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Abstract
Pretrained visual-language models have demonstrated impressive zero-shot abilities in image captioning, when
accompanied by hand-crafted prompts. Meanwhile, hand-crafted prompts utilize human prior knowledge to
guide the model. However, due to the diversity between different domains, such hand-crafted prompt that
provide invariant prior knowledge may result in mode collapse for some domains. Some researches attempted to
incorporate expert knowledge and instruction datasets, but the results were costly and led to hallucinations. In
this paper, we propose an unsupervised prompt learning method to improve Generalization of Image Captioning
(GeneIC), which learns a domain-specific prompt vector for the target domain without requiring annotated data.
GeneIC aligns visual and language modalities with a pre-trained Contrastive Language-Image Pre-Training
(CLIP) model, thus optimizing the domain-specific prompt vector from two aspects: attribute and semantic
consistency. Specifically, GeneIC first generates attribute-transferred images with differing attributes, while
retaining semantic similarity with original images. Then, GeneIC uses CLIP to measure the similarity between
the images and the generated sentences. By exploring the variable and invariant features in the original images
and attribute-transferred images, attribute consistency constrains the attribute change direction of both images
and sentences to learn domain-specific knowledge. The semantic consistency directly measures the similarity
between the generated sentences and images to ensure the accuracy and comprehensiveness of the generated
sentences. Consequently, GeneIC only optimizes the prompt vectors, which effectively retains the knowledge in
the large model and introduces domain-specific knowledge. Experiments show that GeneIC exhibits superior
generalization performance compared to state-of-the-art methods on multiple target domain datasets.

1 INTRODUCTION

Recent advances in pretrained Visual-Language Models
(VLMs) [1, 2, 3, 4, 5] have undergone significant advancements
and have achieved remarkable performance on different down-
stream tasks, such as image captioning [6, 7, 8], which aims to
automatically generate captions for images. Meanwhile, some
of these models [4, 5, 9, 10] have demonstrated impressive zero-
shot capability in image captioning, requiring only hand-crafted
prompts. This is highly beneficial, as it eliminate the model’s
dependence on downstream target domain image-text pair data,
thereby, providing a viable research solution for domain general-
ization image captioning, which is training on a source domain
and generalizing to any domain.

However, recent research [11, 12, 13, 14, 15, 16] indicates that
hand-crafted prompts might be suboptimal. On the one hand,
the model is sensitive to prompt, and slight variations in wording
could make a large difference in performance. Meanwhile, effec-
tive prompt crafting requires a comprehension of the previous
knowledge associated with downstream tasks and the underly-
ing mechanism of the model. On the other hand, when dealing
with data from different domains, such prompt guide the model
with the same prior knowledge, making it unable to adaptively
distinguish the differences between different domains and thus
overlooking the domain-specific knowledge of the target do-
main. This may lead to mode collapse. As shown in Figure
1, traditional methods utilized hand-crafted prompt. However,
hand-crafted prompts failed to take into account the distinct
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domain-specific knowledge present within each target domain
dataset, such as bird wing and beak features or flower colors,
which consequently make generated descriptions that lack diver-
sity and specialized knowledge. This hinders the development
of domain generalization for image captioning.

One of the tasks associated with domain generalization for im-
age captioning is cross-domain image captioning [19, 20, 21],
which is trained on a source domain and a small amount of target
domain data, and generalized to target domain. In details, [19]
explored a discriminator network in adversarial learning to eval-
uate the similarity between generated captions and target domain
captions. [20] was first pre-train model, and then fine-tuned
with a small amount of target domain dataset. [21] directly
integrated target domain information into the model. However,
it is important to note that these methods only generalize to one
specific target domain, which makes them less applicable than
domain generalization for image captioning. Moreover, exist-
ing cross-domain methods often require introducing additional
target domain image-caption priors to align the caption styles
between the source and target domains. For some scenarios
where data collection is challenging, such as art and medicine,
the viability of these methods may be negative.

Inspired by prompt learning research in Natural Language Pro-
cessing (NLP) [22, 23, 24], some studies [11, 13, 14, 12, 16]
attempted to automate prompt engineering in pretrained visual-
language models. Specifically, they modeled the context of
prompt with learnable vectors. For example, [11] used only
minimal amount of target domain data to learn a specific set
of context tokens for each domain. [13] designed learnable
prompts for both image and text modalities. While the methods
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a bird is perched on a
branch in a tree.

a bird sitting on a flower
in a forest.

CUB-200 Oxford-102Domain

BLIP2

Our

a brown and gray bird
with a black beak is
perched on a branch of a
tree in the forest. The bird
is looking to the left.

a bird stands on a flower
with pink petals and a
yellow center, with green
leaves in the background.

Figure 1: Example of mode collapse. Previous methods, such as
BLIP2, use hand-crafted prompt (e.g., “A photo of”) to generate
sentences for image from different target domains, such as CUB-
200 (bird data) [17] and Oxford-102 (flower data) [18]. The
generated sentences exhibit similar modes, and lacking descrip-
tions of domain-specific knowledge such as bird body features
and flower color attributes, resulting in limited diversity and low
quality. In contrast, our approach learns domain-specific prompt
vectors for different target domains by exploring both variable
and invariant features present in the target domain. This guides
the model to generate sentences that incorporate domain-specific
knowledge.

mentioned above have yielded favorable results, they still require
a small amount of target domain data optimization the prompt
vector. In addition, they have primarily centered around classi-
fication tasks, without taking into account the complexity and
dependence on context involved in sequence generation tasks.
To address this issue, other studies have attempted to incorporate
instruction tuning [25, 26] in generative visual-language models.
These methods fine-tune the model to enhance the recognition
of hand-crafted prompts. [10] collected a high-quality and well-
aligned dataset of conversations. [9] converted public datasets
into an instruction-caption format for fine-tuning the model.
However, it resulted in hallucination [27] and the resource con-
sumption, a more meaningful direction would be to combine
unsupervised learning for achieving domain generalization for
image captioning.

Motivated by this, this paper presents an unsupervised prompt
learning method to improve Generalization of Image Captioning
(GeneIC), which learns a domain-specific prompt vector for the
target domain without requiring annotated data. Unlike single-
modal tasks, the challenge of cross-modal unsupervised learning
lies in the heterogeneity between different modalities. To address
this issue, GeneIC utilizes a pre-trained CLIP model [2] to
project both visual and language content into a shared semantic
space. Domain-specific prompt vectors are then optimized from
two perspectives: attribute and semantic consistency. The former
learns domain-specific knowledge, while the latter aligns visual
and language content. Specifically, for attribute consistency,
GeneIC first generates attribute-transferred images, which are
obtained by modifying the feature maps of the original target

domain images in the autoencoder. These images have similar
semantics as the original, but with different attributes, like a
bird with black wings and a bird with blue wings. By exploring
the variable and invariant features in the original images and
attribute-transferred images, attribute consistency constrains the
attribute change direction of both images and sentences in the
CLIP space to learn domain-specific knowledge. For semantic
consistency, GeneIC directly minimizes the distance between
input images and generated sentences in the CLIP space to
ensure semantic consistency and produce accurate sentences.
Furthermore, to retain the knowledge in the pre-trained model,
GeneIC freezes the majority of the parameters in the model and
optimizes only the prompt vectors. Compared with methods
such as [9, 10], our approach requires fewer training resources.

In summary, the contributions of this paper can be summarized
as follows:

1. We explored an unsupervised prompt learning method
to improve generalization of image captioning, which
learns a domain-specific prompt vector for target do-
main without requiring annotated data. The prompt
vector is employed to guide the model to generate cap-
tions that incorporate domain-specific knowledge, thus
alleviates mode collapse.

2. We designed novel attribute and semantic consistency
to optimize the prompt vector. The former explore the
variable and invariant features in the target domain,
to constrains the attribute change direction of both im-
ages and sentences to learn domain-specific knowledge.
The latter directly enforces the semantic coherence be-
tween input images and generated sentences, thereby
enhancing the accuracy of generated sentences.

3. Based on prompt learning, our method utilizes
domain-specific prompt vectors instead of hand-crafted
prompts, achieving superior generalization perfor-
mance. Additionally, our method is more parameter-
efficient than traditional methods because it optimized
a small number of parameters.

