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The majority of present contemporary models 
are focused on just one of the two tasks, from 
content production to data comprehension. For 
instance, reasoning and captioning are 
categories of content generation, but 
classification and retrieval of data are a 
separate section of understanding. These 
models are therefore anticipated to have 
distinct architectures and training methods. 
The necessity of systems that can integrate 
language and visual activities into a single 
framework has been demonstrated by the quick 
expansion of multimodal research. The 
proposed model is a single transformer model 
that integrates and merges language and visual 
tokens in a single stream arrangement. With an 
overall contribution of cross-modal masked 
modelling for strong representation learning, 
this novel approach enables the simulations 
optimization of objects for generative tasks. 
Experimental tests and evaluation demonstrate 
the need for modality adapters and the trade-
off between generative training goals. This 
work marks the beginning of general-purpose 
multi-modal transformers that can integrate 
generation and comprehension of data in the 
fields of vision and language. 
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1   Introduction  

The recent development at the convergence of vision and language 
understanding has been given a rise by the surging demand for artificial 
intelligence systems to reason over different kinds of data. Models that can 
learn from particular modes and develop a comprehensive understanding 
across them are needed of applications including picture captioning, visual 
question answering (VQA), image-text retrieval and visual reasoning. While 
traditional multi-modal methods were typically task-specific, these methods 
rely on either sophisticated systems with biases or independent image and text 
encoders. These methods work well for certain benchmarks, but they limit 
scalability, raise computational costs and make it difficult to apply them to 
novel multi-modal jobs. A generic approach to sequence modelling has been 
made possible by the development of transformer models. This has expanded 
to include multi-modal learning and natural language processing. Due to their 
twin encoders, early single-stream models like ViLBERT and LXMERT 
exhibited high latency despite having good cross-modal reasoning. Single-
stream models like ViLT later simplified the architecture, but with some 
representation depth. Conversely, contrastive models like CLIP had poor 
generating capabilities but excellent demonstrability for zero-shot 
classification. 

Such developments reveal a significant disparity, depicting that the majority of 
current multi-modal models are either highly proficient at generative tasks. 
Few architectures combine these capabilities into a single yet effective 
transformer framework. In order to address this, a multi-modal-unit 
transformer that utilises lightweight modality adapters and a mixed training 
strategy is developed in this work. This approach combines the goals of masked, 
generative and contrastive modelling. Unlike previous models, this approach 
directly weighs generative fluency against cross-modal alignment. With 
consideration for parameter efficiency, it achieves strong performance on a 
variety of benchmarks. In order to enable scalable multi-modal intelligence, 
this effort aims to develop the idea of general-purpose multi-modal 
transformers that can handle several activities simultaneously. 

MultiModal-UNIT (MMU) is a single-stream transformer that introduces three 
novelties over prior work: (1) lightweight modality adapter modules which is 
inserted at selected transformer layers which can enable modality specific 
specialization without duplicating network params (2) it has hybrid 
contrastive-generative-masked pretraining objective that optimize InfoNCE 
contrastive loss (3) an end-to-end training that avoid frozen components unlike 
BLIP-2 which relies on Query Transformer bridge and frozen encoders or ViLT 
which omits contrastive alignment. MMU integrates these objectives within a 
shared backbone that enables cross-modal coupling. 
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2   Related Work 

The process of converting raw pixels into latent compact features for generative 
modelling in the realm of visual generation depends on picture tokenisation 
[1]–[6]. The vector-quantised tokeniser is also used since it supports auto-
regressive generating models and has a discrete latent space [7], [8]. The 
concept of continuous tokens by mapping them to their closest neighbours in a 
learnable code-book was initially put forth by the revolutionary VQVAE [9]. 
Based on this, VQGAN improved the reconstruction quality by incorporating 
perceptual loss [10]. The transformer design was then used to further improve 
the framework by ViT-VQGAN [11]. Multi-modal large language models 
(MLLMs) have been developed as a result of the extraordinary success of large 
language models (LLMs) [12], [13]. The selection of an effective vision tokenism 
has been the subject of substantial research as a fundamental component of 
MLLMs [14].   

