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Abstract

Achieving robust performance in vision-language tasks re-
quires strong multimodal alignment, where textual and visual
data interact seamlessly. Existing frameworks often combine
contrastive learning with image captioning to unify visual and
textual representations. However, reliance on global repre-
sentations and unidirectional information flow from images
to text limits their ability to reconstruct visual content accu-
rately from textual descriptions. To address this limitation,
we propose BiMAC, a novel framework that enables bidirec-
tional interactions between images and text at both global
and local levels. BIMAC employs advanced components to
simultaneously reconstruct visual content from textual cues
and generate textual descriptions guided by visual features.
By integrating a text-region alignment mechanism, BIMAC
identifies and selects relevant image patches for precise cross-
modal interaction, reducing information noise and enhancing
mapping accuracy. BIMAC achieves state-of-the-art perfor-
mance across diverse vision-language tasks, including image-
text retrieval, captioning, and classification.

Introduction

Research on the interaction between language and vision has
progressed remarkably in recent years, focusing on tasks that
require the accurate integration of textual and visual features
(You et al. 2024; Zareapoor, Shamsolmoali, and Lu 2024;
Chen et al. 2023). For instance, tasks such as image caption-
ing require generating coherent and contextually accurate
textual descriptions of visual content. Similarly, image-text
retrieval involves matching images with their correspond-
ing textual descriptions or vice versa, without clear bound-
aries between the two modalities. These tasks demand so-
phisticated multimodal alignment techniques capable of ef-
fectively integrating and interpreting both visual and tex-
tual information. Advanced models in this domain utilize
a contrastive learning objective to strengthen global repre-
sentations between modalities. In this approach, models are
trained to ensure that similar items from different modal-
ities, such as a specific image and corresponding caption,
are positioned closely in the representation space, while
dissimilar items are pushed apart. Examples of such mod-
els include CLIP (Radford et al. 2021), mPLUG (Xu et al.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2023), and ConVQG (Mi et al. 2024), which have achieved
significant improvements in vision-language tasks. BEiT-
v3 (Wang et al. 2023a) uses masking techniques to predict
missing components in images, treating images as a form of
language. However, its reliance on task-specific fine-tuning
poses a challenge, as it reduces its flexibility to be directly
applied across various tasks without additional training.

One notable model is Contrastive Captioners (CoCa),
which combines contrastive learning with image captioning
techniques (Yu et al. 2022), producing a pretrained model
effective in both retrieval and captioning tasks. However,
CoCa only integrates visual cues to generate textual descrip-
tions, it does not utilize the visual context for image recon-
struction from textual cues. This one-dimensional approach
restricts the model’s understanding of multimodal relation-
ships. Recent vision pre-training methods (Xie et al. 2022;
He et al. 2022; Bica et al. 2024; Ma et al. 2024) have shown
that image reconstruction can lead to strong content repre-
sentations. By applying this principle to multimodal tasks
(where textual information is integrated into the image re-
construction process and local interactions are emphasized),
text and image representations can be merged into a single
space, thereby enabling more precise and meaningful bidi-
rectional interactions. For instance, Ma et al. (2024) pro-
posed text-guided masked image modeling to construct vi-
sual features from textual guidance, addressing the balance
between global and local interactions in multimodal tasks.

Building on these, we introduce BIMAC, a simple yet ef-
fective framework designed to enhance alignment between
image and text data. BIMAC leverages image-to-text gen-
eration for summarizing visual data into textual descrip-
tions, and text-to-image reconstruction ensures that these
textual summaries retain sufficient information to recon-
struct the original image. The contrastive learning objective
reinforces alignment by encouraging paired image-text em-
beddings to be close in a shared latent space, while unrelated
pairs are pushed apart. However, achieving effective mul-
timodal alignment requires addressing a critical challenge:
while images contain dense, detailed information, text de-
scriptions are often sparse and focus on salient elements
(i.e., textual descriptions often omit significant details that
are present in images). This creates a mismatch in the level
of detail between the two modalities. To bridge this gap, our
model identifies the most relevant image patches for align-
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Figure 1: Our multimodal (vision-language) model is struc-
tured with four components: encoders for both text and im-
age inputs, along with decoders that handle text-to-image
and image-to-text transformations. The model is built upon
multiple training objectives: multi-pair contrastive learning
(MCL), vision-to-language mapping (caption generation),
image reconstruction (GIT), and text-region alignment.

ment with textual descriptions while prioritizing less seman-
tically salient regions (e.g., background details that are often
omitted in text) for text-to-image reconstruction. This dual
focus ensures that the model captures both the high-level se-
mantics and fine-grained visual details necessary for multi-
modal alignment. Specifically, we achieve this fine-grained
alignment using a cross-modal entropy mechanism, where
text tokens attend to image patches based on learned simi-
larity scores. Patches with the highest similarity scores are
selected for textual alignment, ensuring that the model pri-
oritizes the most semantically relevant regions.