The remainder of this paper is organized as follows. In Section 2,
we provide an overview of related work. In Section 3, each
module and loss item in GeneIC is introduced in details. In
Section 4, we present the experimental setup of GeneIC, and the
experimental results are analyzed. Finally, Section 5 provides a
brief summary of the paper.

2 RelatedWork

2.1 Domain Generalization for Image Captioning

Domain generalization for image captioning [28] aims to gen-
erate descriptions for target domain images in scenarios where
target domain annotations are not available. The major challenge
is seizing specific features in data of target domains. A related
task is cross-domain image captioning, which introduces the
target domain into the training process to alleviate domain shift.
For instance, [19] utilizes adversarial networks to discriminate
whether the generated captions correspond to the target domain.
[20] designed a multi-task learning strategy to optimize both
image captioning and image synthesis. [29] proposed a cross-
domain image captioning method based on a retrieval model
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to promote domain adaptation of the model. [21] proposed a
style-based cross-domain image captioning method that inte-
grates style information into the model. Compared with domain
generalization for image captioning, the task have the following
drawbacks. First, to align the source domain and target domain,
additional target domain caption priors or even a small quantity
of target domain image-text pairs must be introduced. However,
these methods are not applicable in some scenarios, such as art
and medicine, where gathering data is challenging. Secondly,
the model inference process is only capable of generalizing to
a single target domain, meaning that when a new target do-
main arises, the model must be retrained, which can be very
resource-intensive.

With the emergence of large-scale pre-training models, re-
searchers have proposed zero-shot image captioning. [30]
merged the CLIP and language model to complete zero-shot
image captioning in any domain without the need for training
the model. [31] aligned visual content through induction of
CLIP-induced score affecting the language model creation. [32]
proposed anchor enhancement to guide the generation model
to focus on fine-grained information in the representation of
CLIP. Despite the progress made, the performance of image
captioning in specific domains is still low and lacks descriptions
of domain-specific knowledges. One of the important reasons
for this issue is the large semantic gap between the CLIP model
and language model.

To address this issue, several studies [4, 33, 34, 5] have intro-
duced a joint training method of visual and language models
utilizing large-scale image-text paired datasets. These mod-
els have demonstrated impressive zero-shot abilities in image
captioning, when accompanied by hand-crafted prompts. For
example, [4] proposed a new cross-attention layer and inserted
it into pre-trained large language model to train the model on
billions of image-text pairs. [33] designed a large multimodal
language model that can process any interleaved text and im-
ages. [34] proposed a zero-init attention mechanism with zero-
gating, which can adaptively inject new instructional clues into
the language model. [5] used a lightweight query transformer
to bridge the visual and language models. However, recent re-
search [11, 12, 13, 14, 15, 16] presents that hand-crafted prompts
may suboptimal. On the one hand, the words highly influence
hand-crafted prompts, and slight variations in wording may have
a significant effect on results. On the other hand, hand-crafted
prompt, such as “A photo of”, result in strict constraints for
different target domain datasets, make models to generate ho-
mogeneous and low-quality captions (i.e., “mode collapse”).
To improve the model’s prompt robustness, [10, 9] developed
instruction datasets for fine-tuning the model. However, this
approach inevitably entails substantial resource consumption.
Additionally, research [27] has revealed that instruction datasets
may induce hallucinations.

2.2 Prompt Learning for Vision-Language Models

In recent years, Large Language Models (LLM) [35, 36, 37, 25]
have exhibited remarkable capabilities in generating language.
Efficiently fine-tuning the LLM model has become a hot research
topic in order to better generalize to downstream tasks. Among
them, prompt learning only trains additional prompt vectors
under the condition of frozen model parameters, which can

guide the model to better adapt to downstream tasks.

Inspired by prompt learning in Natural Language Processing
(NLP) [38, 39, 40], some studies [11, 13, 14, 41, 42] have at-
tempted to introduce prompt learning into multimodal visual lan-
guage models to replace hand-crafted prompts and improve clas-
sification performance on target domain data. Specifically, [11]
proposed a context-aware optimization method that uses learn-
able vectors to model contextual words in prompts. [13] de-
signed a multimodal prompt learning method, with visual and
text encoders learning prompt vectors separately. [14] used
a single-sample dynamic learning adaptive prompt in the test-
ing process. [41] proposed an unsupervised prompt learning
method to improve the transfer performance of the CLIP model.
[42] combines the advantages of textual and visual prompts and
proposes a unified prompt tuning method. The above methods
have achieved good performance in domain generalization for
classification tasks. However, compared with classification tasks,
image captioning [43, 44, 45] needs to consider the complexity
of text sequences and contextual dependencies, and is therefore
more challenging.

3 Methodology

In this section, we propose an unsupervised prompt learning
to improve generalization of image captioning, which learns a
domain-specific prompt vector for the target domain without
requiring annotated data. Compared with traditional methods,
our method has several advantages. First, we can generalize the
model to any target domain without the need for annotated data.
Second, we only optimize the prompt vectors, which can achieve
superior generalization performance at a lower computational
cost.

Next, we will provide a detailed introduction to this method.
Firstly, we introduce the data composition of the domain gen-
eralization for image captioning and the backbone model. Af-
terwards, we elaborate on the proposed framework in details,
including attribute consistency and semantic consistency.

3.1 Overview of GeneIC

In domain generalization for image captioning, only the target
domain image set X = {xi}

N
i=1 is used, without any labeled data,

where xi represents the i-th image. Without any loss of gener-
ality, GeneIC can take any state-of-the-art pre-trained visual-
language models. Considering the effectiveness, in this paper,
GeneIC takes BLIP2 [5] as backbone. BLIP2 is a powerful
visual-language model that is at the forefront of the field of
zero-shot learning. It has demonstrated remarkable proficiency
in overcoming challenges related to limited data availability
through its prompt-based ability to adapt rapidly to new tasks or
concepts. Next, we provide a concise overview of the training
and inference processes employed by BLIP2.

BLIP2 employs the pre-trained visual encoder and Large Lan-
guage Model (LLM), and trains a lightweight query transformer
to connect different modalities, which demonstrates remarkable
generality and efficiency. The visual encoder is based on the
CLIP model, which is trained on billions of image-text pairs
using contrastive loss and is highly effective in aligning vision
and language. In addition, the language model employs the
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Stage 1: Attribute Transfer of Intra-Domain Images

Stage 2: Unsupervised Prompt Learning

Figure 2: The illustration of GeneIC. In the first stage, the pre-trained CLIP model is used to cluster images in the target domain.
Then, two similar images are input into the pre-trained VQ-GAN model to extract feature maps, and their partial feature maps are
exchanged to achieve meaningful attribute transfer. Finally, attribute-transferred images are reconstructed. In the second stage, the
original image and the attribute-transferred image are input as an image pair into a pre-trained visual language model (e.g., BLIP2)
with frozen parameters to generate corresponding sentences. The images and sentences are projected into the same space using
CLIP, and the prompt vector is optimized through attribute consistency (La) and semantic consistency (Ls).

unsupervised-trained OPT [36] model family and the instruction-
trained FlanT5 [26] model family. This paper adopts pre-trained
OPT2.7B as the language model. Specifically, BLIP2 includes
two-stage training. In the first stage, BLIP2 combines the query
transformer (QFormer) with the frozen visual encoder to learn
representation through the proxy task, to retain critical visual in-
formation. In the second stage, the query transformer is attached
to the frozen LLM to generate text, and its output is linearly
projected to the embedding space of the LLM through a fully-
connected layer. These visual cues guide the generation process
and enable learning of visual-language alignment through gener-
ation loss. During the inference process, with image captioning
as an example, the test image (i.e., xi) is initially inputted into
the visual encoder and query transformer to produce the visual
embedding, vi. To ensure that the generated captions accurately
match the user’s intention, BLIP2 utilizes hand-crafted prompts
to guide the model. More specifically, the hand-crafted prompt
is projected into the embedding space of LLM. Together with
vi, they are then inputted into LLM for generating the captions.
The formula is expressed as follows:

vi = encoder(xi)
v̂i = concat(Wv ∗ vi,Wp ∗ p)
si = decoder(v̂i)

(1)

where the encoder comprises a pre-trained visual decoder and a
query transformer, with Wv symbolizing a fully connected layer
to facilitate mapping visual information to the LLM space. p

denotes hand-crafted prompt (e.g., “A photo of”) and Wp maps
p to the LLM space. The concatenated vector is denoted as v̂i,
which is then fed into the LLM decoder to generate the sentence
si.

