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Abstract

Image captioning aims at generating descriptive and meaning-
ful textual descriptions of images, enabling a broad range of
vision-language applications. Prior works have demonstrated
that harnessing the power of Contrastive Image Language Pre-
training (CLIP) offers a promising approach to achieving zero-
shot captioning, eliminating the need for expensive caption
annotations. However, the widely observed modality gap in
the latent space of CLIP harms the performance of zero-shot
captioning by breaking the alignment between paired image-
text features. To address this issue, we conduct an analysis
on the CLIP latent space which leads to two findings. Firstly,
we observe that the CLIP’s visual feature of image subregions
can achieve closer proximity to the paired caption due to the
inherent information loss in text descriptions. In addition, we
show that the modality gap between a paired image-text can
be empirically modeled as a zero-mean Gaussian distribution.
Motivated by the findings, we propose a novel zero-shot image
captioning framework with text-only training to reduce the
modality gap. In particular, we introduce a subregion feature
aggregation to leverage local region information, which pro-
duces a compact visual representation for matching text rep-
resentation. Moreover, we incorporate a noise injection and
CLIP reranking strategy to boost captioning performance. We
also extend our framework to build a zero-shot VQA pipeline,
demonstrating its generality. Through extensive experiments
on common captioning and VQA datasets such as MSCOCO,
Flickr30k and VQAV2, we show that our method achieves
remarkable performance improvements. Code is available at
https://github.com/Artanic30/MacCap.

Introduction

Image captioning is a fundamental task in vision-language
understanding that involves generating natural language de-
scriptions for a given image. It plays a critical role in fa-
cilitating more complex vision-language tasks, such as vi-
sual question answering (Agrawal et al. 2015; Hudson and
Manning 2019; Marino et al. 2019) and visual dialog (Das
et al. 2016; Niu et al. 2018; Liu et al. 2023). The main-
stream image captioning methods (Xu et al. 2015; Anderson
et al. 2017; Yao et al. 2018; Zhou et al. 2019) require expen-
sive human annotation of image-text pairs for training neural
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network models in an end-to-end manner. Recent develop-
ments in Contrastive Image Language Pre-training (CLIP)
(Radford et al. 2021) have enabled researchers to explore
a new paradigm, zero-shot image captioning, through text-
only training. In particular, CLIP learns a multi-modal em-
bedding space where semantically related images and text
are encoded into features with close proximity. As such, if
a model learns to map the CLIP text features to their corre-
sponding texts, it is feasible to generate image captions from
the CLIP image features without needing supervision from
caption annotations.

One main advantage of this zero-shot captioning paradigm
is that it enables a Large Language Model (LLM) (Brown
et al. 2020; Zhang et al. 2022b) with image captioning ca-
pabilities using only text data and affordable computational
resources. Despite the impressive performance achieved
by recent powerful multimodal models (Zhu et al. 2023;
Liu et al. 2023), they typically require large-scale, high-
quality human-annotated data and expensive computational
resources for fine-tuning an LLM. Zero-shot captioning
methods can significantly reduce such costs, which is par-
ticularly important in situations of data scarcity and limited
resources. Moreover, recent work (Guo et al. 2022a; Chang-
pinyo et al. 2022; Tiong et al. 2022) demonstrates that other
vision-language tasks, such as VQA, can be addressed by
LLMs and image captions. Consequently, the paradigm of
zero-shot captioning has the potential to pave the way to solv-
ing complex vision-language tasks with LLMs through effi-
cient text-only training.

A critical challenge in zero-shot image captioning through
text-only training is to mitigate a widely observed phe-
nomenon known as the modality gap. While the features of
paired texts and images are close in the CLIP embedding
space, there remains a gap between them (Liang et al. 2022).
This gap often results in inaccurate mappings from the im-
age embeddings to the text ones. Consequently, without fine-
tuning with paired data, it significantly impairs the perfor-
mance of zero-shot image captioning. Several works have
attempted to address the modality gap in zero-shot image
captioning, relying mainly on two strategies: (1) The first
strategy leverages a memory bank from training text data
to project visual embeddings into the text embedding space
(Li et al. 2023). However, this projection prevents it from
representing any semantic content outside the distribution
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of the memory bank features and introduces extra inference
costs; (2) The second approach injects noise during train-
ing to encourage the visual embeddings to be included inside
the semantic neighborhood of the corresponding text embed-
dings (Nukrai, Mokady, and Globerson 2022). Nonetheless,
the noise injection tends to diffuse the distribution of visual
inputs at the cost of weakening the semantic correlation be-
tween paired images and text embeddings.

