objects, shapes, colors, and spatial relationships.
The dataset encourages models to understand and reason
about complex scenes through questions that involve com-
positional structures and relationships. VQA-Abstract [16]
is created with images depicting abstract scenes. Answering
questions in this dataset emphasizes a comprehensive and
detailed understanding of the abstract scenes. ArtVQA [13]
requires not only great comprehension of the given paint-
ings but also a profound knowledge of art history.

5.2. Cross-Domain Scenarios

OKVQA [35] and AOKVQA [39] are currently the most
widely used knowledge-based VQA datasets. We utilize
them as our source domain datasets because these two
datasets are relatively small in scale and contain a signifi-
cant amount of external knowledge.

We choose CLEVR [25] and VQA-Abstract [16] as our
target domain datasets based on the following considera-
tions: 1. They exhibit significant differences in the im-
age domain compared to common VQA datasets, which
presents challenges for UDA algorithms; 2. As shown by
Figure 4, since they have a much larger number of samples
than the source datasets, target performance gains can intu-
itively reflect the improvement of MLLMs’ capabilities.

To study the domain shifts among the above four
datasets, we utilize a pre-trained Qformer to extract fea-
tures from 5,000 randomly selected samples in each dataset.
Textual features are represented by the output of the [CLS]
token when only questions are input. When only an im-
age is provided, the average of all learnable query outputs
is used as the visual features representation. We employ
MMD to measure the differences in both textual and visual
features between any two datasets, with the results depicted
in Table 3. The results indicate that the four datasets exhibit
certain domain shifts in the two modalities. Therefore, we
design the following four cross-domain scenarios to carry
out our experiments: (1) OKVQA — VQA-Abstract; (2)
AOKVQA — VQA-Abstract; (2) OKVQA — CLEVR; (4)
AOKVQA — CLEVR.
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Table 4. The accuracies of fine-tuned BLIP2-Vicuna7B with different prompt strategies and prevalent UDA methods in four cross-domain
scenarios. The numbers in parentheses after the dataset names indicate the number of samples in the training set of the dataset.

| BLIP2(source) | BLIP2+DANN | BLIP2+MMD | BLIP2+MK-MMD | BLIP2+UDAM

OKVQA(9009)— VQA-Abstract(60000) Metric: VQA Accuracy (%)
1 qa 53.91 54.35 54.43 54.59 54.66

2 task-qa 54.05 54.10 54.16 54.25 54.56

3 | task-domain-qa 54.43 54.33 54.40 54.37 55.11
AOKVQA(17056)— VQA-Abstract(60000) Metric: VQA Accuracy (%)
4 qa 58.10 58.36 58.91 58.87 59.10

5 task-qa 58.23 58.42 58.34 58.27 58.74

6 | task-domain-qa 58.35 58.98 58.95 58.76 59.57
OKVQA(9009)— CLEVR(699989) Metric: Exact Match (%)
7 qa 35.89 35.26 35.53 35.78 36.43

8 task-qa 35.71 36.52 36.41 36.02 36.60

9 | task-domain-qa 37.42 37.32 37.36 37.23 38.01
AOKVQA(17056)— CLEVR(699989) Metric: Exact Match (%)
10 qa 36.91 37.22 36.33 36.87 37.60

11 task-qa 36.38 36.29 36.01 35.77 36.71

12 | task-domain-qa 37.01 37.77 36.27 36.87 38.21

5.3. Baselines

UDA for VQA based on MLLMs is unexplored to the
best of our knowledge. Inspired by previous works on
UDA for VQA [6,51, 58, 59] which mainly study the im-
pacts of MMD [46] and DANN [12] on various VQA mod-
els, we implement the following baselines for fair com-
parisons: 1. BLIP2 trained only on source data, show-
casing the inherent cross-domain capabilities of BLIP2; 2.
BLIP2+DANN. This baseline conducts feature alignment
on the final cross-modal queries with a domain discrimina-
tor, representing a straightforward adversarial-based feature
alignment method. 3. BLIP2+MMD. Inspired by Zhang et
al. [58], we curate a baseline that minimizes the Maximum
Mean Divergence (MMD) of the cross-modal queries be-
tween two domains, representing a discrepancy-based fea-
ture alignment method. 4. BLIP2+MK-MMD. Influenced
by Long et al. [33], we extended baseline 3 to implement
a version featuring multi-kernel MMD. We also compare
the effects of different prompt strategies on MLLMs’ UDA
fine-tuning with various UDA methods.

5.4. Evaluations

To evaluate VQA performance, we utilize the standard
VQA score [35]. Given a predicted answer a for a sin-
gle question g, assuming there are N ground-truth answers
for ¢, with S(a) of them being identical to the answer a,
the accuracy of a for the question g can be calculated as
Acc(a, q) = min( Sga) ,1). For VQA datasets [25] that only
have one answer for each question, we use the percentage
of questions with predicted answers that exactly match the
unique standard answer for VQA accuracy (i.e. the Exact
Match metric). Before performing string matching, we pre-
process predicted answers following Li et al. [29].

5.5. Implementation Details

We mainly use the Vicuna7B-based BLIP2 model and
initialize model weights from official pretrained check-
points. We adopt most of the hyperparameters mentioned
in [29] for fine-tuning VQA, except for the following dif-
ferences: we adopt a batch size of 4, with two samples from
each domain in every batch. Following [9], we only fine-
tune the parameters of the Q-Former and the FC Layer. We
use the image resolution of 224 x 224 during fine-tuning.
We set A and « to 0.003 and 0.9 in our experiments. All
experiments are conducted under the same random seed set-
tings and executed on a single V100 GPU.