Unlike global alignment methods that treat images and
text as monolithic entities, our fine-grained alignment ap-
proach captures local correspondences between tokens and
patches, which is particularly important for aligning concise
textual descriptions (e.g., a birthday party) with dense visual
scenes, where multiple elements such as objects and actions
must be jointly considered. Extensive experiments demon-
strate the superiority of our model over state-of-the-art mod-
els in various vision-language tasks.

Related Work

Multimodal Representation Learning. In recent years,
significant advances have been made in multimodal align-
ment, particularly in integrating vision and language (Cao

et al. 2024; Hu et al. 2024; Mi et al. 2024; You et al.
2024). Traditional approaches often relied on separate mod-
ules for each modality, such as object detection frameworks
to extract visual features and natural language processing
to process text. For example, works by Chen et al. (2020)
and Zhang et al. (2021) utilized pre-trained object detection
models to align visual representations with corresponding
textual features, facilitating the fusion of these modalities.
Subsequent research (Kim et al. 2022; Bao et al. 2022b)
shifted towards developing multimodal transformers that are
trained from scratch to jointly learn from both visual and
textual inputs. This evolution led to the introduction of large-
scale vision-language models like CLIP and ALIGN (Rad-
ford et al. 2021; Jia et al. 2021), which exemplify these
advancements through their dual-encoder frameworks with
contrastive loss. These models achieve efficient cross-modal
alignment and enable tasks like zero-shot classification.
Another technique (Yuan et al. 2021) introduced unified
contrastive learning to enhance the interaction in image-text
benchmarks. CoCa (Yu et al. 2022) has extended this
approach by incorporating image captioning via a decoder,
enhancing local interactions between visual and textual
input. SyCoCa (Ma et al. 2024) improved upon this by
employing an attentive masking strategy for image mod-
eling guided by textual information. In contrast, our work
introduces a novel approach that integrates caption gener-
ation and image generation tasks to reinforce bidirectional
interactions between modalities. This method specifically
emphasizes fine-grained alignment by focusing on image
patches paired with detailed textual descriptions, addressing
the inherent abstractness of image captions. By targeting
fine-grained alignment, our model sets itself apart from
other bidirectional generation methods that rely on discrete
auto-encoders for generating images from text.

Masked Modeling in Language and Vision. Masked mod-
eling has become a cornerstone in both language and vi-
sion domains, serving as a powerful pre-training strategy for
learning rich representations. In language, masked strategy
has been widely adopted, where models are trained to pre-
dict masked tokens in a text sequence (Yang et al. 2022; Park
and Han 2023). Similarly, in the vision domain, masked im-
age modeling (MIM) has gained significant traction, where
models are trained to predict or reconstruct masked portions
of an image, often guided by textual descriptions (Wang
et al. 2023a; You et al. 2024; Peng et al. 2023; Wang et al.
2023b). This approach has been pivotal in vision transform-
ers (Dosovitskiy et al. 2021; Bao et al. 2022a; Peng et al.
2023), which use strategies like mean color prediction, con-
verting image patches into discrete tokens via a VAE net-
work, and pixel clustering, to enhance representation learn-
ing. In the context of multimodal learning, masking strat-
egy (MIM) has been enriched through joint representation
learning. MAMO (Zhao et al. 2023), MaskVLM (Kwon
et al. 2023), SyCoCa (Ma et al. 2024), BEIiT (Wang et al.
2023a; Peng et al. 2023), SPARC (Bica et al. 2024) and
EVE (Chen et al. 2023) have integrated MIM into multi-
modal pre-training, where the models are trained to predict
randomly masked image patches or text tokens. These ad-



vancements have significantly contributed to the refinement
of cross-modal alignment and representation learning. Un-
like existing models that rely heavily on masking strate-
gies, which often introduce challenges for achieving effec-
tive bidirectional learning, our model presents a simple yet
novel approach to facilitate bidirectional interactions with-
out the need for masking. Indeed, masking, while useful for
occluding parts of the input during training, inherently bi-
ases the model towards reconstructive tasks, rather than fos-
tering a true bidirectional exchange between modalities (Tou
and Sun 2024). Our proposed model eliminates the limi-
tations of masking-based methods, enabling more efficient
and precise integration of visual and textual information.