However, recent research [11, 12, 13, 14, 15, 16] indicates that
models are very sensitive to hand-crafted prompts. Wording
can noticeably affect the performance. In addition, using hand-
crafted prompts to generate captions makes limited diversity
and low quality. The reason is that hand-crafted prompts cannot
adaptively guide the model to focus on domain-specific knowl-
edge when dealing with data from different domains, due to their
invariant prior knowledge. Taking inspiration from prompt learn-
ing [11, 12, 13, 14], a possible solution would be to learn prompt
vectors instead of to design hand-crafted prompt. As a result, we
propose an unsupervised prompt learning method (GeneIC), to
enhance the generalization ability of image captioning models.

Figure 2 is the pipeline of GeneIC, which includes two stages. In
the first stage, GeneIC achieves domain-specific attribute trans-
fer, generating images that are semantically similar to the origi-
nal images in the domain, but with different attributes. Specifi-
cally, GeneIC uses a pre-trained Vector Quantised Generative
Adversarial Network (VQ-GAN) [46] to project images into la-
tent space, and achieves attribute transfer between target domain
images by swapping partial feature maps between the same
mini-batch samples. To ensure meaningful attribute transfer,
GeneIC first clusters the test images of the target domain us-
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Figure 3: The pipeline of attribute transfer of intra-domain im-
ages. We begin by utilizing CLIP model to cluster images in
the target domain. This is to avoid introducing additional back-
ground noise. Then, we input two semantically similar images in
an encoder, resulting in two feature map sets. Next, we replace
the feature map that contains the main objectives knowledge
(i.e., the red box, which is retrieved from the feature map distri-
bution and corresponds to a red circle), to achieve meaningful
attribute modification. Finally, we input the modified feature
map into the decoder, to generate an image that incorporates the
modified features.

ing CLIP, with similar samples taken as a mini-batch. Then,
it explores the semantics of each feature map and replaces the
feature map of the main objectives (e.g., bird, instead of back-
ground). Finally, the attribute-transferred image is decoded. In
the second stage, a pair of images consisting of original images
and attribute-transferred images are inputted into a parameter-
frozen visual-language model. To better generalize the model
to the target domain, a learnable prompt vector is used instead
of hand-crafted prompt to guide the model to better focus on
the knowledge of the target domain. GeneIC uses CLIP to
project the input image and the generated sentence into the same
semantic space, optimizing the prompt vector with attribute con-
sistency (La) and semantic consistency (Ls). The former aims to
explore domain-specific attributes, while the latter focuses on
the all elements in the image. Next, we will provide a detailed
introduction of the two stages.

3.2 Attribute Transfer of Intra-Domain Images

While hand-crafted prompts (e.g., “A photo of") exhibit well
performance on source domain [5, 4, 33], they fail to adapt
efficiently to target domains with significant domain shift from
the source domain [11, 13, 14]. Hand-crafted prompts lack the
ability to distinguish between the source and target domains.
Thus, they often overlook fine-grained attributes in the target
domain and produce rough captions to describe the images.

To capture domain-specific attributes more accurately, it is in-
tuitive to learn attribute differences among target domain im-
ages. In this paper, we propose an unsupervised image attribute
transfer method that employs feature map swapping to produce
images with semantic similarities but different attributes for the
target domain images. By examining the attribute modifications
between the original images and the attribute-transferred im-
ages, the model can learn domain-specific attributes. In order
to obtain meaningful attribute transfer, we explore the feature
maps in the latent space. Previous studies [47, 48] suggest that
information represented by diverse feature maps in convolu-

tional neural networks is distinct, for example, color, texture,
and edges. Therefore, we concentrate on the feature maps of the
main objectives (e.g., birds in CUB-200 dataset) in the target
domain images, and obtain meaningful attribute transfer by mod-
ifying the feature maps. To ensure the quality of reconstructed
images, we use the pre-trained VQ-GAN [46] as the backbone.

As shown in Figure 3, we begin by clustering the target domain
images using the CLIP model. This is to avoid introducing
additional background noise. Then, we input two similar images
into the encoder as a batch to obtain the feature map sets fi
and f j. We exchange attributes of semantically similar images
only, which helps avoid producing meaningless noise attributes
resulting from large semantic differences.

{ fi, f j} = encoder
(
xi, x j

)
, { fi, f j} ∈ Rl∗w∗c (2)

where xi and x j represents similar images from the target do-
main, fi and f j represents a set of feature maps, and l, w and c
represents the length, width and channels of the feature maps.

Based on [47, 48], we extract the feature map of the main ob-
jectives, replacing it with the feature map of a similar image
to accomplish meaningful attribute modification. Figure 3 il-
lustrates the feature map transfer operation, which showcases
this process. By tsne [49] visualizing the distribution of feature
maps in the target image, we observed that the main objectives
feature maps are concentrated in the upper right corner of the
distribution (i.e., the red circle). The visualization of the feature
maps verifies this conclusion, as the feature maps represented by
the red circle show more attention to the main objectives com-
pared to other regions in the distribution. Through modifying
these feature maps, we can attain attribute modifications of the
main objectives in the image. Therefore, we use feature maps
from similar images in the same positions to substitute these
feature maps and achieve attribute modifications. The feature
map exchange process is as follows:

{ f r
i , f r

j } = retrieval
(

f j, fi

)
, { f r

i , f r
j } ∈ R

l∗w∗cr

f ′i = transfer
(

fi, f r
i , f r

j

)
, f ′i ∈ R

l∗w∗c
(3)

where the retrieval operation involves retrieval for feature maps
that contain information about the main objectives, specifically
in the top-right corner of their distribution. cr ∈ c denotes the
number of feature maps that contain information about the main
objectives. The transfer operation involves replacing the original
set of feature maps, fi, with f r

i , using the feature maps f r
j from

similar images at the same position.

Finally, we input the new feature map set into the decoder.

x′i = decoder
(
f ′i
)

(4)

where f ′i represents the set of feature maps used for attribute
transfer, while x′i represents the generated attribute-transferred
image.

3.3 Unsupervised Prompt Learning

To enhance generalization to downstream tasks, downstream
data is typically used to fine-tune pre-trained models and align
the source domain distribution with the target domain distribu-
tion. Two issues arise in this method. The first issue pertains to
constructing a supervised downstream dataset. The construction
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of paired data comprising images and text necessitates signif-
icant resources. The second concern is fine-tuning large-scale
models. Previous research suggests [40, 50] that fine-tuning
large-model parameters on small-scale downstream data can
result in catastrophic forgetting.

Therefore, we propose an unsupervised prompt learning method
to improve generalization of image captioning. It freezes all the
parameters of a pretrained model and only utilizes unlabeled
target domain images to optimize prompt vectors. As shown in
the second stage of Figure 2, where two loss functions are em-
ployed to optimize the prompt vector: attribute consistency La
and semantic consistency Ls. The former learns domain-specific
attribute knowledge, while the latter ensures the accuracy and
comprehensive of generated sentences. Subsequently, we will
provide a detailed explanation of prompt learning and two kinds
of unsuperivsed loss: attribute consistency La and semantic
consistency Ls.

3.3.1 Prompt Learning

Traditional large visual-language models typically depend on
hand-crafted prompts to differentiate downstream tasks. For
example, BLIP2 utilizes the phrase “A photo of" as hand-crafted
prompt in image captioning, showcasing exemplary zero-shot
performance on the MSCOCO [51] and Flickr30k [52] datasets.
However, hand-crafted prompts underperform in target domain
datasets that exhibit significant differences from source domain,
as they are incapable of adaptively focusing on fine-grained
attributes within the target domain.

Inspired by [11, 12, 13], we construct learnable prompt vec-
tors that adaptively learn domain-specific knowledge. The pre-
trained BLIP2 serves as our backbone model. While training, we
freeze all model parameters and only optimize learnable prompt
vectors. More specifically, pv, a prompt vector randomly ini-
tialized, is concatenated with visual embedding vi and inputted
together into the language decoder to generate corresponding
captions, si. The formula is expressed as:

vi = encoder(xi)
v̂i = concat(Wv ∗ vi, pv)
si = decoder(v̂i)

(5)

To learn domain-specific knowledge, we introduce two kinds
of unsuperivsed loss to optimize the prompt vector: attribute
consistency and semantic consistency.

