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ABSTRACT 

 
For decades, we've dreamed of creating machines that can see the world as we do and talk to us about it. This once-distant 
dream is now a vibrant reality at the intersection of two of artificial intelligence's most ambitious fields: Computer Vision 
(CV) and Natural Language Processing (NLP). This article takes you on a comprehensive journey through this exciting 
landscape, exploring how we're teaching computers to connect pixels to prose. We'll start by exploring the fundamental 
questions that drive this field, like the "symbol grounding problem"—the puzzle of how words get their meaning—and 
use frameworks like Bloom's Taxonomy to map out what it truly means for a machine to "understand." We'll break down 
the core tasks of vision into the "3Rs" (Recognition, Reconstruction, Reorganization) and language into its essential layers 
(Syntax, Semantics, Pragmatics) to see exactly where these two worlds meet. 
The heart of this survey is a deep dive into the toolbox of modern AI. We'll explore how machines learn to represent the 
world, from the early days of handcrafted visual features to the powerful deep learning models that create today's "image 
embeddings" and "word embeddings." From there, we'll investigate the ingenious architectures that fuse these senses 
together, including shared embedding spaces, the elegant encoder-decoder models that power image captioning, the 
clever attention mechanisms that let models "focus" on what's important, and the modular networks that allow for 
compositional reasoning. 
We'll see these methods in action as we examine the key battlegrounds where progress is measured: tasks like generating 
captions for images and videos, answering complex questions about a scene (VQA), and retrieving images with a simple 
text query. We'll then venture into the world of robotics, where this technology is giving machines the ability to follow 
our commands, learn by watching us, and engage in grounded, meaningful dialogue. By weaving together insights from 
landmark studies, we'll paint a picture of the field's incredible achievements. Finally, we'll have a candid discussion about 
the tough challenges that lie ahead—the need for genuine commonsense, the subtle biases that creep into our data, and 
the quest for true understanding—as we look toward a future of embodied, communicative AI that promises to change 
our relationship with technology forever. 

Keywords: Computer Vision, Natural Language Processing, Vision and Language, Multimodal Learning, Deep Learning, 
Image Captioning, Visual Question Answering (VQA), Robotics, Symbol Grounding, Human-Robot Interaction, 
Representation Learning, Distributional Semantics, Embodied AI. 

 

INTRODUCTION 

The Quest for a Seeing, Talking Machine 

The ability to glance at a scene—a bustling market, a 

quiet park, a child's birthday party—and effortlessly 

describe it in words is a profoundly human skill. It's a 

seamless dance between our eyes and our minds, a 

cornerstone of how we share experiences and build 

understanding [146, 178]. For decades, researchers in 

Artificial Intelligence have been on a quest to bestow this 

same gift upon machines. This survey charts the course 

of that adventure, tracing the convergence of two once-

separate disciplines—Computer Vision and Natural 

Language Processing—into a unified field that is pushing 

the very boundaries of what machines can do. 

1.1. Two Worlds, One Goal: The Foundations of Vision and 

Language 

To appreciate how we're bridging the gap between sight 

and speech, we first have to understand the worlds they 

come from. 

1.1.1. What Does it Mean to "See"? The Three "Rs" of Vision 

Computer vision, at its core, is about turning light into 

understanding. This complex process can be thought of in 

terms of three fundamental goals, the "3Rs" [185]: 

● Reconstruction: This is the magician's trick of 

conjuring a 3D world from a flat, 2D image. It involves 



EUROPEAN JOURNALS OF EMERGING COMPUTER VISION AND NATURAL LANGUAGE PROCESSING 

pg. 94  

figuring out the shape, layout, and geometry of a scene 

from clues like shading, perspective, and motion [25]. 

Language helps here by giving us hints; knowing you're 

looking at a "car" gives the system a powerful clue about 

the 3D shape it should expect to find. 

● Recognition: This is the task we're most familiar 

with—putting names to faces, objects, and places. It's 

about assigning meaningful labels to the world, from 

identifying a "dog" in a photo to classifying an entire 

scene as a "beach" [97, 217, 261]. Recognition is the most 

natural handshake between vision and language, as its 

output is a stream of words. 

● Reorganization: Before we can recognize 

anything, we need to make sense of the chaotic mess of 

pixels. Reorganization is the process of grouping those 

pixels into meaningful wholes—finding the edges, 

separating objects from their background, and clustering 

textures [190, 274]. It’s the visual brain’s way of tidying 

up the world so that recognition can happen. 