To tackle these challenges, we first conduct a thorough
analysis of the CLIP feature space, leading to two key obser-
vations. First, most text descriptions are unable to fully cap-
ture the content of their paired images. However, we empir-
ically find that the visual embedding of certain local regions
of an image, named image subregions, have closer proxim-
ity to the text embedding of the paired caption. Integrating
such image subregions with the global image representation
generates a tighter alignment between image and text. Addi-
tionally, we analyze the distribution of the gap between the
CLIP features of image or subregion-text pairs and find that
it closely resembles a zero-mean Gaussian distribution.

Based on our findings, we propose a novel zero-shot image
captioning framework, named Mining Fine-Grained Image-
Text Alignment in CLIP for Captioning (MacCap), to ad-
dress the aforementioned challenges. In this framework, we
introduce a region-aware cross-modal representation based
on CLIP and an effective unimodal training strategy for an
LLM-based caption generator. Our cross-modal representa-
tion maps an input image into the language space of LLMs
and consists of two main components. First, we design a sub-
region feature aggregation module to fuse both global and
subregion-level CLIP image features, resulting in a smaller
gap between the corresponding CLIP text embedding. Next,
we introduce a learnable adaptor-decoder to transform the
CLIP representation into the LLM’s language space. To train
our model with text-only data, we develop a robust procedure
to learn a projection from the CLIP embedding space to a lan-
guage representation, enabling the LLM to reconstruct cap-
tions. Specifically, our learning procedure first injects noise
into our region-aware CLIP-text representation, mimicking
the modality gap between image and text features. This is fol-
lowed by a multiple sampling and filtering step that leverages
the CLIP knowledge to improve the quality of the captioning.
In addition to the image captioning task, we further extend
our framework to build a zero-shot VQA pipeline, demon-
strating the generality of our cross-modal representation for
more complex vision-language tasks.

We evaluate our framework on several widely-adopted im-
age captioning benchmarks, such as MSCOCO (Vinyals et al.
2016) and Flickr30k (Plummer et al. 2015), as well as a
standard VQA benchmark, VQAV?2 (Antol et al. 2015). Our
extensive experiments cover multiple vision-language tasks,
including zero-shot in-domain image captioning, zero-shot
cross-domain image, and zero-shot VQA. The results not
only demonstrate the superiority of our methods but also val-
idate our findings on the CLIP embedding space.

Related Work

Zero-shot Image Captioning Zero-shot image captioning
is an emerging task setting of image captioning, where cap-
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tions are generated without relying on training with anno-
tated image data. While some approaches (Changpinyo et al.
2021a; Alayrac et al. 2022) exploit large noisy image-text
datasets, demanding high data and computational resources,
an alternative is to leverage pre-trained large models, which
is more suitable for low-data scenarios.

The use of pre-trained multi-modality models has en-
abled progress in text-only training for image captioning,
which has demonstrated promising results. CapDec (Nukrai,
Mokady, and Globerson 2022) utilizes CLIP embeddings
and employs a noise injection training strategy for text-only
training. Similarly, DeCap (Li et al. 2023) employs a mem-
ory bank to project visual features into the text modality. Fur-
thermore, methods like MAGIC (Su et al. 2022) and Zero-
Cap (Tewel et al. 2022) achieve zero-shot captioning without
a typical training stage, with MAGIC introducing a CLIP-
based score to guide language model generation and Zero-
Cap employing iterative optimization during inference.

Vision-language Models Recent advancements (Radford
et al. 2021; Jia et al. 2021; Li et al. 2021, 2022; Zhang
et al. 2022a) in Vision-Language Models (VLM) have led
to significant progress in various downstream tasks (Patash-
nik et al. 2021; Zhou, Loy, and Dai 2021; Zhang et al. 2021;
Rao et al. 2021; Guo et al. 2022b; Ning et al. 2023). Ex-
tensive research efforts (Wang and Isola 2020; Yuksekgonul
etal. 2022; Liang et al. 2022) have analyzed the multi-modal
embedding space learned through contrastive training. Re-
cently, a geometric phenomenon known as the modality gap
has been identified in (Liang et al. 2022). This gap arises
from misalignment between text and image embeddings of
CLIP, impacting their shared representation. The modality
gap is attributed to the optimization process of contrastive
learning and random initialization of different encoders. Ad-
dressing this modality gap is crucial for enhancing zero-shot
capabilities, especially in scenarios with limited fine-tuning
opportunities.