3.3.2 Attribute Consistency

Examining the disparities between target domain images, par-
ticularly those that exhibit semantic similarities but vary in at-
tributes, is an intuitive approach for acquiring domain-specific
knowledge. For instance, within the CUB-200 dataset, birds
manifest distinct colors, necessitating a focus on the alterations
in their attributes rather than those in the background. When an
image’s attributes undergo modification, the generated sentences
should align with these alterations. Utilizing this concept, we de-
vised an unsupervised attribute consistency loss. Specifically, we
employ the original image (i.e., xi) and the attribute-transferred
image (i.e., x′i) from the target domain, as input image pairs for
the model. To precisely calculate attribute changes and ensure
the consistency of heterogeneous modes, we extract the features

of input image pairs and generated sentences with pre-trained
CLIP model. By projecting images and captions into the same
semantic space with CLIP, we are able to directly compare the
two heterogeneous modalities. Attribute transfer consistency is
defined with the following equation:

∆Vi =Norm (v̄i) − Norm
(
v̄′i
)

∆Si =Norm (s̄i) − Norm
(
s̄′i
) (6)

where v̄i, v̄′i = CLIPV

(
xi, x′i

)
represent the original image and

attribute transfer image features extracted using CLIP, and
s̄i, s̄′i = CLIPT

(
si, s′i

)
represent the corresponding caption fea-

tures. ∆Vi and ∆Si represent the attribute changes between
images and captions, respectively. Norm (·) represents L2 nor-
malization. We use the La constraint to ensure consistency
between the attribute changes of images and sentences, and by
explore variable and invariant features to learn domain-specific
knowledge.

La = E
n∑

i=1

(
1 −
∆Vi · ∆Si

|∆Vi| |∆Si|

)
(7)

where n is the batch size.

3.3.3 Semantic Consistency

Recent research [53] demonstrates that matching scores the
image and text based on CLIP can increase the diversity and
accuracy of captions generated. This enhancement is achieved
through direct measurement of the correlation between the input
image and the generated sentences. Thus, we propose a semantic
consistency loss. By leveraging knowledge in an open world,
we aim to enhance the quality and comprehensive of generated
captions. The formula for the semantic consistency loss term is
expressed as follows:

Ls = E
n∑

i=1

(
1 −

v̄i · s̄i

|v̄i| |s̄i|

)
(8)

3.3.4 Total Loss

In summary, we define the total loss by combining the Eq. 7 and
Eq. 8:

L = La + βLs (9)
where β is a hyperparameter designed for the trade-off of the
two loss terms. While calculating the loss function L, it is im-
portant to note that some operations involved in the process are
non-differentiable, such as sampling the probability distribution
to retrieve words. Thus, to ensure the update of the gradient,
following [54, 53], we optimize the model with REINFORCE
algorithm [55] with a self-critical baseline.

L = −E
[
r (∆Vi,∆Si) + βr (v̄i, s̄i)

]
(10)

where r (ai, bi) = E
∑n

i=1

(
ai·bi
|ai ||bi |

)
is the score of attribute and

semantic consistency. The gradient of L can be approximated as
follows:
∇θL ≈(

r
(
∆Vi,∆Ss

i

)
− r

(
∆Vi,∆Sg

i

))
∇θ log Pθ

(
ss

i | xi

)
+

(
r
(
v̄i, s̄s

i

)
− r

(
v̄i, s̄

g
i

))
∇θ log Pθ

(
ss

i | xi

) (11)

where ss
i is a sampled caption, r

(
ai, bs

i

)
and r

(
ai, b

g
i

)
define the

samplely decoded score and the greedily decoded score obtained
from the current model, respectively.
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4 Experiments

4.1 Datasets

In this paper, we compare two types of models aimed at im-
proving the generalization ability on image captioning tasks:
multimodal large language models (MLLMs) [30, 4, 5, 10, 9]
and cross-domain image captioning models [19, 20, 56, 57,
29]. MLLM is trained on web-scale datasets, including
MSCOCO [51], Visual Genome [58], CC3M [59], CC12M [60],
SBU [61], and LAION400M dataset [62], and has achieved
remarkable zero-shot ability on different downstream tasks.
Cross-domain method utilizes the MSCOCO dataset [51] as
the source domain and combines a limited quantity of data
from a single target domain for joint training, thereby ampli-
fying the model’s performance within the target domain. This
includes Dual learning [56], Multi-task [20], Instance [57], Re-
trieval [29], SCIC [21] and LSML [28]. Among them, LSML
explore domain generalization for image captioning, and our
method follows a similar setup.

In order to conduct a quantitative comparison between GeneIC
and the comparison methods, we selected CUB-200 [17] and
Oxford-102 [18] as the target domains due to their substantial
domain shifts when compared to the source domain data. More
specifically:

CUB-200 It consists of 11,788 bird images from 200 different
categories, each with 10 caption annotations. We followed
the data splitting method described in [21] and selected 5,788
images as the test set.

Oxford-102 It comprises 8,189 flower images distributed
across 102 categories, and each image contains 10 captions.
Our preferred data splitting method, outlined in [21], guided our
selection of 1,000 images for the test set.

In addition, we also used more images with large domain shift
to qualitatively demonstrate the effectiveness of our method,
including Food101 [63], StanfordCars [64], which are not anno-
tations. We randomly selected 1,000 images as the target domain
test set. These dataset cover different scenarios including an-
imals, plants, machines, and food, forming a comprehensive
evaluation benchmark.

4.2 Training Details

GeneIC is a universal framework. To demonstrate the superior-
ity of this framework, we selected the current state-of-the-art
zero-shot image captioning method as the backbone, namely
BLIP2 [5], and utilizing OPT2.7B as the decoder. Meanwhile,
the number of learnable prompt vectors in GeneIC is set to
M = 8, and the training image count amounts to N = 1, 000.
The learnable prompt vectors of GeneIC are randomly initialized
by drawing from a Gaussian distribution with zero-mean and
standard deviation equal of 0.02. In Formula 9, the hyperparam-
eter β is set to 0.5. The model is built upon the open-source code
of BLIP2. 1 During the training process, we use AdamW [65]
as the optimizer and set the epoch and batchsize to 30 and 10,
with an initialized learning rate of 5 × 10−4, which is decayed
by the cosine annealing rule.

1https://github.com/salesforce/LAVIS/tree/main/
projects/blip2.

4.3 Baseline Methods and Evaluation Metrics

In this paper, we compare GeneIC with two baseline meth-
ods: Multimodal Large Language Models (MLLMs) and cross-
domain image captioning models. MLLMs achieve zero-shot
generation by utilizing hand-crafted prompt. Among them, Ze-
roCap [30] directly bridges the visual encoder and the language
decoder without requiring additional training. Flamingo_9B [4],
BLIP2_6.7B and BLIP2_2.7B [5] employ joint training of the vi-
sual encoder and the language decoder. MiniGPT4_7B [10] and
InstructBLIP_7B [9] perform additional fine-tuning of the mod-
els based on BLIP2 by utilizing meticulously crafted instruction
datasets. Adhering to the original settings of the baseline meth-
ods, for ZeroCap, Flamingo, BLIP2_6.7B, and BLIP2_2.7B,
we employ “A photo of” as the hand-crafted prompt. For
MiniGPT4_7B and InstructBLIP_7B, we used “Describe this
image in detail." as the hand-crafted prompt. Further relevant
details will be discussed in Appendix A. Cross-domain methods
entail joint training on the source domain data (i.e., MSCOCO)
along with a limited amount of target domain data, enabling
cross-domain image captioning. Due to the unavailability of
source code for certain baseline methods, we solely present the
result provided in the original papers of those methods.

This paper examines the quality of generated sentences through
three dimensions: supervised metrics, diversity metrics, and un-
supervised metrics. Supervised metrics encompass conventional
evaluation metrics for image captioning, such as BLEU [66],
METEOR [67], ROUGE-L [68], and CIDEr [69]. These metrics
assess the degree of alignment between generated sentences and
ground truth, utilizing n-gram methods. Due to the inclusion of
fine-grained target domain object descriptions in human annota-
tions, such as the color of birds, it becomes essential to employ
supervised metrics directly for evaluating the accuracy of the
generated sentences. Diversity metrics quantify the diversity
exhibited by generated sentences. Following [30], in this pa-
per, Vocab, %Novel, and Length are employed as indicators to
assess the model’s capacity for diversity. Specifically, Vocab
corresponds to the vocabulary size, %Novel denotes none of
the generated sentences appear in the training set, and Length
represents the average sentence length. Furthermore, we define
%Unique as the proportion of generated sentences without any
repetition. Unsupervised metrics directly capture the similarity
between input images and generated sentences. A typical metric,
CLIP-S [53], quantifies the cosine similarity between features
of images and sentence extracted from pretrained CLIP model.