These three tasks don't work in isolation; they're in a 

constant, collaborative dance. The neat outlines from 

reorganization help with recognition, and the labels from 

recognition help guide the 3D reconstruction. 

1.1.2. What Does it Mean to "Speak"? The Layers of 

Language 

In the world of language, the journey from thought to 

utterance can be mapped using the Vauquois triangle, a 

model from machine translation that shows the different 

layers of analysis needed to understand and generate 

language [286]. To "translate" from a perception to a 

description involves navigating these layers of meaning: 

● Syntax: These are the rules of the road for 

language—its grammar. Syntax ensures that sentences 

are put together in a way that makes sense. A vision-

language model must master syntax to avoid producing 

gibberish. 

● Semantics: This is the heart of language—its 

meaning. It’s about knowing that "dog bites man" means 

something terrifyingly different from "man bites dog," 

even though they use the same words. It's understanding 

that a "red ball" is an object that has both the property of 

being "red" and being a "ball." 

● Pragmatics: This is the subtle, social layer of 

language. It's the ability to read between the lines and 

understand meaning in context. If a robot drops a tray of 

glasses and you say, "Great job," pragmatics is what 

allows it to understand your sarcasm and not take it as a 

compliment. 

1.2. The Elephant in the Room: The Symbol Grounding 

Problem 

The biggest philosophical and technical hurdle in uniting 

these two worlds is the symbol grounding problem [138]. 

It's a simple but profound question: how do words get 

their meaning? A computer that has only ever read text 

can learn that the word "cat" often appears near the word 

"purr," but it has no idea what a cat is. Its knowledge is a 

closed loop of symbols, unattached to reality. 

To truly understand, the symbols must be grounded in the 

real world—in perceptual experience. This means: 

● Connecting the word "cat" to the sight, sound, and 

feel of an actual cat (Physical Grounding). 

● Tracking that specific cat as it moves around a 

room (Perceptual Anchoring) [73]. 

● Knowing that the meaning of "chair" isn't just its 

visual shape, but the fact that you can sit on it (Grounding 

in Action) [65, 239]. 

Without this grounding, a machine is just a clever parrot, 

repeating patterns without comprehension. 

1.3. How Do We Know if It's Working? A Roadmap for 

Understanding 

So how do we measure progress on this grand quest? We 

can borrow a framework from the world of education: 

Bloom's Taxonomy [43, 257]. It provides a ladder of 

cognitive skills, from simple to complex, that gives us a 

roadmap for building and testing smarter machines. 

1. Knowledge: Can the machine recall basic facts? 

(What is in the image?) 

2. Comprehension: Can it explain or summarize? 

(Why is that person holding an umbrella?) 

3. Application: Can it use what it knows in a new 

situation? (How do I pick up that cup?) 

4. Analysis: Can it break down information and see 

relationships? (How is this kitchen different from the last 

one?) 

5. Synthesis: Can it create something new? (Plan a 

path to get the apple from the counter.) 

6. Evaluation: Can it make judgments? (Which of 

these two routes is safer?) 

Today's AI is getting remarkably good at the first few rungs 

of this ladder. The highest rungs—true analysis, synthesis, 

and evaluation—remain the formidable, exciting 

challenges for the future. This survey will explore the 

methods that have gotten us this far and light the path 

toward what's next. 

2. The AI Toolbox: How Machines Learn to See and 

Speak 

At the heart of the vision-language revolution is a set of 

powerful tools and techniques for turning raw data into 

meaningful understanding. This process starts with 

learning good representations for both images and text, 

and then building clever architectures to fuse them 

together. 

2.1. Learning the Language of Vision and Text 
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Before a machine can reason about the world, it needs to 

convert the messy, unstructured data of pixels and 

characters into a clean, mathematical format it can work 

with: vectors, or what we call embeddings. 

2.1.1. Visual Representations: From Pixels to Perception 

The way we represent images has evolved dramatically 

over the years. 

● The Old School: Handcrafted Features: In the early 

days, computer vision experts would act like digital 

artisans, carefully designing algorithms to find 

interesting patterns in images. Tools like SIFT [183] and 

SURF [26, 27] were brilliant at finding stable "keypoints" 

in an image—like the corner of an eye or the petal of a 

flower—that could be recognized even if the image was 

rotated or resized. 

● The "Bag-of-Words" Idea: To describe a whole 

image, researchers borrowed an idea from linguistics: 

the Bag-of-Visual-Words (BoVW) model [85]. Imagine 

taking all the keypoints from thousands of images and 

clustering them into a "visual vocabulary." Any new 

image could then be described by counting how many 

times each "visual word" appeared. It was a powerful 

technique, but it threw away all spatial information—it 

knew an image contained a nose, an eye, and a mouth, but 

not that they were arranged into a face. 