CLIP Embedding Space Analysis

In this section, we present a detailed analysis of the CLIP
embedding space. CLIP offers a pre-trained joint embed-
ding space, enabling zero-shot vision-language tasks. How-
ever, there is still a modality gap present in the CLIP em-
bedding space (Liang et al. 2022). This gap refers to a ge-
ometric property where image and text embeddings occupy
distinct regions within the embedding space. We further an-
alyze and demonstrate that the modality gap arises from an
inherent ambiguity in matching visual and linguistic embed-
dings. Empirically, we show that integrating subregion im-
age information with global information can reduce the gap
between linguistic and visual representations. Additionally,
we explore the disparity between CLIP’s text and image rep-
resentations, conducting an empirical study that reveals the
difference follows a Gaussian distribution. These findings in-
spire our subsequent method design.

Modality Gap of CLIP Representations

As demonstrated in (Liang et al. 2022), the modality gap phe-
nomenon is primarily caused by the presence of mismatched
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Figure 1: The upper half of this figure is an example of the
misalignment in paired image and text description. The lower
half of this figure is the distribution of modality gap between
text representation and global / local image representation
respectively.

Pair Cosine Similarity
Mean Max  Min
0.330 0.446 0.228
0.352 0422 0.242

Global representation
Mix representation

Table 1: In this table, we show the mean, max and min value
of similarity between text feature and global/mix feature. We
find that after adding subregion information, the mean, max
and min value all increase. This observation shows that intro-
ducing subregion image information benefit the alleviation
of modality gap.

text-image data during pre-training, further exacerbated by
the contrastive learning objective employed in CLIP. How-
ever, we observe that even correctly paired image-text may
exhibit different semantic contents due to several reasons,
including 1) incomplete image description by text; 2) am-
biguity in text interpretation; 3) diverse valid descriptions
with varying focus on image subregions. An example is il-
lustrated in Figure 1. Consequently, we observe that certain
subregions of an image typically exhibit a smaller modality
gap with a specific text description, as illustrated in Figure 1.
To validate this characteristic, we conduct a statistical anal-
ysis on the MSCOCO validation set. Specifically, we calcu-
late the cosine similarity between the visual and text features,
where the visual features are obtained from the global CLS
token or the last layer of the ViT encoder representing the
subregions. The results indicate that in 33% of cases, one of
the subregion features has a higher similarity than the global
one.

Motivated by the above observation, we propose integrat-
ing the global and subregion representations by adding them
together. We evaluate the similarity scores between text fea-
tures and their corresponding subregion-augmented image
representations. As illustrated in Table 1, our augmented im-
age embeddings achieve higher similarity scores when com-
pared with corresponding text embeddings without any fine-
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tuning, effectively reducing the modality gap.

Distribution of Modality Gap

We further investigate the distribution of the modality gap
through an empirical study on the MSCOCO validation set.
Specifically, for each image with its caption, we compute the
difference between the image and text embeddings. We cal-
culate these differences separately for the global image fea-
ture and the subregion feature. Given these differences, we
pool all the feature dimensions together and compute a his-
togram and mean of the dimension-wise differences between
the two modalities. As depicted in the lower half of Figure 1,
we observe that the mean of the gap distribution is close to
zero, and the overall distribution resembles a Gaussian distri-
bution for both global and subregion representations. Based
on this observation, we adopt a unimodal learning strategy
that involves Gaussian noise injection with the text features.
This strategy allows us to mimic the image features in the
cross-modal inference stage. For a more formal description
of our analysis, please refer to the supplementary material.

Methodology
Method Overview

In zero-shot image captioning, the image captioning model
is trained with only caption text data. This is possible since
CLIP learned a joint space where semantically-related im-
age feature I, and text feature T, have closer proximity. By
training the model to generate captions conditioned on their
CLIP text feature, the model becomes capable of generating
captions based on the CLIP image feature without any super-
vision from paired caption data.