4.4 Quantitative Analysis

Comparison with MLLMs Table 1 reports the results of
GeneIC and MLLMs on the CUB-200 and Oxford-102 datasets.
GeneIC’s default settings are M = 8 and N = 1000, where
M indicates the number of learnable prompt vectors, and N
represents the number of target domain images. The results
show that 1) ZeroCap underperforms other methods on most
metrics, indicating that merely bridge single modal visual and
language models is insufficient for effectively aligning visual
and language modalities, and it lags behind multimodal meth-
ods trained on image-text pairs. 2) GeneIC exhibits superiority
over Flamingo_9B and BLIP2_6.7B in supervised metrics, de-
spite the latter having larger model sizes. Specifically, when
compared to BLIP2_6.7B, GeneIC achieves improvements of
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Table 1: Comparison with Multimodal Large Language Models (MLLMs) on CUB-200 and Oxford-102 datasets.
Supervised Metrics Diversity Metrics Unsupervised Metric

Method B@1 B@2 B@3 B@4 METEOR ROUGE-L CIDEr Vocab %Novel Length %Unique CLIP-S

CUB-200
ZeroCap 9.5 1.8 0.4 0.1 3.9 11.5 1.9 50,257 100% 8.8 96.6% 76.4
Flamingo_9B 20.9 8.6 2.9 1.6 9.0 21.6 7.3 32,000 100% 10.8 73.7% 79.4
BLIP2_2.7B 18.5 6.8 2.8 1.2 8.5 20.8 6.8 50,272 100% 11.2 74.4% 78.9
BLIP2_6.7B 22.9 9.0 3.9 1.7 9.8 22.4 8.1 50,272 100% 11.2 73.9% 81.1
MiniGPT4_7B 9.2 3.0 1.9 0.0 9.8 17.0 0.0 32,000 100% 92.3 99.8% 56.6
InstructBLIP_7B 8.4 2.9 1.2 0.0 9.3 16.5 0.0 32,000 100% 95.3 99.6% 56.8
GeneIC 24.3 11.4 5.8 3.1 11.0 24.3 20.1 50,272 100% 18.6 81.2% 79.7

Oxford-102
ZeroCap 13.5 2.8 0.4 0.0 5.3 11.0 3.2 50,257 100% 9.3 96.1% 59.8
Flamingo_9B 23.2 7.4 2.7 1.0 10.9 18.2 13.3 32,000 100% 10.9 52.3% 78.5
BLIP2_2.7B 22.5 7.0 2.6 1.0 10.2 17.9 12.9 50,272 100% 11.2 68.2% 78.4
BLIP2_6.7B 23.4 7.1 2.7 1.1 10.8 18.7 14.8 50,272 100% 11.4 51.2% 79.1
MiniGPT4_7B 7.3 2.8 1.1 0.0 11.6 12.4 0.0 32,000 100% 94.7 97.6% 53.4
InstructBLIP_7B 8.5 2.5 0.8 0.0 11.2 12.3 0.0 32,000 100% 97.5 97.5% 55.4
GeneIC 24.2 7.6 3.0 1.3 11.1 19.0 15.6 50,272 100% 13.7 76.3% 79.6

Table 2: Comparison with Cross-domain methods on CUB-200 and Oxford-102 datasets. “-” represents the results have not been
given in the raw paper.

Supervised Metrics Diversity Metrics Unsupervised Metric

Method B@1 B@2 B@3 B@4 METEOR ROUGE-L CIDEr Vocab %Novel Length %Unique CLIP-S

CUB-200
Dual learning - - - - - - - - - - - -
Multi-task 92.3 83.2 70.6 57.5 37.4 72.0 77.3 812 73.5% 9.5 58.5% 78.2
Instance 90.9 81.2 53.2 32.9 27.9 58.9 25.9 - - - - -
Retrieval 95.3 83.9 72.0 61.6 36.6 69.3 76.7 - - - - -
SCIC 93.8 81.6 71.4 61.1 36.9 70.7 78.2 - - - - -

LSML 20.4 8.0 3.2 1.3 10.2 20.9 9.6 - - - - -
GeneIC 24.3 11.4 5.8 3.1 11.0 24.3 20.1 50,272 100% 18.6 81.2% 79.7
Oxford-102
Dual learning 91.2 84.4 77.1 71.6 43.0 82.4 79.7 - - - - -
Multi-task 91.0 83.8 78.4 72.1 45.3 82.9 89.2 1,509 70.2% 10.2 67.7% 77.4
Instance 85.9 77.2 67.9 61.1 36.5 72.9 29.2 - - - - -
Retrieval 96.6 91.8 86.0 80.2 42.2 77.8 87.3 - - - - -
SCIC 92.7 85.4 78.9 74.1 46.6 84.9 90.8 - - - - -

LSML 19.4 5.9 2.2 0.9 9.7 18.0 14.4 - - - - -
GeneIC 24.2 7.6 3.0 1.3 11.1 19.0 15.6 50,272 100% 13.7 76.3% 79.6

12.0 and 0.8 on the CIDEr metrics, respectively, for the CUB-
200 and Oxford-102 dataset. This phenomenon suggests that
hand-crafted prompt (i.e.,“A photo of”) cannot guide the model
adaptively to focus on domain-specific attributes in the target
domain. Hand-crafted prompt direction fail to enable generaliza-
tion of the model to target domains with significant domain shifts
from the source domain. 3) Regarding diversity metrics, GeneIC
generates longer sentences and higher %Unique compared to
Flamingo_9B, BLIP2_6.7B and BLIP2_2.7B. This phenomenon
indicates that the sentences generated by GeneIC contain more
informative content. 4) As for unsupervised metrics, on the
CUB-200 dataset, GeneIC slightly outperforms Flamingo_9B
and BLIP2_2.7B, but falls behind BLIP2_6.7B. This discrep-

ancy that compared to supervised metrics can be attributed to
the human annotations in the CUB-200 dataset, which primarily
focus on describing birds while neglecting the surrounding envi-
ronment. Consequently, supervised metrics prioritize measuring
the accuracy of the main objects in the target domain images.
In contrast, CLIP-S provides a comprehensive evaluation of all
the content in the images. GeneIC ensures the comprehensive
generation of sentences while giving emphasis to the description
of the main objects in the target domain images. Conversely, on
the Oxford-102 dataset, GeneIC achieves the best performance
across all metrics. This advantage stems from the fact that the
images in the Oxford-102 dataset are usually close-ups of flow-
ers. 5) MiniGPT4_7B and InstructBLIP_7B construct additional
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Table 3: Comparison with Multimodal Large Language Models (MLLMs) on Food101 and StanfordCars datasets.
StanfordCars dataset

ZeroCap Flamingo_9B BLIP2_2.7B BLIP2_6.7B MiniGPT4_7B InstructBLIP_7B GeneIC

CLIP-S 73.9 78.5 77.9 79.4 50.8 51.0 79.1

Food101 dataset

ZeroCap Flamingo_9B BLIP2_2.7B BLIP2_6.7B MiniGPT4_7B InstructBLIP_7B GeneIC

CLIP-S 71.9 80.3 79.8 80.6 52.7 53.3 81.1
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Figure 4: Investigations on the number of prompt vectors and training images. N denotes number of training images. The black
dots represent the results of the baseline method BLIP2_2.7B.

instruction datasets for fine-tuning the models, leading to the
generation of sentences that different style from the ground-truth
human annotations and are longer in length. Consequently, they
demonstrate inferior performance on most evaluation metrics.
To ensure a fair comparison, we provide the generated examples
of MiniGPT4_7B and InstructBLIP_7B in Appendix D, accom-
panied by further discussions. However, it is noteworthy that,
unlike MiniGPT4_7B and InstructBLIP_7B, GeneIC does not
require any annotated data. Additionally, during the training
process, GeneIC freezes most of the model parameters and only
optimizes the prompt vectors, significantly reducing training
costs.