● The Deep Learning Revolution: Image 

Embeddings: Everything changed with the arrival of 

Deep Convolutional Neural Networks (CNNs) [172]. 

Inspired by the human visual cortex, these networks, 

with names like AlexNet [166], VGGNet [252], and ResNet 

[141], learn to recognize features automatically by being 

trained on millions of images from datasets like 

ImageNet [35]. The final layer of a trained CNN produces 

a compact vector—an image embedding—that acts as a 

rich, semantic fingerprint of the image. These 

embeddings have become the universal language for 

describing images in modern AI. 

● Beyond 2D: Seeing in 3D: For robots that need to 

navigate the real world, a flat image isn't enough. They 

need to see in 3D. Using data from sensors like LiDAR or 

depth cameras, we can represent the world as a point 

cloud or a grid of voxels. New kinds of deep learning 

models, like 3D ShapeNets [300], are now learning to 

interpret this 3D data directly, giving robots a much 

richer understanding of the space around them [113]. 

2.1.2. Language Representations: The Magic of Word 

Embeddings 

The world of text processing has had its own revolution. 

● From Counts to Context: Distributional 

Semantics: The big idea here is that you can understand 

a word by the company it keeps [139]. Early models like 

LSA [83] and LDA [42] used statistical methods to find 

these relationships. But the real breakthrough came with 

models like Word2Vec [199] and GloVe [222]. These 

algorithms learn a dense vector—a word embedding—for 

every word. The magic is that the geometry of this new 

vector space captures meaning. The vector for "king" 

minus "man" plus "woman" results in a vector incredibly 

close to "queen." It's like teaching a computer to 

understand analogies. 

● Understanding Sentences with RNNs: To 

understand a whole sentence, we need to process words in 

order. Recurrent Neural Networks (RNNs) do just this, 

reading a sentence one word at a time while maintaining a 

"memory" in their hidden state. However, standard RNNs 

have a short memory. That's why we now use more 

sophisticated versions like Long Short-Term Memory 

(LSTM) networks [142] and Gated Recurrent Units (GRUs) 

[69]. Their special "gate" mechanisms allow them to 

remember important information over much longer 

sequences, making them perfect for understanding 

paragraphs or even entire documents. 

● Adding Structure with Semantic Parsing: 

Sometimes, an embedding isn't enough. For a robot to 

follow a command, it needs a precise, unambiguous 

instruction. Semantic Parsing is the process of translating 

a natural language sentence into a formal, logical 

representation that a computer can execute [323, 324]. It's 

the AI equivalent of a lawyer drafting a contract, leaving no 

room for misinterpretation. 

2.2. Architectures of Integration: Fusing the Senses 

Once we have these powerful vector representations, the 

next challenge is to build architectures that can 

intelligently combine them. 

2.2.1. Finding Common Ground: Joint Embedding Models 

The most straightforward approach is to create a 

"multimodal" space where vision and language can live 

together. The goal is to learn a mapping so that the vector 

for an image of a sunset is very close to the vector for the 

sentence "a beautiful sunset over the ocean" [158, 256]. 

Once this shared space is learned, you can perform 

powerful cross-modal retrieval—finding images with text 

queries and vice versa. 

2.2.2. The Storyteller: Encoder-Decoder Models 

For tasks like image captioning, where the goal is to 

generate text, the encoder-decoder framework is king 

[298]. 

● The Encoder (a CNN) "looks" at the image and 

summarizes it into a single thought vector. 

● The Decoder (an LSTM) takes this thought vector 

and begins to "speak," generating the caption one word at 

a time, just like a human telling a story. 

2.2.3. Paying Attention: The Focus Mechanism 

A limitation of the basic encoder-decoder model is that it 

forces the entire, rich image into one tiny thought vector—

a huge information bottleneck. The attention mechanism 

was a brilliant solution to this problem [22, 317]. Instead 
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of looking at the whole image at once, it allows the 

decoder to "focus" on different parts of the image as it 

generates each word. When it's about to say "dog," it pays 

attention to the dog. When it's about to say "ball," it shifts 

its focus to the ball. This simple idea dramatically 

improved the quality and detail of generated captions. 

2.2.4. Answering Questions: Advanced Fusion 

Answering a question about an image requires a more 

sophisticated fusion of the two modalities. 