Proposed BIMAC

We propose BIMAC, which uses bidirectional interactions to
generate detailed textual and visual representations within
a unified latent space. While CoCa (Yu et al. 2022) has
made significant progress by combining image captioning
with a contrastive objective, it primarily focuses on gener-
ating text from images, limiting its capacity to utilize tex-
tual information for reconstructing visual content. This uni-
directional interaction restricts the potential for comprehen-
sive vision-language alignment. To address this, BIMAC en-
hances bidirectional alignment through several key objec-
tives (as detailed in Algorithm 1): Multi-Pair Contrastive
Learning (MCL) enhances the alignment between visual and
textual representations; Caption Generation (CG) focuses on
generating textual descriptions based on image content; and
Generating Image from Text (GIT) facilitates precise con-
nections between specific visual elements and textual input.
Architecture Overview. Our architecture is shown in Fig-
ure 1. The image encoder Eiy, processes the input I and
generates patch embeddings F; using vision transformer.
Each embedding corresponds to a specific image patch and
an additional [CLS] token for a global image representation

Emg(I) = {f1, fo .-, fp, [} ¢))

with P number of patches. For a caption C, nouns are ex-
tracted and embedded using the language encoder Ei

Etext(T) = {Wh Wo... ;WW}7 (2)

where W is the number of nouns in the caption. To enhance
interactions between image and text representations, Bi-
MAC employs a bidirectional multimodal framework with
image and text decoders, each utilizing cross-attention trans-
formers, to merge information from both modalities. This
enables two complementary modes of interaction: i) Text-
to-Image Guidance, where text features guide the visual rep-
resentation by focusing on relevant regions or features in
the image. ii) Image-to-Text Guidance, where image fea-
tures refine text interpretation by emphasizing salient words
or phrases aligned with visual content. Both modes rely on
cross-attention mechanisms, where one modality (e.g., im-
age) serves as the query and the other modality (e.g., text)
provides the key and value, facilitating interaction between
image and text representations. This ensures a comprehen-
sive mutual understanding of the image-text pairs. For ex-
ample, the image decoder benefits from text features, and

Algorithm 1: BIMAC: Bidirectional Multimodal Alignment

Require: Paired image-text dataset (/;,T;)
Ensure: Multimodal representations, vision-to-language
mapping (caption generation), and reconstructed images
1. Step 1: Encode Image and Text
2: for each (I;, T;) in the batch do
3: F; < Eimg(I;) > Visual embeddings from image

encoder

4: T; + Ewx(T;) > Textual embeddings from text
encoder

5: end for

6: Step 2: Multi-Pair Contrastive Learning

7: LycLr < Compute contrastive loss between Ffls and
T;cls
8: Step 3: Vision-to-Language Mapping (CG)
9: Lcg < Compute caption generation loss using text de-
coder Dy
10: Step 4: Visual Reconstruction Form Text
11: Reconstruct patches 7; <= Dipg (Fk¢d T7)
12: Lgir < Compute reconstruction loss
13: Step 5: Fine-Grained Text-Region Alignment
14: S + W,F," > Compute alignment scores between text
tokens and image patches using bipartite matching
15: Step 6: Compute Total Loss
16: Lot <= Lmcr + AccLeg + AairLarr
17: Optimize model parameters using Ly,

the text decoder integrates image features to generate con-
textually aligned and visually grounded captions.

Learning from Image-text Pairs

To train the BIMAC model, we utilize a dataset comprising
paired images and their corresponding textual descriptions,
denoted as (I;,T;). The image encoder Ein, takes the input
image [ to generate visual embeddings (as defined in Eq. 1),
and the text encoder Ei; encodes the textual description T’
to produce textual embeddings (as defined in Eq. 2). To align
these visual and textual embeddings, we employ a multi-pair
contrastive learning (MCL), which forms a key component
of the model’s bidirectional alignment mechanism.