Comparison with Cross-domain Methods Table 2 presents
the results of GeneIC and cross-domain methods on the CUB-
200 and Oxford-102 datasets. The results indicate that GeneIC
performs worse than the comparison methods that utilize target
domain data in terms of supervised metrics. This result can be
attributed to distinct language styles. Evaluating the matching
degree between generated sentences and ground truth within a
specific word range is necessary for supervised metrics. There-
fore, in the presence of substantial differences in language styles,
even if the generated sentences accurately convey the intended
meaning, they may receive lower scores. The comparison meth-
ods that utilize target domain data have a clear advantage in
aligning language styles as they incorporate training data that
closely resembles the ground truth annotations. It is noteworthy
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Table 4: The performance of different loss terms on CUB-200 and Oxford-102 datasets.
La Ls B@1 B@4 METEOR ROUGE-L CIDEr CLIP-S

C
U

B ✓ 25.2 2.7 10.3 23.1 17.9 73.5
✓ 21.6 1.8 9.8 21.6 8.1 84.1

✓ ✓ 24.3 3.1 11.0 24.3 20.1 79.7

O
xf

or
d ✓ 23.7 1.0 10.3 18.3 14.7 79.0

✓ 22.5 0.9 10.2 17.9 13.8 79.3
✓ ✓ 24.2 1.3 11.1 19.0 15.6 79.6

Table 5: The performance of different attribute-transferred image construction methods on CUB-200 and Oxford-102 datasets.
B@1 B@4 METEOR ROUGE-L CIDEr CLIP-S

C
U

B

Random 21.6 2.4 9.9 20.3 8.6 80.0
Augmentation 20.0 1.8 9.2 19.1 7.5 76.1

Cluster 22.3 2.6 10.7 21.3 11.3 80.6
GeneIC 24.3 3.1 11.0 24.3 20.1 79.7

O
xf

or
d Random 21.4 0.7 9.3 17.5 12.8 76.7

Augmentation 20.2 0.7 9.2 17.1 12.3 76.0
Cluster 22.5 1.1 9.9 18.4 14.2 78.9
GeneIC 24.2 1.3 11.1 19.0 15.6 79.6

that GeneIC exhibits significant advantages in terms of diversity
metrics and unsupervised metrics. This phenomenon indicates
that the sentences generated by GeneIC exhibit greater diversity
and comprehensiveness. In contrast, when there is no target
domain data available, GeneIC outperforms LSML in terms of
supervised metrics. This resulting demonstrates that GeneIC
exhibits superior generalization capability.

The Results on Food101 and StanfordCars Datasets Ta-
ble 3 only reports the unsupervised metrics results of GeneIC
and MLLMs on the StanfordCars and Food101 datasets, as these
datasets lack ground-truth annotations. Cross-domain meth-
ods cannot directly generalize to target domain data without
human annotations, as they are required during the training pro-
cess. This limitation hampers the applicability of cross-domain
methods. In contrast, GeneIC demonstrates the ability to gen-
eralize to any target domain with only a small number of im-
ages. Moreover, the results in Table 3 demonstrate that GeneIC
achieves similar result to that in Table 1 on the StanfordCars
and Food101 datasets. On the StanfordCars dataset, GeneIC
slightly underperforms BLIP2_6.7B. However, on the Food101
dataset, GeneIC achieves the best results. This is because the
StanfordCars dataset contains more background information,
while the Food101 dataset typically focuses on close-up shots
of food.

4.5 Influence of Prompt Vectors Length and Number of
Training Images

To examine the influence of prompt vectors length and the num-
ber of target domain images on the model, we conducted ex-
periments with various parameters using the CUB-200 dataset.
Specifically, we concurrently varied the number of prompt vec-
tors M = {1, 2, 4, 8, 12} and the number of training images
N = {100, 500, 1000}. The results are depicted in Figure 4,
where the black dots represent the results of the baseline method

BLIP2_2.7B.

In terms of supervised metrics, GeneIC demonstrates a trend of
performance that initially increases and then decreases. Taking
the CIDEr metric as an example, when the M = 1, GeneIC
trained on different quantities of target domain image sets yield
similar scores. This phenomenon arises from the inability of
shorter prompt vectors to capture complex semantics. Conse-
quently, when the M = 2, the model demonstrates a similar
trend. Substantial variations in model performance are observed
across diverse training data configurations as the number of
prompt vectors continues to increase, specifically at M = 4. As
the quantity of training data increases, performance improves
accordingly. Nevertheless, when confronted with longer vector
lengths and limited training data, the model’s performance may
deteriorate further, falling below the level achieved by models
utilizing shorter vectors. This phenomenon implies that longer
prompt vectors necessitate a larger amount of training data to
converge. It is noteworthy that with M = 1, an increase in
training data actually results in decreased performance. We
believe this phenomenon to the limited capability of shorter
vectors in capturing the diverse attributes of the target domain
dataset. When M = 12, the model exhibits the poorest perfor-
mance across all configurations. This can be attributed to two
factors. Firstly, the excessively long prompt vectors introduce
variable-length sequences that pose challenges to the autoregres-
sive model, deviating from its pre-training process. Secondly,
the prompt vectors suffers from overfitting to the data.

On the unsupervised metric CLIP-S, we observed a decrease
in model performance when N = 1, 000, in contrast to the re-
sults obtained from the supervised metrics. This discrepancy
can be attributed to the nature of CLIP-S, which evaluates the
similarity between generated sentences and all elements present
in the input images. In contrast, the supervised metrics primarily
evaluate the correlation between generated sentences and main
objects in the images, such as birds and flowers, disregarding the
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Table 6: The retrieval and generated words for each of the 8 prompt vectors learned by GeneIC, and the retrieval distance shown in
parentheses. N/A means non-Latin characters.

CUB-200 Oxford-102 StanfordCars Food101

# Retrieval Generate Retrieval Generate Retrieval Generate Retrieval Generate

1 N/A (1.3865) a Honestly (1.4644) a Honestly (1.4595) a N/A (1.4939) a
2 N/A (1.4178) a Honestly (1.4610) a N/A (1.4609) a N/A (1.4715) a
3 N/A (1.4195) bird N/A (1.4729) a N/A (1.4474) a Honestly (1.4701) a
4 Yeah (1.4302) a N/A (1.4172) flower Honestly (1.4198) car N/A (1.4694) dish
5 Honestly (1.4128) a Yeah (1.4910) a Despite (1.4326) a N/A (1.4576) of
6 N/A (1.3905) a Despite (1.4985) the N/A (1.4140) a Despite (1.4478) sc
7 N/A (1.3928) A N/A (1.5002) a N/A (1.4113) a Yeah (1.4336) of
8 N/A (1.3747) the N/A (1.4546) is Yeah (1.4112) a N/A (1.5096) of

GeneIC: a small red and black bird with

white markings on its head and neck. It is

perched on a branch of a tree.

BLIP2_2.7B: a red bird sitting on a tree

branch.

BLIP2_6.7B: a red bird perched on a

branch of a tree.

GT: this is a small red bird with black

wings and a yellow beak.

GeneIC: a small black bird with red eyes

perched on a dead tree branch.

BLIP2_2.7B: a black bird perched on a

branch of a tree.

BLIP2_6.7B: a black bird perched on a

branch with red eyes.

GT: the bird has a red eyering as well as a

black tarsus.

GeneIC: a white flower with a yellow

center in a green plant.

BLIP2_2.7B: a white flower is growing in

a green plant.

BLIP2_6.7B: a close up of a white flower

in a garden bed.

GT: this flower has five white pointed

petals with a center stamen of light yellow.

GeneIC: this orange and black spotted

flower with long stamen.

BLIP2_2.7B: a yellow flower with green

leaves near a body of water.

BLIP2_6.7B: a close up of a flower with

red petals and green leaves.

GT: this a on orange flower with purple

spot, white and red stamen and a red style.

GeneIC: a car on the beach with a bike

rack on top of it. The car is black and has a

red stripe on the side of it.

BLIP2_2.7B: a car parked on the beach

with a bike rack on top.

BLIP2_6.7B: a car parked on a dirt road

with a ski rack on top

GeneIC: a silver minivan parked in a

parking space with a black suv and a black

truck in the background. The minivan has

a roof rack.

BLIP2_2.7B: a silver minivan parked in a

parking space.