Specifically, we have a caption text corpus T = {f'|i €
N} and three network modules, contrastive vision language
model CLIP with parameter 6., pre-trained large language
model with parameter ; and a learnable adaptor decoder
with parameter 6. In text reconstruction training, the adap-
tor module converts text #;’s CLIP text feature T! € RP to

a prefix embedding E' € RVo*Pi, where N, is the length
of prefix embedding, D, is the dimensionality of language
model and D is the dimensionality of CLIP feature. The lan-
guage model generates text ¢; based on the prefix embed-
ding E'. During training, we freeze the parameter of CLIP
0, and language model 6,;, which makes the adaptor decoder
with parameter 6 a plug-and-play module to achieve zero-
shot captioning. We can formulate the process as follows:

maxiemize p('|T..6..6) (1)
In inference, CLIP extracts image feature I, € RP for an
image. The adaptor decoder converts it to prefix embedding
and the language model generates a text describing the im-
age content. We present the overall pipeline in Figure 2 and
explain the details of the pipeline in the following sections.

Text Reconstruction Training

Region Noise Injection The text reconstruction task aims
to train our framework to generate text based on the CLIP text
features T, as illustrated in Figure 2. Our observation on the
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Figure 2: An overview of MacCap pipeline: MacCap learns to generate text based on region noise injected CLIP text feature
in text reconstruction training. During inference, MacCap can generate caption without paired data in training. The CLIP and

language model are kept frozen in both stages.

CLIP Embedding space demonstrates that the gap between
the text embedding and subregion image representation sat-
isfies a Gaussian distribution. To mitigate the gap and main-
tain a consistent format with visual features in inference, we
propose region-aware noise injection. In detail, We first en-
code t from text corpus 7" with CLIP text encoder to get text
features T,. The T, is repeated N, times and added different
noise n; € RP,i € {1..N,,} from a uniform distribution
with zero means and o variance. We apply L2 normalization
to the resulting text region feature T, € R™e*P_ The pro-
cess is formulated as follows:

T, = CLIP(t) € R? )
T,, = Concat(1,,T,,...T,) € RNexD 3)
T}, = LNorm(T}, +n) m~N@©.0®) (4

where L2Norm is a /2-normalization and Concat is the con-
catenation operation. The elements in T, form a cluster of
points in the CLIP embedding space centered around T,
which represent captions semantically similar to caption ¢.

Adaptor Decoder The adaptor decoder is designed to
project the feature in the CLIP embedding space to the lan-
guage model embedding space, enabling the language model
to generate text based on image or text features in CLIP.
Specifically, we have a set of learnable queries Q € RNa*P,
a transformer decoder (Vaswani et al. 2017), and an MLP
module. The learnable queries Q are first updated by self-
attention and then fed into a cross-attention module with T,
as the input key and value. The output feature is processed by
a feed-forward network to obtain updated learnable queries
Q' € RN*P_ Finally, Q' is projected by the MLP module

to get the prefix embedding E € RNe*Pr. The process is
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formulated as follows:

0O = SelfAttn(Q) € RN<<P 5)
O = CrossAttn(Q,T,,) € RNoxD (6)
Q' =FFN(Q) € R ™
E =MLP(Q") € RN ®)

Through cross-attention in the adaptor decoder, the learnable
queries Q adaptively select informative parts in T,,.. At last,
the language model generates the input text ¢ based on the
prefix embedding E. Our objective can be described as:

I
Y log Py(w;|w.;. E. 6,.6))

i=1

Lyecons(0) = _ﬁ 9)

where w; is the i"" words in 7.

Zero-Shot Caption Generation

Sub-region Feature Aggregation Zero-shot caption gen-
eration aims to generate captions with a text-only trained
adaptor decoder, CLIP, and a language model. Based on our
observation that image subregion features exhibit higher sim-
ilarity to caption features, we propose sub-region feature ag-
gregation to integrate the image global information with sub-
region information. Specifically, the ViT-based visual en-
coder processes images by dividing them into patches and
incorporates a class token. In the last layer of ViT, we de-
fine the image patch features as I, € RNy tDXDy \where N »
is the number of image patches, D,, is the dimensionality of
ViT and the first element in I, is the class token 1,[0] € RP.