The pre-trained CLIP model, which aligns with language during pre-training, 
is the most widely used option for the vision tokeniser. In order to achieve this, 
some research has investigated the use of VQVAE encoders or CLIP tokens [15]. 
However, it has been observed that these methods significantly impair MLLM’s 
comprehension performance. There is a significant rise in combining visual 
creation and comprehension into a single MLLM that has grown recently [16]. 
In particular, the field of work employs pre-trained diffusion models for image 
production and continuous visual tokenisers for image encoding [17]. Discrete 
tokenised bottlenecks in auto-encoder architectures were first proposed by VQ-
VAE [18]. Better training objectives, more use of VQ code-books and enhanced 
quantisation techniques were among the later enhancements [19], [20]. The 
goal of all these initiatives is to boost visual generation and improve 
reconstruction quality while keeping the same compression budget [21]. Better 
visual representation does not invariably follow from higher reconstruction 
quality [22]. Using LLM as its foundation, Stream-Omni matches the speech 
and visual with the text according to their relationships. Stream-Omni employs 
sequence-dimension concatenation to accomplish vision-text alignment for 
vision that is semantically complementary to text [23]. This study thoroughly 
examined the most recent developments in multi-modal foundation models for 
computational pathological analysis with a focus on three main paradigms: 
vision-language, vision-knowledge graph, and vision-gene expression models 
[24]. The efficacy of QLIP for multimodal comprehension and text-conditioned 
image synthesis using a single model was confirmed in this work. In particular, 
QLIP provides equivalent or even superior performance as a drop-in 
replacement for the graphic encoder for LLaVA and a visual tokeniser for 
LlamaGen [25]. 

Key advancements in Vision-Language Models (VLMs) between 2023 and 
2025 are summarised in Table 1. It has a quick evolution that primarily 
concentrates on instruction tuning and modular designs to increase 
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productivity and develop new features. Large Language Models (LLMs) that 
were frozen were the main model type in 2023. Leading this effort was BLIP-2, 
which is used as a Querying Transformer to link an LLM with a vision encoder. 
The majority of existing models, such as mPLUG-Owl and Otter, focus on in-
context learning or modularity using instruction datasets such as MIMIC-IT. In 
the meantime, Kosmos-1 attracted notice by using interleaved data to train a 
real Multi-modal LLM from scratch. Despite the significant processing cost, it 
successfully demonstrated few-shot reasoning. Whereas OTTER(VLA) 
represents a substantial change, it advances VLMs into the fields of robotics 
and Vision-Language-Action (VLA), going beyond simple passive 
comprehension. This approach improves zero-shot performance in action-
oriented tasks and cross-modal transfer using text-aware feature extraction 

The comprehensive summary of previous work is shown in Table 1. 
 

Table 1 Summary of Recent Vision-Language Model Advances 

 

Existing 
Research 

Model 
Archite

cture 
(type) 

Pretrainin
g 

Key 
Strengths 

Limitation
s 

[1] 

BLIP-2 
(Bootstra

pping 
Language

-Image 
Pretraini

ng) 

Modular: 
frozen 
image 

encoder 
+ small 

Querying 
Transfor

mer + 
frozen 
LLM 

bridge 

Two-stage 
bootstrappin

g: vision–
language 

representati
on with 

frozen vision 
encoder; 

vision→lang
uage 

generative 
bootstrappin

g using 
frozen LLM. 

Very 
parameter-

efficient 
trainable 
footprint; 

strong zero-
shot/genera

tive 
capabilities 

by 
leveraging 

large frozen 
LLMs. 

Relies on 
high-quality 

frozen 
backbones 
and careful 
bridging. 

[2] 
InstructB

LIP 

Instructi
on-tuned 
variant 
built on 
BLIP-2 
(same 

modular 
backbone

) 

Instruction-
tuning on 
multiple 
vision-

language 
instruction 
datasets. 

Strong 
zero-shot 

instruction 
following; 

demonstrat
es 

effectivenes
s of 

instruction 
tuning for 

VLMs. 