Multi-Pair Contrastive Learning (MCL): The MCL loss
consists of two terms: an image-to-text alignment and a text-
to-image alignment loss. Together, these components aim
to maximize the similarity of positive pairs (a caption and
its corresponding image) while minimizing the similarity of
negative pairs (unrelated captions and images). For a batch
of B image-text pairs, the image-to-text alignment loss is

exp(sii/7)
Yoy exp(sii/T)

where s;; is similarity score between the i-th image em-
bedding (f;) and its paired text embedding w;, and s;; is
similarity score between the i-th image embedding (f;) and
unrelated text embeddings (w;). This ensures that each im-
age embedding f; aligns closely with its paired text embed-
ding w;, while being dissimilar to unpaired text embeddings.

3)

Lt = —log



Similarly, the text-to-image alignment loss is defined as

exp(s;;/7)
—_— “4)
S exp(sii/7)

This ensures that each text embedding w; aligns closely
with its paired image embedding f;, while being dissimi-
lar to unpaired image embeddings. The parameter 7 is a
temperature parameter for sample ¢ with B batch size. By
controlling the sharpness of the softmax distribution, we
can effectively influence the learning process, leading to im-
proved model performance for interactions between images
and text. Then, the final MCL loss is the average of the two
alignment losses over the batch B

Ly = —log

B
1
LyvcL = 3B ;(LIT + Lry) (5)

This bidirectional formulation ensures that the model’s
understanding is not one-sided; it reinforces the interaction
in both directions (image-to-text and text-to-image), thus
improving the overall performance in multimodal tasks.

Vision-to-Language Mapping (caption generation): Cap-
tion generation (CG) aims to produce detailed text descrip-
tions 1" for corresponding images I. Following (Yu et al.
2022; Bica et al. 2024; Ma et al. 2024), our model consists
of an image encoder Eing and a text decoder Dyy,. The pro-
cess involves two main steps: encoding the image into a fea-
ture representation and decoding this representation into a
sequence of words (caption), as

B |Ty|
Leg =— Y log P(T}|E(L;), C) - R(Ty, 1), (6)

=1 t=1

where Ot = {T}, T2, ..., T/} represents all previously
generated words in the sequence up to step ¢, B is the num-
ber of images in a batch, 77 is the ¢-th word in the generated
caption for the i-th image, and E(I) is the image feature
representation obtained from the image encoder. In this map-
ping process, the decoder predicts the next word 77/ at step ¢
based on the image feature representation and the previously
generated words, P(TY|E(I;),C;) = Dy (E(I),C;). The
reward function R(T;, I;) evaluates the quality of the gen-
erated caption, incorporating metrics like CIDEr or BLEU.
This function implicitly guides the visual representation by
rewarding captions that accurately describe the image re-
gions. Image features from the encoder (&;,,4) directly in-
fluence the probability distribution over tokens, ensuring
that the generated text aligns with the visual content.

Generating Image Patches from Textual Cues: While vi-
sual features are often rich and complex, textual descriptions
can be inherently limited in expressiveness. This discrep-
ancy can create challenges in achieving balanced interaction
between modalities (He et al. 2022; Ma et al. 2024). To ad-
dress this, we propose a patch-based reconstruction method
where textual cues guide the generation of image patches.
Given an image I, its regions are divided into m non-
overlapping patches encoded by the image encoder E;;,g,

as R = [rq,ra,...,7y]. From the associated caption C, all
nouns are extracted and embedded using a text encoder Fy ¢
as defined by W = [wq,ws, ..., wy], where the W is the
number of extracted nouns/words. To align textual cues with
visual patches, the region (patches)-word assignment task is
formulated as a bipartite matching problem (Kuhn 1955).
The alignment cost is computed as S = WRT, where S
represents the alignment scores between textual tokens and
visual patches. This alignment loss is defined as