● Co-Attention: These models build on the idea of 

attention by allowing the image and question to attend to 

each other. The model uses the question to find relevant 

parts of the image, and uses the image to find the most 

important words in the question, creating a virtuous 

cycle of reasoning. 

● Modular Networks: Recognizing that questions 

are often compositional, Neural Module Networks [8, 9] 

are like building with LEGOs. The system learns a set of 

basic modules (like find, count, query_color) and learns 

how to snap them together in the right order based on the 

question's structure. 

● Memory Networks: For really complex reasoning 

that might take multiple steps, Memory Networks 

provide the AI with a kind of scratchpad [255, 315]. They 

can store the intermediate results of their thought 

process, allowing them to tackle much harder problems 

that require chaining facts together. 

3. The Proving Grounds: Core Tasks and Applications 

The methods we've discussed aren't just theoretical; they 

are being put to the test in a range of challenging tasks 

that serve as the benchmarks for the entire field. The 

creation of large, public datasets has been the fuel for this 

competitive and collaborative progress. 

3.1. Describing the World in Detail 

3.1.1. Beyond Labels: Attribute-Based Vision 

Instead of just slapping a single label like "bird" on an 

object, attribute-based vision seeks to describe it with a 

rich vocabulary of properties: has_wings, is_small, 

has_a_yellow_beak [92, 171]. This fine-grained approach 

is incredibly powerful. It allows for Zero-Shot Learning, 

where a machine can learn to recognize an "oriole" 

simply by being told its attributes, even if it has never 

seen one before [171]. It also enables Relative Attributes, 

allowing the machine to make nuanced comparisons, like 

judging that one dog is "fluffier" than another [221]. 

3.1.2. Understanding Actions: Human-Object Interaction 

(HOI) 

This area moves from recognizing what things are to 

understanding what things are doing. The goal is to 

identify <human, verb, object> triplets, like <person, 

riding, bicycle> [53]. The next level of this is Visual 

Semantic Role Labeling, where the system parses the 

entire visual event, identifying not just the action 

("cutting"), but also the agent (the person), the patient (the 

thing being cut), and the instrument (the knife) [135, 321]. 

It's about understanding the story of an action. 

3.2. Generating a Visual Narrative 

3.2.1. Image Captioning: A Picture is Worth a Thousand 

Words 

This is the quintessential vision-language task: teaching a 

machine to write a sentence describing an image. The field 

has moved at lightning speed from clunky, template-based 

systems [161] to the fluid, often poetic, sentences 

generated by today's attention-based models [298, 317]. 

This progress has been benchmarked on datasets like 

Flickr8k, Flickr30k, and the massive Microsoft COCO 

dataset [63], which provides a gold standard of multiple 

human captions for every image. 

3.2.2. Video Captioning: Describing the Moving World 

Video adds the complexity of time. A video captioning 

system must not only recognize objects and actions but 

also weave them into a coherent narrative. Models now 

use sequences of image features fed into LSTMs [296, 297], 

and even more advanced techniques like 3D CNNs to 

understand motion and hierarchical RNNs to generate 

entire paragraphs that tell the story of a video clip [320]. 

3.3. The Ultimate Test: Visual Question Answering (VQA) 

VQA is perhaps the most comprehensive test of a system's 

understanding. It requires the machine to answer a 

specific, free-form question about an image [11]. This is far 

harder than captioning because it demands targeted 

reasoning. Questions can range from simple ("What color 

is the bus?") to complex ("How many people are wearing 

glasses?"). The VQA dataset [11] and the incredibly rich 

Visual Genome dataset [165] are the primary arenas for 

this task. A major hurdle has been overcoming dataset 

biases, where models learn to "cheat" by memorizing 

common answers rather than truly reasoning about the 

image. 

3.4. Bringing it to Life: Applications in Robotics 

This is where the virtual meets the physical. The fusion of 

vision and language is what will allow robots to leave the 

factory floor and enter our homes and lives. 

● Instruction Following: The goal is to build a robot 

that can understand our commands, like "Please bring me 

the blue mug from the kitchen counter" [279]. This 

requires sophisticated semantic parsing to break the 

command down into a series of find, go, and grasp actions. 

● Learning from Demonstration (LfD): Robots can 

learn new skills simply by watching us [12]. Language 

provides a powerful shortcut. If a person says, "Now I'm 

going to carefully wipe the spill," it gives the robot crucial 

information about the goal and constraints of the action 

it's observing. 