BLIP2_6.7B: a van parked in a parking

space with a parking meter.

GeneIC: beef with a mustard sauce on a

white plate with a wine glass on the table.

BLIP2_2.7B: a plate of food with a sauce

and a glass of wine.

BLIP2_6.7B: a plate of food on a table

with a glass of wine.

GeneIC: bread with olive and tomato

relish on a plate with a cup of coffee and a

napkin.

BLIP2_2.7B: a plate of food with bread

and vegetables.

BLIP2_6.7B: a plate of food on a table

with a cup of coffee.

Figure 5: Examples of captions generated by GeneIC and baseline models as well as the corresponding ground truth (GT is one of
the 10 given annotated captions).

image background. This is determined by the ground-truth anno-
tation. Consequently, as the model undergoes extensive training,
the performance of CLIP-S inevitably diminishes, necessitating
a trade-off between comprehensiveness and specificity. Nonethe-
less, it is noteworthy that GeneIC consistently surpasses the
performance of the baseline methods.

4.6 Ablation Study

To validate the effectiveness of each introduced module in this
paper, we conducted comprehensive ablation experiments on the
CUB-200 and Oxford-102 datasets.

Semantic and Attribute Consistency Table 4 presents the ab-
lation results of different loss terms. The findings reveal that La
demonstrates superior performance on supervised metrics, while
Ls outperforms in unsupervised metrics. This disparity can be
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attributed to the bias present in the ground-truth annotations,
which primarily emphasizes describing target domain objects in
the images (e.g., birds and flowers), while disregarding the back-
ground. Conversely, the unsupervised metric CLIP-S equally
considers all contents within the images. By integrating both
loss terms, GeneIC ensures that the generated sentences main-
tain a focus on target domain objects while also considering
other elements in the images.

Attribute Transfer of Intra-Domain Images Table 5 illus-
trates the impact of different attribute-transferred image con-
struction methods on the model’s performance. In this context,
“Random” signifies the random selection of an image as the
attribute-transferred image to calculate La. “Augmentation” in-
volves the generation of attribute-transferred images through
data augmentation, with this paper employing the “cutmix” aug-
mentation method [70]. “Cluster” indicates the utilization of
CLIP retrieval to select the most similar image from the training
set as the attribute-transferred image. The findings reveal that
method “Augmentation” yields the poorest results across all
evaluation metrics. This can be attributed to the fact that the
augmented images do not conform to reality, depicting situations
such as birds without heads or forests appearing in the sea, con-
sequently leading to negative implications on the optimization
of Ls. However, GeneIC demonstrates a notable enhancement
in supervised metrics, implying that images generated through
attribute transfer can effectively guide the model’s focus towards
domain-specific knowledge.

4.7 Interpretability of Learned Prompt Vectors

We adopt two methods, retrieval, and generation, to interpret
the learned prompts. Following [11], as the prompt vectors are
learned in a continuous space, an possible approach is to retrieve
the word in the vocabulary closest to the prompt vector based
on Euclidean distance. Simultaneously, considering the back-
bone as a generative model, we directly input the prompt vector
into the model to generate the corresponding word (selecting
the word with the highest probability as the final output). The
retrieval and generation result on four datasets are presented
in Table 6. It is observed that, across different datasets, the
retrieval results are often similar, frequently containing words
such as “Yeah”, “Honestly”, and “Despite”, where “Despite”
is somewhat relevant to image captioning. However, when all
the words are concatenated, the prompts lose coherence. This
finding aligns with the conclusion from [11]. It is important
to note that drawing definite conclusions solely based on the
retrieved results may be inaccurate, as explaining the learned
prompts using the nearest words can be misleading—the seman-
tic meaning of vectors may not necessarily correlate with the
closest words. As for the generation method, we discover that
the prompt vectors manifest distinct domain-specific knowledge.
For instance, words such as “bird”, “flower”, “car”, and “dish”
accurately reflect the main objects in the target domain. This
underscores the prompt vectors’ effective learning of domain-
specific knowledge.

4.8 Visualization and Analysis

Figure 5 presents examples generated by GeneIC and the base-
line method BLIP2 across four datasets. It is noteworthy that

cross-domain methods necessitate training the model with an-
notated data from the target domain and are not applicable to
scenarios lacking annotations. Furthermore, both MiniGPT4_7B
and InstructBLIP_7B utilize additional supervised data for fine-
tuning the models. A comprehensive analysis of these two
methods will be provided in the Appendix D. In these examples,
we observe that the baseline method follows a consistent mode,
characterized by “a + object + background.” This mode arises
due to the use of hand-crafted prompts, which lead to a collapse
of diversity in generated sentences and a lack of domain-specific
knowledge. In contrast, our approach addresses this issue by
adopting specific prompt vectors for each target domain, thereby
guiding the model to focus on domain-specific knowledge and
generate more informative descriptions.

5 Concluding Remarks

With the development of Large Language Models (LLMs), an
increasing number of researchers are turning their attention to
enabling LLM to process visual inputs, giving rise to a series of
Multi-Modal Large Language Models (MLLMs). By utilizing
hand-crafted prompts, these models have achieved remarkable
zero-shot performance across different downstream tasks, in-
cluding image captioning. However, when confronted with
significant domain shifts, the utilization of hand-crafted prompts
results in sentences with similar modes, a phenomenon known
as mode collapse. Consequently, this limitation hampers di-
versity and the incorporation of domain-specific knowledge in
the generated sentences. To address this issue, some studies
have introduced extensive instruction datasets for the purpose of
fine-tuning the models. Nevertheless, it is essential to acknowl-
edge that the construction of instruction datasets comes with
considerable costs. Meanwhile, it may result hallucination.

This paper introduces an unsupervised prompt learning method
aimed at enhancing the model’s generalization capability in im-
age captioning without annotations. The results demonstrate that,
in comparison to hand-crafted prompts, this method optimizes
the prompt vectors by acquiring domain-specific knowledge, ef-
fectively mitigating mode collapse, and enhancing the diversity
and informativeness of the generated sentences.

While this method exhibits significant improvements in the per-
formance, it does require a certain amount of target domain
images to learn domain-specific knowledge. As a result, it is
better suited for deployment in large-scale image captioning
scenarios. Nonetheless, the efficiency of GeneIC’s parameters
allows for straightforward future extensions. For example, there
is room for exploring further improvements in data utilization,
and without retraining all parameters. In conclusion, we hope
that the empirical findings presented in this paper will make
a valuable contribution to the advancement of general domain
image captioning.

Appendix

A Details ofMulti-modal Large Language
Models

In this paper, GeneIC employs BLIP2_2.7B as the back-
bone, with OPT2.7B [36] serving as the language decoder.
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Table 7: Comparison with more prompts on CUB-200 and Oxford-102 datasets using the same backbone.
Prompt B@1 B@4 METEOR ROUGE-L CIDEr CLIP-S

C
U

B
-2

00
“A photo of” 18.5 1.2 8.5 20.8 6.8 78.9

“A bird photo depict” 11.9 0.5 6.7 18.6 3.4 80.6
“Describe this image in detail” 13.0 0.5 7.1 18.1 3.8 77.9

Randomly prompt vectors 7.9 0.4 5.5 15.1 2.8 79.4
GeneIC 24.3 3.1 11.0 24.3 20.1 79.7

O
xf

or
d-

10
2 “A photo of” 22.5 1.0 10.2 17.9 12.9 78.4

“A flower photo depict” 13.9 0.7 9.6 18.2 12.6 78.3
“Describe this image in detail” 14.2 0.7 9.1 17.6 12.8 78.4

Randomly prompt vectors 12.5 0.4 7.9 16.3 8.8 77.9
GeneIC 24.2 1.3 11.1 19.0 15.6 79.6

Table 8: Compare universal and specific prompt vectors using the same backbone.
Dataset B@1 B@4 METEOR ROUGE-L CIDEr CLIP-S

Hand-crafted prompt
CUB-200 18.5 1.2 8.5 20.8 6.8 78.9
Oxford-102 22.5 1.0 10.2 17.9 12.9 78.4
Food101 - - - - - 77.9
StanfordCars - - - - - 79.8

CUB-200 prompt vectors
CUB-200 24.3 3.1 11.0 24.3 20.1 79.7
Oxford-102 14.7 0.4 5.4 11.3 4.2 79.2
Food101 - - - - - 79.0
StanfordCars - - - - - 78.6

Domain-specific prompt vectors
CUB-200 24.3 3.1 11.0 24.3 20.1 79.7
Oxford-102 24.2 1.3 11.1 19.0 15.6 79.6
Food101 - - - - - 79.1
StanfordCars - - - - - 81.1

ZeroCap adopts GPT-2 [71] as its language decoder, while
Flamingo_9B utilizes LLaMa-7B [37] for the same purpose.
Moreover, BLIP2_2.7B and BLIP2_6.7B both rely on OPT2.7B
and OPT6.7B as their respective language decoders. As for
MiniGPT4_7B and InstructBLIP_7B, they use Vicuna7b [72]
as their language decoder.