| T w’
1
Larr = T > logo(sf) + > log(l—a(s;)). (7)
=1 j=1

o is the sigmoid activation, s;; is the alignment score be-
tween the i-th word embedding and the k-th region feature,
and W' represents a set of negative samples (e.g., nouns
from unrelated captions in the batch). Negative samples dis-
courage spurious alignments, further improving the model’s
grounding capability. This loss ensures that key objects in
the image are explicitly reflected in the caption by align-
ing visual regions with their most semantically relevant tex-
tual tokens. Using the grounded text embeddings W, (re-
sulting from the grounding process), a patch reconstruc-
tion decoder D,, reconstructs each patch as: #; = Dp(w;),
where w; is the grounded text embedding for the j-th patch.
The reconstructed patches {71, - - - , 7, } are then assembled
into a complete image I. To ensure accurate reconstruction,
we minimize the pixel-wise difference between the origi-
nal and reconstructed patches using the reconstruction loss
Lyec = = > iy lrj = 7], with [[. ][+ as the L1 norm. This
fine-grained interaction enables a more detailed and inter-
pretable connection between visual and textual modalities.

Training Objective: The training objective is defined by
integrating the above losses into a unified objective function.

Lyice, for image-text pairs
Liotar= { AccLcg, caption generation from image cues
AgirLair  image generation from textual cues

®)

In summary, Ly ensures that image-text pairs are well-
aligned in a shared semantic space. Lcg guides the model
to generate detailed captions for images, leveraging both vi-
sual features and linguistic context. Lgrr establishes fine-
grained cross-modal interaction, aligning specific image re-
gions with corresponding textual tokens, enabling effective
image reconstruction from textual cues. To improve training
efficiency for image-text pairs and image captioning, a low-
resolution input (2562) with a batch size of 1024 is adapted.

Experimental Results

To ensure fairness and consistency in our experiments, we
adopt the CoCa framework as the base architecture, config-
uring our model with CoCa-Base settings for the text en-
coder/decoder and the image encoder. Different from CoCa
we also have an image decoder D, that is similar to the text
decoder but focuses on region-specific features rather than
single-step pixel prediction. The Adam optimizer with an
initial learning rate of 2 x 10~% combined with a cosine de-
cay schedule. The model was trained over 30 epochs using
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Figure 2: Visual comparison between CoCa (top row) and BIMAC (bottom row) in processing image-caption pairs. BIMAC
demonstrates superior alignment with captions by accurately focusing on relevant regions of the images. For example, in the
leftmost image, BIMAC distinctly highlights both the dog and the sheep in a green field, aligning precisely with the caption.
Similar improvements are evident across other examples, showing BIMAC’s capability in fine-grained region-word alignment.

| Flickr30K (1K test set)

| COCO (5K test set)

Model ‘ Image-to-Text

Text-to-Image |

Image-to-Text Text-to-Image

|IR@1 IR@5 IR@10 TR@I TR@5 TR@10|IR@1 IR@5 IR@10 TR@1 TR@5 TR@10

BEiT-v3 (Peng et al. 2023) | 45.3 73.8 83.0 342 604 72.1 - - - - - -
CoBIT (You et al. 2024) 439 732 - 32.5 60.5 - 16.3 375 - 159 36.5 -
ALIGN (Jia et al. 2021) 423 719 814 309 58.6 71.3 157 36.0 485 14.6 342 46.4
FILIP (Yao et al. 2022) 429 1726 81.8 302 583 71.2 16.1 36.7 49.1 15.1 349 46.9
Florence (Yuan et al. 2021) | 43.5 724 - 314  58.7 - 17.2 378 - 154  36.7 -
SyCoCa (Ma et al. 2024) 459 763 83.5 359 645 75.3 18,5 40.7 532 16.9 39.7 51.6
SPARC (Bica et al. 2024) 454 76.1 82.9 36.2 649 76.1 18.7 412 528 16.5 39.5 51.8
CoCa (Yu et al. 2022) 437 729  82.1 324  60.7 71.6 169 376 493 16.1 36.2 47.1
BiMAC 46.8 772 843 36.8 65.1 76.5 194 416 538 17.5 408 52.0
Improv. (%) | +7.1 459 427 +13.6 +74 469 |+148 +10.6 +9.1 487 +127 +11.0

Table 1: Zero-shot result of image-to-text & text-to-image retrieval on Flickr (Plummer et al. 2015) and COCO (Lin et al. 2014).

8 RTX 3090 GPUs, with a batch size of 1024 and an image
resolution of 256 x 256. The coefficients were setto A\cg = 1
in line with CoCa, Agir = 0.7 and the temperature 7 = 0.5.