The global image feature I, € RP is obtained by a linear
projection on class token 7,[0]. We select the patches with
the top N, score in the class token’s attention weight and
denote them as informative patch tokens. The subregion fea-
tures I, € RNeXP are obtained by aggregating patch fea-
tures in informative patch based on corresponding attention
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Figure 3: Multiple sampling and filtering pipeline: During
inference, each image uses noise to generate several different
captions, which are reranked by CLIP to output the best.

weight A € RNeX(NotD  Finally, the subregion-enhanced
image feature I, € RNe*D is acquired by taking the aver-
age of I, and I. The process can be formulated as follows:

I}', = Linear(1,) € RWNp+DxD (10)

I, =10l € R” (1D

I, = AI' € RNP (12)
N,

1., = Concat(Is1 +1.,...,I;+1,)¢€ RN¢xD (13)

where I [’) is the projected image patch features, and Linear
is the linear projection that projects visual features to CLIP
multimodal embedding space. The I, represents the image
feature in CLIP space and is used to generate text in the same
way as text region feature 7,,.

Multiple Sampling and Filtering The modality gap is
alleviated by the region noise injection in text reconstruc-
tion training, however, the noise introduces additional uncer-
tainty. We propose a multiple sampling and filtering strategy
that incorporates inference-time noise and CLIP reranking
to address the issue and boost performance, which is illus-
trated in Figure 3. Specifically, we introduce inference time
noise sampled from a normal distribution A (0, 62) into the
subregion enhanced image feature I,, € RNe*P. We gen-
erate text based on the perturbed subregion enhanced image
feature I,,., and repeat this process S times to generate .S
diverse texts. CLIP is utilized to evaluate the cosine similar-
ity between the generated texts and the image. We select the
text with the highest similarity as the predicted image cap-
tion. This strategy leverages CLIP knowledge to improve the
generation quality of our model.

Zero-Shot Visual Question Answering with
Captioning

In this part, we illustrate the potential extensibility by show-
ing the pipeline for zero-shot VQA with text-only trained
MacCap. As there is no supervision from VQA data, we con-
vert the image into a caption by MacCap. To answer the ques-
tion about the image, we only use the LLM in MacCap to
do open-end text generation based on a VQA prompt. The
prompt contains the question and image caption, which is
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"[caption] Question: [question] Answer:". Given the inher-
ent difficulty of the zero-shot VQA task, we transform the
VQA task into an image-text retrieval task. Specifically, the
generated answer is embedded by the CLIP text encoder and
computed cosine similarity with CLIP text embedding from
answer candidates.

Experiments
Experimental Setting

Datasets and Evaluation Our experimental evaluations
are performed on two common benchmark datasets for image
captioning: MSCOCO (Vinyals et al. 2016) and Flickr30k
(Plummer et al. 2015). The MSCOCO dataset contains over
11,000 images, each associated with five captions. We fol-
low previous works (Nukrai, Mokady, and Globerson 2022)
using the widely-used Karpathy et al. split, which partitions
the dataset into 5000 images for validation and 5,000 for
testing. The Flickr30k dataset consists of 29,000 images for
training and 1,000 images for testing. For training, we use
the texts from MSCOCO, Flickr30K, and CC3M (Chang-
pinyo et al. 2021b) datasets. Following previous works (Li
et al. 2023), we remove the sentences with more than fif-
teen words. The resulting training text corpus has 566,747
sentences for MSCOCO, 144,998 sentences for Flickr30K,
and 3,302,783 sentences for CC3M. To evaluate the perfor-
mance of our models, we report the results on four standard
evaluation metrics for captioning: BLEU (Papineni et al.
2002), METEOR (Banerjee and Lavie 2005), CIDEr (Vedan-
tam, Zitnick, and Parikh 2014), and SPICE (Anderson et al.
2016). Additionally, we use the popular visual question an-
swering benchmark VQAV2 (Antol et al. 2015) to evaluate
the model’s ability on complex visual tasks. The number of
answer candidates for VQAV?2 is 3,128. We randomly chose
20,000 samples from VQAV?2 validation set for testing.