B Comparisons with Other Hand-crafted Prompts

Table 7 provides a summary of the results obtained by the base-
line model BLIP2_2.7B using different hand-crafted prompts.
The findings reveal the model’s sensitivity to hand-crafted
prompts. For example, when evaluating the CIDEr metric on the
CUB-200 dataset, “A bird photo depict” exhibited a decrease
of 3.4 in comparison to “A photo of”. However, for the CLIP-S
metric, it showed an increase of 1.7. The difference arises be-
cause “A bird photo depict” incorporates prior knowledge about
the dataset, facilitating a more comprehensive description, but
it may generate sentences with styles different from the ground
truth. In the Oxford-102 dataset, this phenomenon doesn’t hap-
pen because it usually has close-up shots of flowers with less
background information. Randomly prompt vectors exhibit the
poorest performance across most metrics, as expected, owing to
their lack of prior knowledge. In contrast, GeneIC demonstrates

superior performance on most metrics, particularly on super-
vised metrics. This indicates that through the exploration of
variable and invariant features in target domain images, learned
prompt vectors can effectively acquire domain-specific knowl-
edge and guide the model towards improved generalization in
the target domain. Although GeneIC slightly lags behind “A
bird photo depict” on the CLIP-S metric of the CUB-200 dataset,
it still outperforms other hand-crafted prompts on the CLIP-S
metric. This indicates that the semantic consistency constraint
ensures the model’s acquisition of domain-specific knowledge
without disregarding the background information in the images.

C Domain-specific Prompt Vectors vs Unified
Prompt Vectors

Table 8 demonstrates the efficacy of domain-specific prompt vec-
tors. When applying the prompt vectors trained on the CUB-200
target domain to other target domains, the results underperform
compared to utilizing prompt vectors specifically trained on
the respective target domains. This phenomenon indicates that
knowledge from different target domains is not universally trans-
ferable.
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GeneIC: a small bird with a yellow beak

and brown body. It is perched on a branch of

a plant. The plant is a small shrub.

Multi-task: a brown bird with a yellow beak.

MiniGPT4_7B: The image shows a small

bird perched on a branch with its head tilted

to the side. The bird has a brown body with a

white underside and a small beak. Its eyes

are closed and its feathers appear to be

ruffled. The bird is surrounded by green

leaves and vines, and there are some red

berries in the background. The image is

taken from a low angle, giving the bird a

sense of depth and perspective.

InstructBLIP_7B: The image features a

small, brown bird perched on a branch of a

plant or tree. The bird is standing upright,

with its body positioned towards the right

side of the scene. There are multiple leaves

visible in the background, creating a natural

setting for the bird to rest and observe its

surroundings.

GT: a small brown bird with a yellow beak

and with markings.

GeneIC: a flower that is blooming in the

garden. The flower is purple and has green

leaves on it.

Multi-task: this flower has pink petals.

MiniGPT4_7B: This image shows a pink

flower with white petals and a green stem.

The flower is in full bloom and appears to be

in the process of opening. The petals are

slightly curled and the center of the flower is

still closed. The stem is long and thin, with

leaves at the top. The leaves are a dark green

color and appear to be healthy. The

background is a light green color and

appears to be a grassy area. There is a small

amount of dew on the petals and stem. The

overall appearance of the image is peaceful

and serene.

InstructBLIP_7B: The image features a

pink sweet pea flower in full bloom, with the

petals spread wide open, revealing its

delicate beauty and vibrant pink color. The

sweet pea is a popular garden flower known

for its charming appearance and delightful

fragrance, making it a favorite among

gardeners and nature enthusiasts alike. In

this image, a single pink sweet pea blossom

stands out against the backdrop of green

foliage, showcasing its captivating beauty.

GT: the flower shown has purple and white

petals with green sepal

GeneIC: a white van parked in a parking lot

with a few other vehicles in the background.

MiniGPT4_7B: The image shows a white

2020 Dodge Grand Caravan parked in a

parking lot. The van has a large rear window

and a black roof rack with a white vanity

plate. The van is parked next to a row of

other vehicles, including a red pickup truck

and a blue sedan. The parking lot is

surrounded by trees and there is a blue sky

in the background.

InstructBLIP_7B: The image features a

white Dodge Grand Caravan parked in a

parking lot surrounded by other vehicles.

The Dodge Grand Caravan is the main focus

of the scene, with its prominent presence in

the center of the parking lot. Several other

cars can be seen in the vicinity, adding to the

overall atmosphere of the parking lot. In

addition to the white Dodge Grand Caravan,

there are several other white vehicles

scattered throughout the parking lot. These

include a white pickup truck, a white sedan,

and a white SUV. Overall, the scene

showcases a busy parking lot filled with

various types of vehicles, with the white

Dodge Grand Caravan standing out as the

main attraction.

GeneIC: red velvet cake with white icing

on a white plate.

MiniGPT4_7B: The image shows a slice of

red velvet cake on a white plate. The cake

has a thick layer of cream cheese frosting on

top of it, and the edges of the cake are

slightly crumpled. There is a small amount

of crumbs on the plate around the edge of

the cake. In the background, there is a glass

of red wine with a straw in it. The glass is

sitting on a wooden table with a white

background.

InstructBLIP_7B: The image features a

delicious slice of red velvet cake placed on a

white plate. The cake has a generous amount

of cream cheese frosting, making it visually

appealing and mouth-watering. The plate is

positioned on a wooden table, adding to the

overall presentation of the dessert. In the

background, there is a bottle placed on the

table, likely accompanying the red velvet

cake.

Figure 6: More examples of captions generated by GeneIC and comparison methods as well as the corresponding ground truth
(GT is one of the 10 given annotated captions). Red represents hallucination.

Origin image Attribute-transferred image

Figure 7: Examples of images generated by attribute transfer of intra-domain images.
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D Visualization of ComparisonMethods and
Attribute-transferred Images

Figure 6 showcases examples generated by GeneIC and the com-
parison methods (i.e., Multi-task, MiniGPT4_7B, and Instruct-
BLIP_7B). Compared to cross-domain methods (i.e., Multi-
task), the sentences generated by GeneIC exhibit more in-
formative content and demonstrate the ability to generalize
to any target domain, even in the absence of annotated data.
MiniGPT4_7B, InstructBLIP_7B, and GeneIC employ similar
backbone networks, i.e., pre-trained visual encoders + QFormer
+ pre-trained large language models. However, MiniGPT4_7B
and InstructBLIP_7B enhance the model’s generation capabil-
ity and its robust to hand-crafted prompts through fine-tuning
the model with an instruction dataset , which consist of im-
ages and instructions. As observed from the Figure 6, across
all datasets, the fine-grained information of sentences gener-
ated by MiniGPT4_7B and InstructBLIP_7B is superior to
that of cross-domain methods. However, compared to GeneIC,
MiniGPT4_7B and InstructBLIP_7B exhibit hallucinations, gen-
erating sentences that include content not present in the images.
Meanwhile, it is essential to note that constructing instruction
datasets comes with a substantial cost. In contrast, GeneIC
achieves an enhanced generalization performance for image cap-
tioning on target domain data almost at no cost. Additionally,
during the training process, GeneIC freezes most of the model
parameters and only optimizes the prompt vectors, reducing
training costs.

Figure 7 displays more examples of attribute-transferred im-
ages. It becomes evident that the main object in the attribute-
transferred images undergoes significant attribute change in
comparison to the original images, such as the color of birds and
flowers. GeneIC investigates both variable and invariant features
within the target domain by analyzing the changes between the
original images and attribute-transferred images. By employing
attribute consistency, it fine-tunes the prompt vectors to acquire
domain-specific knowledge.
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