Main Results

Pretraining Datasets. The pretraining process uses
two versions of conceptual captions datasets, i.e., CC3M
(Sharma et al. 2018) and CC12M (Changpinyo et al. 2021)
(together denoted as CC15M), which, after filtering out in-
valid URLs, consists of 13M image-text pairs. This dataset is
a standard benchmark for vision-language pretraining evalu-
ations and has been employed in several recent studies (Tian
et al. 2024; Wang et al. 2023a; Yao et al. 2023). We evalu-
ate BIMAC on several tasks, including image-text retrieval,
captioning, zero-shot, and fine-tuned image classification.
Details of additional datasets used for these evaluations are
provided in the supplementary file. Figure 2 presents a visual
comparison between BIMAC (bottom row) and CoCa (top
row). Our model, BIMAC, consistently outperforms CoCa
by producing more targeted and precise attention maps that
focus on the regions of the images most relevant to the cap-
tions. For instance, in the third pair (birds perched on a

branch), BIMAC sharply focuses on the birds, distinguish-
ing them from the surrounding leaves. In contrast, CoCa’s
attention is more diffuse, spreading across the branch and
the leaves, which dilutes its effectiveness in identifying the
specific subjects mentioned in the caption. This shows that
BiMAC is more effective at identifying the specific subjects
mentioned in the caption, especially in scenes where ob-
jects are closely packed. Overall, BIMAC shows a more re-
fined focus on the critical elements described in the captions,
where CoCa’s attention is less precise and more dispersed.
Zero-shot Image-Text Retrieval: The models are trained
to find the most relevant sample corresponding to a spe-
cific input across different modalities, using the Flickr30K
and MSCOCO datasets. As shown in Table 1, BIMAC out-
performs the CoCa model, achieving improvements in Re-
call@1 ranging from 7% to 15%. This gain highlights the
cross-modal alignment in BIMAC, enabling more accurate
matching between visual content and textual queries.

Zero-shot Image Captioning: In this experiment, the mod-
els generate captions that accurately describe the content of
images. Following (Wang et al. 2023b), we fine-tune the
models on the COCO Captions dataset (Lin et al. 2014) and



‘ COCO NoCaps

‘ BLEU@4 METEOR CIDEr SPICE ‘ BLEU@4 METEOR CIDEr SPICE
BLIP (Li et al. 2022) 21.4 - 70.6 - 12.6 21.5 - -
VinVL (Zhang et al. 2021) 19.5 20.9 68.2 16.2 - - 49.4 10.1
SyCoCa (Ma et al. 2024) 22.4 23.6 75.6 16.8 129 22.8 54.8 10.5
SimVLM (Wang et al. 2022) 21.7 23.1 72.3 17.1 12.3 - 53.7 10.4
ViILTA (Wang et al. 2023b) 22.6 22.4 74.6 16.2 - - 549 10.7
CoCa (Yu et al. 2022) 21.9 22.7 71.8 16.5 12.8 22.7 54.1 10.4
BiMAC 23.5 24.1 75.9 17.3 13.2 234 55.3 10.9
Improv. (%) | +73 +6.2 +5.7 +4.8 | +3.1 +3.0 +2.3 +4.8

Table 2: Results on image captioning on NoCaps and COCO Caption. We report BLEU@4, METEOR, CIDEr, and SPICE
scores on the Karpathy test split. The last row shows the performance improvement of our model over CoCa.

Model | INet-IK DTD Flowers Food-101 CIFARI0 CIFAR100 Caltech SUN397 | Avg.
StableRep (Tian et al. 2024) ‘ 294 61.5 72.1 72.4 67.2 32.6 66.8 54.3 ‘ 56.9
CoCa (Yu et al. 2022) 28.2 59.0 69.3 69.7 66.3 31.5 65.1 52.6 55.2
BiMAC 31.6 61.9 70.5 72.9 68.5 33.7 67.5 54.7 58.4

Improv. (%) ‘ +12.0 +49 +1.7 +4.5 +3.3 +6.9 +3.6 +3.9 ‘+5.8

Table 3: Zero-shot classification accuracy (%) on various datasets: ImageNet—1K (Deng et al. 2009), DTD (Cimpoi et al. 2014),
Flowers (Nilsback and Zisserman 2008), and Food101 (Bossard, Guillaumin, and Van Gool 2014), as well as CIFAR10 and
CIFAR100 (Krizhevsky, Hinton et al. 2010), SUN397 (Xiao et al. 2010), and Caltech (Fei-Fei, Fergus, and Perona 2006). The
models are pre-trained on the CC15M. BiMAC outperforms CoCa across most datasets with an average improvement of 6.0%.