Dependent 
on 

quality/dive
rsity of 

instruction 
data. 
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[3] 

mPLUG-
Owl (and 
mPLUG 
family) 

Visual 
knowledg
e module 
+ visual 

abstracto
r + 

frozen 
LLM 

compone
nts 

Modular 
training to 

endow LLMs 
with multi-

modal 
abilities. 

Modulariza
tion enables 

focused 
component

s (OCR, 
long image-
sequence) 

and 
efficient 

adaptation 
to 

document/
vision 
tasks. 

Modular 
complexity 

and 
multiple 

components 
to 

coordinate. 

[4] 
Kosmos-

1 

Multi-
modal 
LLM 

trained 
from 

scratch  

Pretrain on 
arbitrarily 
interleaved 

image & text, 
instruction 
following 
zero-shot 

multi-modal 
chain-of-
thought. 

Shows 
feasibility 
of training 
true multi-

modal 
LLMs with 
interleaved 

data. 

Data and 
compute 
demands 

high 
training 

data 

[5] 

Otter / 
OpenFla
mingo 

derivativ
es 

Flamingo
-style 

interleav
ed 

modality 
encoder 
+ LLM 

connecto
r. 

In-context 
multi-modal 
instruction 

tuning 
(MIMIC-IT 
dataset) for 
improved 

instruction 
following 
and in-
context 
learning 

Demonstrat
es gains 

from multi-
modal in-

context 
examples 
and large 
curated 

instruction 
datasets. 

Complex 
dataset 
creation 
(MIMIC-

IT). 

[6] 

OTTER 
(2025) 
(VLA: 

Vision-
Language
-Action) 

Vision-
Language

-Action 
architect

ure. 

Text-aware 
visual 

feature 
extraction 

for 
action/roboti

c multi-
modal 

objectives 
for 

perception→
action 

Extends 
multi-
modal 
models 
toward 

action and 
robotics. 

Includes 
novel VLA 

focus which 
may require 

new 
benchmarks 

checks. 

 
2.1 Problem Statement 

Although multi-modal AI has developed quickly, there is still a clear issue with 
training and architecture. The majority of the top systems have distinct 
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objectives, encoders or training methods according to whether the intended job 
is generative, like captioning or dialogue, retrieval or classification. BLIP-2, 
MiniGPT-4 & mPLUG are examples of modular systems that show how freezing 
visual encoders and connecting them to large language models can produce 
amazing generative and follow-instructions capabilities at a cheap training 
cost. However, alternative architectures that combine modalities, such as 
Kosmos-1 and Flamingo derivatives, show strong few-shot and zero-shot 
reasoning but require a lot of pre-training and data. In order to achieve broad 
multi-modal skills while managing computing costs, this study proposes an 
integrated single-stream transformer architecture with lightweight paradigm 
adapters and a hybrid contrastive-generative pre-training aim. 

 

3  Research Methodology 
 
3.1 Design of the Proposed Model 

This research introduces MMU, a one-stream transformer model designed to 
efficiently combine generative with vision and language capabilities in terms of 
latency and parameters. Text and image inputs are received by the MMU and 
are tokenised into sequences supplied to a shared transformer backbone. For 
the shared attention layers to determine which modality a token belongs to, 
each token is assigned a specific embedding for that modality, which is 
conjugated to its symbol and spatial embedding. These are small two-layer MLP 
residual blocks that follow selected transformer blocks and have filtering with 
layer normalisation. These adapters pick up several non-linear transformations 
and modality-specific levelling. 

They are made to be narrow (bottleneck dimension << model width), enabling 
specialised calibration and stabilising the blending of several modalities while 
needing few additional parameters. Global multi-modal meanings are 
encouraged to align via the contrastive head. Language modelling and 
conditional generation based on visual material are taught by the generative 
head.  