Implementation Details For a fair comparison with previ-
ous works (Nukrai, Mokady, and Globerson 2022; Su et al.
2022; Tewel et al. 2022; Li et al. 2023), we employ a frozen
Vit-B/32 CLIP model. The adaptor decoder consists of one
layer Transformer Decoder (Vaswani et al. 2017) with 8 at-
tention heads. For text reconstruction training, we set the
noise variance o to 0.016 as suggested in (Nukrai, Mokady,
and Globerson 2022), and the region concept feature length
N,, is set to 10. In caption generation, the sampling num-
ber S in inference is set to 20. The text generation strategy is
beam search with 4 beams. For the language model, we adopt
a frozen pre-trained OPT (Zhang et al. 2022b) 1.3b model.
Our model and the reproduced baseline are trained with a
batch size of 128 and a learning rate of 4e-4.

Baselines The following zero-shot captioning methods are
compared in this study. ZeroCap leverages CLIP and GPT-2
to solve an optimization problem iteratively during inference.
DeCap (Li et al. 2023) utilizes a memory bank to project im-
age embeddings into the text embedding space. We sample
50M texts in CC3M (Changpinyo et al. 2021b) datasets to
generate the memory bank for DeCap. Additionally, we de-
fine Baseline as the model trained in the same way as DeCap
but using image embedding directly in inference. MAGIC
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Method

CC3M to MS-COCO
Be@el B@e4 M RL C S

MS-COCO to Flickr30k
B@l Be4 M RL C S

Flickr30k to MS-COCO
B@l B@e4 M RL C S

CLIPRe
ZeroCap
MAGIC
CapDec
DeCap

- 0.046 0.133 - 0.256 0.092
- 0.026 0.115 - 0.146 0.055

- 0.088 0.160 - 0.421 0.109

0.387 0.044 0.096 0.272 0.059 0.042
0.464 0.062 0.122 0.313 0.175 -
0.602 0.173 0.186 0.427 0.357 -

- 0163 0.179 - 0.357 0.111

0.414 0.052 0.125 0.307 0.183 0.057
0.414 0.052 0.125 0.307 0.183 -
0.433 0.092 0.163 0.367 0.273 -

- 0.121 0.180 - 0.444 0.109

Frozen Language Model

Baseline
MAGIC'
CapDec’
DeCap’
MacCap

0.318 0.034 0.094 0.221 0.101 0.046
0.188 0.004 0.054 0.142 0.021 0.011
0.372 0.046 0.116 0.288 0.093 0.052
0.462 0.089 0.152 0.341 0.292 0.093
0.591 0.176 0.200 0.443 0.525 0.120

0.429 0.072 0.126 0.305 0.140 0.067
0.188 0.006 0.051 0.134 0.021 0.013
0.490 0.105 0.153 0.373 0.183 0.090
0.511 0.099 0.153 0.362 0.247 0.087
0.595 0.154 0.179 0.413 0.303 0.114

0.375 0.049 0.118 0.296 0.112 0.055
0.188 0.004 0.054 0.142 0.021 0.011
0.453 0.087 0.151 0.353 0.178 0.064
0.455 0.088 0.162 0.360 0.273 0.101
0.473 0.092 0.166 0.362 0.278 0.092

Table 2: Zero-shot Cross Domain Captioning: We conduct experiments on cross-domain image captioning tasks. X to Y means

source to target domain. We reproduce Magic, CapDec, and DeCap under the frozen LLM setting and mark them with .

(Su et al. 2022) incorporates a CLIP-induced score during in-
ference to influence the language model’s caption generation
process. We show the performance of MAGIC with a fine-
tuned language model as reported in (Su et al. 2022) and the
performance of MAGIC with a frozen pre-trained language
model. CLIPRe is a retrieval-based baseline mentioned in
(Su et al. 2022). CapDec (Nukrai, Mokady, and Globerson
2022) applies noise injection strategy in text reconstruction
training, enabling the direct use of visual embedding in infer-
ence. We use the MLP variant of CapDec model. SM (Zeng
et al. 2022) is a modular framework in which multiple pre-
trained models may be composed zero-shot. It uses the GPT-
3 (Brown et al. 2020) API from OpenAl and achieves favor-
able performance.