evaluate their performance using metrics: BLEU@4, ME- Method | SPEC VALSE
TEOR, CIDEr, and SPICE. As shown in Table 2, BIMAC ‘ DT ToI T I G
consistently outperforms all baselines, achieving improve-

ments over CoCa ranging from 4% to 7%. We further evalu- CLIP 337 304 682 292 106 84
ate the models on the NoCaps dataset (Agrawal et al. 2019) FLAVA 30.1 298 ) 257 128 90

Winoground

in a zero-shot setting, without any additional fine-tuning. ?/i];;l/)[in-CLIP ii; 2;; 72' ) ggg }2% ;g
BiMAC again surpasses CoCa, with improvements ranging ViLT 365 329 706 339 140 93

from 2% to 4%. These results highlight the importance of
bidirectional interaction in BiMAC, which enhances modal- CoCa 343 325 695 307 112 87
ity alignment and leads to more effective caption generation. BiMAC 397 362 741 345 149 98
+12.4 +33.0 +12.6

. . . . Improv. (% +15.7 +11.4  +6.5
Image Classification Results: The zero-shot classification mprov. (%) _| i

performance of BIMAC and CoCa is evaluated across eight
datasets, which include various coarse-grained categories
like flowers and foods. As shown in Table 3, BIMAC es-
tablishes new state-of-the-art results in zero-shot classifica-
tion on ImageNet, with an average accuracy improvement
of 12% over CoCa. For fine-grained classification tasks, we
evaluated BIMAC against CoCa and other vision-language
models on three challenging datasets: SPEC (Peng et al.
2024), VALSE (Parcalabescu et al. 2021), and Winoground
(Thrush et al. 2022). These benchmarks are designed to test
visual fine-grained understanding and are particularly chal-
lenging due to the presence of hard negatives and com-

Table 4: Fine-grained classification on the challenging
SPEC, VALSE, and Winoground benchmarks. The last row
is the percentage improvement of BIMAC over CoCa.

ments of +16% and +11%, respectively. On the Winoground,
which emphasizes contextual and semantic alignment, Bi-
MAC shows substantial gains, achieving a +33% improve-
ment in image understanding (I) and +12% in text under-
standing (T). Notably, VisMin-CLIP (Awal et al. 2024) per-
forms better than most other baselines; however, BIMAC

plex multimodal interactions. As detailed in Table 4, Bi-
MAC significantly outperforms CoCa and other baselines
across all benchmarks. On the VALSE benchmark, BIMAC
improves accuracy from 69.5% (CoCa) to 74.1%, marking
a relative improvement of +6.5%. Similarly, on the SPEC
dataset, BIMAC achieves notable gains in both image-to-text
(I2T) and text-to-image (T2I) retrieval tasks, with improve-

achieves superior results in most cases, demonstrating its ef-
fectiveness in handling challenging multimodal tasks.

Ablation Study

To evaluate the effectiveness of specific training objectives
within BIMAC, we performed comparative experiments.
The models are trained on the CC3M+CC12M datasets (re-



| MCL CG

RF GIT Grounding‘

Flickr30K

MSCOCO

‘ ImageNet-1K  CIFAR10 Caltech

Avg.
| | mTR  mIR mTR mIR |

X 60.7 514 31.7 305 29.1 67.4 64.8 479

CoCa X X 659 547 345 33.2 28.2 66.3 65.1 49.7
X X X 67.6 56.8 36.1 354 29.7 67.2 66.5 51.3

X X X X 68.7 586 375 358 30.6 67.9 67.4 52.4

X X X X 689 59.1 37.8 36.3 31.2 68.4 67.5 52.5

Ours ‘ X X X X X ‘ 694 595 384 369 ‘ 31.6 68.5 67.5 53.1

Table 5: Ablation study shows the impact of different combinations of training objectives on model performance. MCL: multi-
pair contrastive learning, CG: caption generation, RF: reward function applying in caption generation, GIT: image generation
from textual cues, and grounding is applied on the image generation step. The metrics mIR and mTR represent the mean
retrieval accuracy across the top 1, 5, and 10 recall. We evaluate zero-shot retrieval performance on the MSCOCO and Flickr30K
datasets, as well as classification accuracy on ImageNet-1K, CIFAR10, and Caltech. Models are pre-trained on the CC15M.

ferred to as CC15M), which, after filtering out invalid URLs,
consist of 13 million image-text pairs. This dataset is a stan-
dard benchmark for vision-language pretraining evaluations
and has been employed in several recent studies (Yao et al.
2023; Tian et al. 2024). The results are summarized in Table
5, presenting the following key findings.