The combined token stream [CLS_txt,text_tokens, CLS_img,img_tokens..] is 
used by the backbone, which is a multi-layer, multi-head attention transformer. 
L_contrastive is a temperature-scaled InforNCE loss computed on in-batch 
positive pairs (text, image).  To stabilise negatives, it might also employ a queue 
and momentum teacher. This method produces zero-shot transfer behaviour 
and efficient retrieval. L_gen is a teacher-forcing auto-regressive cross-entropy 
loss for captioning. In this case, the decoder either uses causal decoding when 
employing a causal prefix modelling approach or it depends on encoder 
outputs. A cross-modal masked goal is called L_masked. Pixel characteristics, 
patch tokens, or discrete visual tokens can be predicted using masked language 
modelling for word tokens and masked patch modelling for image tokens. This 
enhances robustness and local alignment. When annotated data is provided 
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during pretraining, L_discrim optionally incorporates additional tasks such as 
binary image-text matching or VQA classification. To guarantee that 
contrastive and generative losses complement each other without dominating 
the training, the λ hyperparameters are modified. λ_c:λ_g:λ_m = 1:1:0.5 is the 
standard initial configuration, which is adjusted via ablation. The architectural 
design of the proposed model is depicted in Figure 1.  

 

Fig.1 Architecture Design for MultiModal-UNIT (MMU) 

Deterministic seeds are used to implement the model in PyTorch Lightning. A 
logging tool such as Weights & Biases is used to record checkpoints and 
hyperparameters. A model width of 768, a depth of 12 that resembles a ViT-
base backbone, a patch size of 16 for 224*224 pictures and an effective batch 
size of 4096 for contrastive pre-training are crucial hyperparameters for 
baseline research. The weight decay is set to 0.01, and the base learning rate is 
set at 1e-4 with AdamW. Cosine decay was advised after a 5,000 step-linear 
learning rate warm-up. Before scaling, a correspondingly reduced dataset and 
a small-scale ablation with a batch size between 256 and 1,024 are shown to 
provide computational accessibility. The modality adapters are eliminated 
using different patches, pooling techniques are switched by setting λ to 0 and 
tests are conducted with or without a momentum queue. 
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3.2 Algorithm of the proposed model 
 
Algorithm:  Novel Algorithm for MultiModal-UNIT Training 

1.Input Processing:  
𝑃̃ = 𝐸𝑖𝑚𝑔(𝑃), 𝑇̃ = 𝐸𝑡𝑥𝑡(𝑇) 

𝑍0 = [𝑃̃⨁𝑇̃]  

 

where ⨁ denotes concatenation with positional + modality embedding 

2.Shared Transformer Encoding:  
For each layer 𝑙 = 1. . . 𝐿: 

𝑍𝑙 = 𝐹𝜃(𝑍𝑙 − 𝑙) 

3.Task Specific Representations:  
Contrastive Embeddings: 

 𝑣 = ℎ𝑐(𝑝𝑜𝑜𝑙(𝑃̃)), 𝑢 = ℎ𝑐(𝑝𝑜𝑜𝑙(𝑇̃)) 
Generative Logits: 

 𝑇̃ = ℎ𝑔(𝑍𝐿) ⟹ 𝐿𝑔𝑒𝑛 = − ∑ 𝑙𝑜𝑔 𝑝(𝑡𝑗|𝑡<𝑗 , 𝐼)𝑚
𝑗=1  

Discriminative Output: 

 𝑦 = ℎ𝑑(𝑍𝐿), 𝐿𝑑𝑖𝑠𝑐 = 𝐶𝐸(𝑦, 𝑦∗)  
 

4.Loss Functions:  
Contrastive (InfoNCE):  

𝐿𝑐𝑜𝑛 =  −𝑙𝑜𝑔
𝑒𝑥𝑝(𝑠𝑖𝑚 (𝑢, 𝑣)/𝜏)

∑ 𝑒𝑥𝑝(𝑠𝑖𝑚 (𝑢, 𝑣′)/𝜏)𝑣′
 

Contrastive (InfoNCE):  
𝐿𝑚𝑎𝑠𝑘 =  𝔼𝑀[−𝑙𝑜𝑔 𝑝(𝑥𝑀| 𝑥

𝑀⁄ )] 

5.Total Loss:  
𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆𝑐𝐿𝑐𝑜𝑛 + 𝜆𝑔𝐿𝑔𝑒𝑛 + 𝜆𝑚𝐿𝑚𝑎𝑠𝑘 + 𝜆𝑑𝐿𝑑𝑖𝑠𝑐 