Zero-Shot Cross Domain Captioning

In this section, we present a comprehensive evaluation of
our method in the zero-shot cross-domain captioning setting.
The zero-shot means our model is trained with only text data
and the cross-domain means the training caption texts are
different from captions in the test dataset. The CC3M is web-
scale noisy captions data while MSCOCO and Flickr30K
are human-annotated high-quality caption data. We compare
our approach with previous methods on three different cross-
domain settings to assess its performance and generalizabil-
ity. We show our cross-domain image captioning results in
Table 2. We have observed a positive correlation between the
size of the training text corpus and the performance gain of
MacCap. Our method achieves superiority in both domains
in most metrics under our frozen language model setting.

Zero-Shot in Domain Image Captioning

Setting In this section, we conduct zero-shot in-domain
image captioning experiments, where the models are trained
and tested on the same domain.

Results We show our results on MSCOCO (Vinyals et al.
2016) and Flickr30K (Plummer et al. 2015) in Table 3. Our
method outperforms other methods on both domains in all
metrics under our frozen language model setting and shows a
gain of 427 in CIDEr compared with DeCap (Li et al. 2023).
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We also achieve higher performance compared with fully su-
pervised methods such as Laina et al. (Laina, Rupprecht, and
Navab 2019) and Feng et al (Feng et al. 2018) in terms of
CIDEr on MSCOCO.

Zero-Shot Visual Question Answering

In this section, we conduct zero-shot visual question-
answering experiments. Due to the redundancy of the large
language model generation results, we do not use the
VQAV2 traditional evaluation metric where the predicted
answer should be the same as the ground truth answer but in-
stead use an image-text retrieval task where the answer can-
didates are provided. We report the top 1,5 and 10 accuracies
in % for 20,000 VQAV?2 validation set samples. Compared
with previous zero-shot captioning methods (Li et al. 2023;
Nukrai, Mokady, and Globerson 2022), including a baseline
where the language model generates answers solely based
on the question without a caption, our results are presented
in Table 4. Our method outperforms other methods with and
without a frozen language model. We observe a performance
degradation between the frozen language model and the fine-
tuned language model, which indicates that the finetune lan-
guage model on zero-shot captioning model harms model
performance on other tasks.

Ablation Study

In this section, we conduct an ablation study to provide a
comprehensive interpretation of our proposed methods. The
experiments are conducted under zero-shot cross-domain
image captioning settings where the model is trained on
CC3M text corpus and evaluated on Flickr30K dataset.

Text Reconstruction Training To validate the effective-
ness of the region noise design in our framework, we con-
ducted experiments to determine whether the observed im-
provements were due to the noise injection or the sequential
representation of the text. we modify the input text feature
of the adaptor decoder module, where we define two modes:
single token and multiple token. In the single token mode, a
single text embedding T, is provided as input to the adaptor
decoder. In contrast, in the Multiple tokens mode, multiple
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Method Data MSCOCO Flickr30k

P. 1. T.|Bel Bed M R, C S |Bel Be4d M R, C S

CLIPCap (Mokady 2021) v - 03350275 - 1.131 0.211| - - - - - -

CLIP-VL (Shen et al. 2021) v - 03750281 - 1231 0219| - - - - - -

UVC-VI (Liu et al. 2021) v - 02200214 - 0.723 - - - - - -

Barraco et al. (Barraco et al. 2022) v - 0360 0278 - 1.149 0.208| - - - - - -

ESPER-Style (Yu et al. 2022) v /| - 02190219 - 0.782 - - - - - -

ESPER-Free (Yu et al. 2022) v - 0.063 0.133 - 0.291 - - - - - -
ZeroCap*(Tewel et al. 2022) v 10.498 0.007 0.154 0.318 0.345 0.0920.447 0.054 0.118 0.273 0.168 0.062
CLIPRe (Su et al. 2022) v 10.395 0.049 0.114 0.290 0.136 0.053]0.385 0.052 0.116 0.276 0.100 0.057
MAGIC (Su et al. 2022) v 10.568 0.129 0.174 0.399 0.493 0.113|0.445 0.064 0.131 0.316 0.204 0.071

CapDec (Nukrai, Mokady, and Globerson 2022) v 10.692 0.264 0.251 0.518 0.918 - ]0.555 0.177 0.200 0.439 0.391 -
DeCap (Li et al. 2023) V| - 0247 0250 - 0912 0.187| - 0.212 0.218 - 0.567 0.152