● Situated Human-Robot Dialogue: For a robot to be 

a true collaborator, it needs to be able to talk with us about 
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the world we share [192]. This means being able to 

understand an ambiguous command like "hand me that 

one" by looking at where we're pointing, and being smart 

enough to ask, "Do you mean the big one or the small 

one?" when it's confused [278]. This is the frontier of 

embodied, interactive AI. 

4. The Road Ahead: Grand Challenges and Future 

Dreams 

For all the breathtaking progress, our journey toward a 

truly seeing, talking machine has only just begun. Today's 

models are brilliant in many ways, but their 

understanding is often shallow and brittle. The road 

ahead is filled with fascinating challenges that will 

require new ideas and a deeper connection to the 

principles of human cognition. 

4.1. The Hurdles We Still Face 

● The Commonsense Gap: Our models can describe 

what is in a picture with startling accuracy, but they often 

have no idea why. They can see a person putting a turkey 

in an oven, but they can't infer that it's Thanksgiving, that 

the person intends to cook a meal, or that the oven will 

soon be hot. This deep, commonsense reasoning is the 

missing ingredient in today's AI [1, 3]. 

● The Bias Trap: AI models are masters of finding 

patterns, but this is a double-edged sword. They are 

notoriously good at picking up on and exploiting subtle 

biases in the data they're trained on [283]. A VQA model 

might learn that questions about tennis are often 

answered with "tennis racket" without ever really 

understanding the sport. This makes them unreliable and 

prone to embarrassing mistakes when faced with the real 

world. 

● The Compositionality Problem: Humans can 

effortlessly understand new combinations of things they 

already know—a "purple banana" is weird, but we know 

exactly what it means. AI struggles with this. It's great at 

recognizing things it has seen before, but it often fails 

when asked to generalize to novel compositions. 

● The Measurement Problem: How do we even 

measure success? Our automated metrics for tasks like 

image captioning are crude tools. They can tell us if the 

words are similar to a human's, but they can't tell us if the 

caption is factually correct, witty, or just plain 

nonsensical [94]. 

● The Grounding Problem Revisited: We've made 

progress in linking words to pixels, but have we truly 

solved the symbol grounding problem [138]? Many 

would argue that real understanding can't be learned 

from a static dataset of images, no matter how large. True 

grounding may require embodiment—the ability to 

move through the world, interact with it, and learn from 

the consequences of one's own actions [214]. 

4.2. Charting the Future: Where Do We Go From Here? 

These challenges aren't dead ends; they are signposts 

pointing toward the most exciting frontiers of AI research. 

1. From Correlation to Causation: The next great leap 

will be to move beyond recognizing patterns to 

understanding cause and effect. We need to build models 

that have an intuitive grasp of physics and causality, that 

can reason about why a glass fell and predict that it will 

shatter. 

2. Understanding Stories, Not Just Snapshots: The 

focus is shifting from single images to understanding 

entire events and narratives [236, 263]. This means 

building models that can track the goals, plans, and 

relationships of characters over time, weaving individual 

moments into a coherent story. 

3. Learning Through Interaction: The future of AI is 

not in passively training on static datasets. It's in active, 

lifelong learning. The most powerful systems will be 

embodied agents—robots—that can explore the world, 

ask questions, run experiments, and learn from a 

continuous stream of interactive experience [280]. 

4. The Best of Both Worlds: Neuro-Symbolic AI: To get 

the best of both deep learning's perceptual power and 

classical AI's logical reasoning, researchers are building 

hybrid neuro-symbolic models. The idea is to create 

systems that can both see the world and reason about it in 

a structured, transparent way. 

5. Opening the Black Box: Explainable AI (XAI): If 

we're going to trust AI in our cars and our hospitals, it's not 

enough for it to be right; we need to know why it's right. 

Building models that can explain their decisions in natural 

language ("I'm turning left because your instruction was to 

go to the pharmacy, which I've identified on this corner") 

is no longer a luxury—it's a necessity. 

CONCLUSION 

The convergence of vision and language is more than just 

a fascinating technical problem; it's a quest to replicate 

one of the most essential aspects of human intelligence. 

Powered by deep learning and vast datasets, we've built 

systems that can describe the world in sentences, answer 

our questions, and take the first tentative steps toward 

interacting with us in our own language. The road ahead is 

long, and the deepest challenges of reasoning, 

generalization, and true, grounded understanding still 

await us. But as we continue to explore this synergy, 

guided by the twin lights of cognitive science and 

embodied robotics, we are not just building smarter 

machines. We are gaining a new, profound appreciation 

for the incredible computational marvel that is the human 

mind. 
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