6.Parameter Update: θ ← θ − η∇θ𝐿𝑡𝑜𝑡𝑎𝑙 

3.3 Implementation Details 

MMU is implemented on PyTorch lightening (v2.1). The backbone has a ViT-
Base configuration: hidden dimensions d = 768, transformer layers = 12, 
attention heads = 12, MLP expansion ratio is 4. Images are resized to 224x224 
and split into 16x16 patches with 196 image tokens. Text sequence contains 128 
tokens. In pre-training, we use AdamW with a learning rate of 1e-4 and weight 
decay of 0.01 with cosine annealing after 5000 steps linear warm-up. The batch 
size for contrastive pretraining is 4096, which is achieved by gradient 
accumulation across 34 GPUs x batch size 128. The head sizes of 256-1024 have 
been used for small ablation. The model has been pre-trained on combine 
dataset of MS-COCO, Visual Genome and Conceptual Captions 3M for 30 
epochs, and then it is fine-tuned on task-specific data. The pretraining time is 
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about 48 GPU-hours on 4xA100(80GB) GPUs. The model has 210M 
parameters. Source code and pre-trained will be released upon publication. 

3.4 Algorithm Analysis 

The proposed method proceeds by using a shared token space to symbolise each 
modality. Text is divided into sub-word units while images are divided into 
fixed-size tokens. Each token receives a unique encoding based on its modality 
before being combined into a shared sequence. A multi-layer transformer 
backbone includes lightweight modality translators to allow specialisation 
without network replication. In order to balance efficiency between generative 
and discriminative tasks, the overall training objective is a normalised 
composite of all losses. The computational cost arises from the quadratic self-
attention in the transformer backbone, further making the algorithm scale as 
𝑂(𝐿 ∙ (𝑛 + 𝑚)2 ∙ 𝑑) and space complexity is also dominated by the attention 
maps and hidden states, scaling as 𝑂((𝑛 + 𝑚)2). 

 
4 Results & Discussion 

4.1 Experimental Setup 

Experimental analysis was conducted on benchmark datasets such as MS-
COCO Captions (118K training images, 5k test), VQA v2(443K training QA 
pairs), NLVR2 and Flickr30k(29K training, 1K test) in order to evaluate the 
efficacy of the proposed Multi-Modal Unit framework. Retrieval generation and 
reasoning classification were used to evaluate the recall and accuracy of the 
model. Statistical significance is assessed using two-tailed bootstrap 
resampling (N=10000; p<0.05). Strong multi-modal baselines like BLIP-2, 
Flamingo and CLIP are used to compare the outcomes, which are shown in 
Table 2. 

Table 2 Image-Text Retrieval Performance on MS-COCO (5k test set) 
 

Model 
R@1 
(Image→Text) 

R@5 R@10 
R@1 
(Text→Image) 

R@5 R@10 
Mean 
Recall 

CLIP 
(2021) 

64.8 87.2 93.1 62.3 86.4 92.1 80.9 

BLIP-2 
(2023) 

70.4 90.1 96.2 68.5 89.7 95.4 85.1 

Flamingo 
(2023) 

73.9 92.7 97.2 71.8 91.9 96.7 87.4 

ViLT 
(2021) 

61.5 85.9 92.3 59.8 84.6 91.2 79.2 
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MMU 
(Proposed) 

77.5 94.8 98.1 75.2 93.6 97.4 89.4 

 
Discussion: MMU has performed better than earlier models, which are in the 
retrieval metrics, that shows +2% increase in mean recall as compared to 
Flamingo, shown in Figure 2. This combination of contrastive as well as 
generative pretraining has improved bidirectional alignment. 

 

Fig 2 Recall Performance Comparison of Evaluation Metrics 
 
Discussion: The proposed model has the best captioning ratings with a +9.2 
increase in CIDEr over Flamingo. This demonstrates the efficacy of the unified 
architecture with hybrid losses and modality adapters. Qualitative findings 
demonstrate that the proposed model outperforms the baselines in managing 
object relationships and producing more contextually appropriate captions, as 
shown in Table 3. The proposed model performs better than previous models 
in retrieval measures, outperforming Flamingo by +2% in mean recall. 
Additionally, bidirectional alignment is significantly enhanced when 
contrastive and generative pre-training are combined, as shown in Figure 3. 
 