Frozen Language Model

Baseline v 10.414 0.069 0.141 0.317 0.221 0.0790.418 0.069 0.127 0.308 0.136 0.070
MAGIC(Su et al. 2022) v 10.188 0.004 0.054 0.042 0.021 0.011|0.188 0.006 0.051 0.134 0.021 0.013
CapDec' (Nukrai, Mokady, and Globerson 2022) v 10.537 0.156 0.206 0.435 0.465 0.134|0.429 0.072 0.136 0.336 0.127 0.054
DeCap'(Li et al. 2023) v 10.531 0.125 0.188 0.403 0.427 0.126|0.485 0.096 0.143 0.351 0.213 0.079
MacCap v 10.614 0.174 0.223 0.459 0.697 0.157|0.564 0.153 0.189 0.414 0.358 0.124

Table 3: Zero-shot In Domain Captioning: The notation "P.", "I.", and "T." are used to represent paired data, unpaired image
data, and unpaired text data, respectively. We reproduce Magic, CapDec, and DeCap under frozen language model setting and

mark them with f. Results tagged % are from (Su et al. 2022)

VQAV?2 Val (%) MSCOCO
Method | 001" Tops Toplo |R, C S
Finetuned Language Model
CapDec’ 0.86 3.13 371 | 0.518 0918 -
DeCap’ 4.09 10.89 14.33 |- 0912 0.187
Frozen Language Model
Baseline 326 724 1121 |- - -
CapDec 6.53 11.06 15.00 | 0.435 0.465 0.134
DeCap 6.00 11.81 15.57 |0.403 0.427 0.126
MacCap 7.96 14.00 18.72 | 0.459 0.697 0.157

Table 4: Zero-shot VQA results on VQAV?2 validation set:
1 means the models come from the official release. Our
method achieves superior performance under a frozen lan-
guage model setting.

text embeddings are used as input for the adaptor decoder.
The w/ noise or w/o noise indicate whether adding noise to
the embedding. We present the results in Table 5. Based on
the results, we can conclude that the strong performance of
our approach can be attributed to the effective combination
of noise injection and sequential representation.

Zero-shot Caption Generation We conduct an ablation
study based on the model trained with region noise. We mod-
ified the input image feature of the adaptor decoder module.
We defined two modes: CLS token indicate I, doesn’t con-
tain subregion features I, and subregion aggregation indi-
cate I, is the sum of I, and I.. Furthermore, we incorpo-
rated the sampling and filtering strategy. The obtained out-
comes are illustrated in Table 5. Our observations reveal that
the adoption of the sampling and filtering approach led to a
noteworthy improvement in the BLEU metric, signifying the
rectification of erroneous instances within the generated cap-
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Flickr30K

Method Bel Be4 M R, C S

Text Reconstruction Training

single token w/o noise | 0.396 0.055 0.123 0.277 0.147 0.070
single token w/ noise | 0.445 0.082 0.110 0.282 0.143 0.065
multiple token w/o noise| 0.388 0.049 0.122 0.277 0.135 0.060
multiple token w/ noise | 0.520 0.107 0.153 0.369 0.197 0.084

Zero-shot Caption Generation

CLS token 0.493 0.096 0.134 0.350 0.140 0.064
subregion aggregation | 0.520 0.107 0.153 0.369 0.197 0.084
sampling and filtering | 0.542 0.130 0.152 0.378 0.199 0.078

Table 5: Ablation Results on Flickr30K datasets: We evaluate
the effectiveness of our training and inference paradigms.

tions. However, its impact on semantic comprehension and
contextual coherence was relatively modest in comparison.

Conclusion

We present an in-depth analysis of the modality gap phe-
nomenon in the CLIP latent space, uncovering two key phe-
nomena: tighter proximity of CLIP visual features within im-
age subregions to paired captions and a modality gap ad-
hering to a zero-mean Gaussian distribution. In response
to these insights, we introduced a novel approach—region
noise-injected text reconstruction training. Leveraging sub-
region feature aggregation in zero-shot caption generation,
we harnessed subregion information to create a closer visual
representation with paired caption representation. Addition-
ally, we propose an inference-time noise and CLIP reranking
to further boost performance. Experimental results demon-
strate that MacCap outperforms state-of-the-art methods.
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