When using only the MCL objective (row-1), the model
shows relatively low performance on the retrieval task;
for example, the mean retrieval accuracies (mTR/mIR) are
60.7%/51.4% on Flickr30K, which falls short compared to
CoCa and BiMAC. This reflects the limitation of relying
solely on contrastive learning for cross-modal understand-
ing. Adding the caption generation (CG) objective (row-
2) significantly improves performance. For instance, on
Flickr30K, the retrieval accuracy increases to 65.9% (mTR)
and 54.7% (mIR), and classification tasks also observe con-
sistent gains. This highlights the importance of incorporat-
ing caption generation for better alignment between modal-
ities. Integrating the reward function into caption generation
(row-3) further enhances performance, particularly in zero-
shot retrieval tasks. The introduction of GIT (row-4) boosts
performance by adding bidirectional interactions, particu-
larly in tasks requiring textual information to guide visual
reconstruction. The average performance increases signifi-
cantly across both retrieval and classification tasks.

Adding the grounding strategy (row-5) results in notable
improvements, especially in zero-shot retrieval. For exam-
ple, on Flickr30K, the model achieves 68.9% (mTR) and
59.1% (mIR), showing the critical role of grounding in
aligning textual tokens with image patches for enhanced
fine-grained understanding. With all objectives integrated
(MCL, CG, RF, GIT, and Grounding) in BIMAC (row 6), the
model achieves state-of-the-art performance across tasks,
with an average improvement of 15% over CoCa. While
the reward function has a modest impact, it complements
caption generation by refining the quality of generated de-
scriptions. Using GIT without adding the grounding (row-
5) leads to lower performance. We also explored the effects
of the weights for the image generation through the textual
cues. Specifically, we adjusted the Agyr within the range of
[0.1,1.5], and results presented in Table 6 show that changes
in Agir have a negligible impact on overall performance.

| Flickr30K MSCOCO ‘ImageNet CIFARIO Caltech
Aot | mMTR mIR mTR miIR |

0.1 | 69.1 59.1 379 358 30.5 65.7 67.4
04 | 69.5 594 382 36.5 314 66.9 67.8
0.7 | 694 59.5 384 369 31.6 68.5 67.5
1.0 | 692 59.5 38.1 36.7 31.8 68.9 67.1
1.5 | 687 582 373 354 30.7 67.1 66.5

Table 6: Ablation experiments on different values of Agrr.
For the COCO and Flickr30K, we report mTR (mean Text
Retrieval) and mIR (mean Image Retrieval) metrics, while
for the ImageNet, CIFAR10, and Caltech datasets, we report
classification accuracy. The models are pre-trained on the
CC15M dataset. The results indicate that the optimal perfor-
mance is achieved at A\ = 0.7, however, increasing beyond
1.0 leads to a significant decline in performance.

Consequently, we selected A = 0.7 for the final training, as
it provided the best balance between the different objectives.

Conclusion

We introduced BiMAC, a novel vision-language pretrain-
ing framework that establishes state-of-the-art performance
across a diverse range of downstream tasks. Unlike tradi-
tional models that rely on masking strategies or unidirec-
tional generation, BIMAC introduces a simple yet effective
architecture that incorporates contrastive learning, caption
generation, and image reconstruction to foster robust mul-
timodal understanding. Central to our approach is the use
of fine-grained text-region alignment, which identifies and
aligns the most relevant image patches with their corre-
sponding textual descriptions. This targeted alignment en-
sures that the model captures meaningful cross-modal con-
nections, enhancing its capability to perform tasks requiring
a nuanced understanding of image-text relationships. The
effectiveness of BIMAC is validated through comprehen-
sive experiments on different vision-language benchmarks,
demonstrating its strong generalization capabilities.
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