Table 3 Caption Generation Results on MS-COCO Captions 
 

Model BLEU-4 METEOR CIDEr SPICE 

CLIP+GPT-2 
(2022) 

34.2 27.1 111.0 20.2 

BLIP-2 
(2023) 

38.7 29.3 121.3 21.5 

Flamingo 
(2023) 

40.5 29.9 125.4 22.1 

ViLT (2021) 33.1 26.4 108.7 19.8 

MMU 
(Proposed) 

42.8 31.2 134.6 23.9 
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Fig. 3 Caption Generation Performance on Evaluation Metrics 

4.2 Ablation Study 

 
Table 4 presents component-level ablation. The modality adapters are removed 
that cause the largest drop in retrieval (R@1: 77.5 to 74.1) and drop in 
captioning (CIDEr: 134.6 to 128.3), which confirms their role in modality 
calibration. After setting no contrastive loss as λ_c = 0, and hence there is a 
larger drop in retrieval (R@1: 77.5 to 70.3), as expected, contrastive alignment 
is critical for embedding space retrieval. λ_g = 0 has caused the largest drop in 
CIDEr (134.6 to 118.2). The λ_m (masked loss) contributes to robustness. 
 
Table 4 Component-level Ablation Study of the Proposed MMU 

 

Configuration R@1 
(I→T) 

CIDEr VQA Acc. Params 
(M) 

MMU (Full) 77.5 134.6 92.4 210 

w/o Modality Adapters 74.1 128.3 90.1 201 

w/o Contrastive Loss 
(λ_c = 0) 

70.3 133.8 91.5 210 

w/o Generative Loss 
(λ_g = 0) 

76.9 118.2 89.7 210 

w/o Masked Loss (λ_m 
= 0) 

76.2 131.4 91.0 210 

Single-stream (no 
adapter) 

72.0 124.5 88.4 199 
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4.3 Research Implications  

This study has important research implications, such as the next-generation 
multi-modal foundations model will be developed more quickly with the 
framework language and activities. Across important benchmarks such as VQA 
v2, MS-COCO and NLVR2, the proposed model demonstrated remarkable 
performance, attaining 92.4% accuracy and an F1-score of 0.93. It performed 
noticeably better than baseline models such as CLIP and BLIP-2. The model 
has a reduced parameter count of 210 million and faster inference at 70 ms per 
sample, making it highly efficient. This shows promise for usage in real-world 
latency-sensitive applications like medical diagnostics and autonomous 
systems. The significance of hierarchical embedding and multi-head cross-
modal attention is confirmed by ablation research. The experimental results 
show a significant shift in the importance of task-specific fine-tuning. 

4.4 Limitations  

Various limitations of the present study point to potential avenues for further 
investigation. Firstly, just 3 datasets were used for the experimental validation 
which suggests that more extensive validation using a wider range of real-world 
datasets is necessary to ensure that the results are broadly applicable. Secondly, 
even if the proposed model speeds up inference and decreases the number of 
parameters, the initial training costs are still considerable for the large amount 
of processing power needed. Thirdly, the study did not include other crucial 
domains like 3d data, medical imaging, and image-text fusion. This emphasises 
the necessity for more investigation into the operation of the model’s 
interchangeability. 

 
5 Conclusion 
 
 
A novel Multi-modal Transformer architecture was proposed in this research to 
incorporate language and visual tasks while preserving performance and 
efficiency proportion. The model outperformed existing state-of-the-art 
methods, including CLIP, METER and BLIP-2. This accomplishment was made 
possible by the use of a cross-modal attention fusion architecture and 
hierarchical embedding, which allowed it to recognise broader links across 
modalities. To counter this, the proposed model diminishes the inference time 
and decreases the number of parameters. This increases it scalability and 
practicality in real-world scenarios where speed is crucial. Moreover, the 
findings of this research provide a strong basis for developing more expansive 
multimodal systems. They also suggest applying the technique to other types of 
data, including 3D audio and video. The future research will intend to focus on 
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improving comprehension and expanding the variety of modalities with 
cohesive multimodal systems. 
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