5.6. Key Findings from Our Experiments

Q1: How do different hard prompt strategies ben-
efit the model’s zero-shot inference? We conduct zero-
shot VQA inference experiments using various hard prompt
strategies on four different datasets based on two BLIP2
variants, and the results are shown in Table 2. We first test
three common prompt strategies on two BLIP2 variants and
find that the “qa” and “short-qa” strategies show the best
performance on Vicuna7B-based BLIP2 and FlanT5XL-
based BLIP2. We can find that incorporating task instruc-
tion into the “qa” and “short-qa” strategies generally leads
to performance improvements. Further enhancement is ob-
served with the addition of domain-specific style descrip-
tions. Therefore, given the zero-shot inference experiment
results on two variants of BLIP2, we have validated that
each component of our domain-aware prompt strategy ef-
fectively boosts BLIP2’s zero-shot inference performance.

Q2: How do different hard prompt strategies benefit
the model’s UDA fine-tuning? We further perform UDA
fine-tuning with three different hard prompt strategies, as
shown in Table 4. We first fine-tune BLIP2 merely on the la-
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beled source data to explore how different prompt strategies
benefit BLIP2’s inherent cross-domain ability, as shown in
the “BLIP2(source)” column in Table 4. Under this setup,
our domain-aware prompt strategy achieves the best post-
finetuning performance across all cross-domain scenarios.
In the OKVQA — CLEVR scenario, using “task-domain-
ga” leads to a performance improvement of 1.71% com-
pared to “task-qa” and 1.53% compared to “qa”. The re-
sults of UDA finetuning with different prompt strategies
also demonstrate the necessity and effectiveness of each
component in our proposed prompt strategy.

Q3: How do different feature alignment methods en-
hance the model’s target performance? From Table 4,
we observe that the three baselines struggle to provide con-
sistent performance improvements across different scenar-
ios and prompt strategies, sometimes even resulting in de-
creased performance in certain cases. However, UDAM
achieves performance gains in most cases.

In all cross-domain scenarios, when employing our pro-
posed prompt strategy for UDA fine-tuning, all three base-
lines experience a decline in performance, whereas our pro-
posed UDAM still manages to enhance the performance fur-
ther. When using VQA-Abstract and CLEVR as target do-
mains, in conjunction with our domain-aware prompt strat-
egy, UDAM results in large performance improvements of
1.22% and 1.20%. Zhang et al. [S8] manage to bring a 1.3%
improvement from a baseline of 40.1% in the VQAV2 [16]
— VQA-abstract scenario. On the contrary, leveraging
AOKVQA, which has only 1/37 of VQAv2’s sample size,
we achieve a comparable level of improvement from a bet-
ter baseline (1.22% from 58.35%).

Q4: How do different labeled source domain datasets
benefit UDA finetuning? We observed that when the
model undergoes UDA fine-tuning with AOKVQA as the
source dataset, no matter what the target domain dataset is,
the final target performance tends to be higher, and the gains
from UDAM are also more significant. We attribute this
to the fact that AOKVQA has a larger data size and offers
more external knowledge than OKVQA. We believe that in
UDA finetuning, the larger the source domain dataset is and
the more knowledge it provides, the higher the final target
performance and the improvements brought by UDAM.

Ablation studies. Table 5 provides details on the re-
sults of the ablation studies. From the 3"4-4% row in Ta-
ble 5, it can be observed that SCFA and DQFA bring per-
formance improvements of 0.36% and 0.65%, respectively.
Their combination leads to a performance gain of 0.74%. It
can be observed from the 5™- 7t rows that SQFA also con-
tributes to improving BLIP2’s target performance. Without
employing SCFA or DQFA, directly using SQFA leads to
a performance improvement of 0.78%. Ultimately, UDAM
achieves a further improvement of 1.22% on a fine-tuning
baseline with an accuracy of 58.35%, surpassing the zero-

Table 5. Ablation studies of UDAM in the AOKVQA — VQA-
Abstract scenario using our domain-aware prompt strategy. The
2" is the performance after fine-tuning on only the source domain.

SCFA  DQFA SQFA  VQA Accuracy (%)

1 zero-shot inference result 53.93

2 58.35

3 v 58.71 (+0.36)
4 v 59.00 (+0.65)
5 v v 59.09 (+0.74)
6 v 59.13 (+0.78)
7 v v v 59.57 (+1.22)

shot inference accuracy of our domain-aware prompt strat-
egy by 5.64%. Compared to the zero-shot performance of
BLIP2 [29] using the “qa” strategy, UDAM significantly
boosts BLIP2’s performance on VQA-Abstract and CLEVR
by 11.03% and 14.66% at a very low cost, demonstrating
the feasibility of adapting MLLMs to an unlabeled new do-
main through UDA finetuning.

Extending to more MLLMs and more tasks We fur-
ther apply UDAM to BLIVA [21], which is a more perfor-
mant MLLM, to demonstrate its effectiveness and applica-
bility. The results are shown in Table 6. UDAM is funda-
mentally applicable to all multimodal tasks that MLLM can
handle, and we will explore more tasks in our future work.

Table 6. We present the VQA accuracy of BLIVA-Vicuna7B,
trained with different components of UDAM in the AOKVQA —
VQA-Abstract scenario. The results demonstrate that UDAM ef-
fectively enhances BLIVA’s performance.

VQA Accuracy (%)
BLIVA(source) 60.57
BLIVA + SCFA + DQFA 61.45 (+0.88)
BLIVA + SQFA 61.52 (+0.95)
BLIVA + UDAM 61.96 (+1.29)

6. Conclusion

This paper presents a comprehensive investigation into
the underexplored area of UDA for VQA based on MLLMs
in terms of feature alignment methods and prompt engineer-
ing strategies and proposes the first systematic approach
called UDAM. UDAM provides a feasible way to adapt
MLLMs to unlabeled new domains with very limited data.
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