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Abstract: The successor to DALL-E from 2021, DALL-E 2, was unveiled by OpenAI, a research facility for artificial 

intelligence, In April. Both AI systems are capable of producing pictures that resemble photos, graphics, paintings, 

animations, and pretty much any other art form you can think of from text descriptions in natural language. Better 

resolution, quicker processing, and an editing function in DALL-E 2 upped the ante. These features allow users to alter 

created images using only text commands, such as "replace that vase with a plant" or "enlarge the dog's nose." Additionally, 

users can contribute their own images and instruct the AI algorithm how to riff on them.  

 

The DALL-E 2 system creates unique, artificial images that correspond to input text used as a caption. DALL-E 2 initially 

sparked awe and excitement throughout the world. In a matter of seconds, any assortment of items and creatures could be 

assembled, any artistic style could be imitated, any location could be portrayed, and any lighting conditions could be 

portrayed. As participants listed the industries that could very easily be affected by such a technology, there were also waves 

of worry. The findings that have surfaced in recent months speak volumes about the limitations of current deep-learning 

technology, providing us with a glimpse into what AI comprehends about the human world—and what it completely lacks.  

 

Introduction: 

Large diffusion-based text-to-image models produce visually appealing images that depend on input texts, such DALLE-2.  

However, how well these models actually capture It has been questioned whether human language has compositional organization 

or not. 

 

Each word has a distinct role in the interpretation, and there is a one-to-one mapping between symbols and roles, which is a 

fundamental characteristic of the interpretation of natural language utterances. Although symbols and phrase patterns may be 

unclear, this ambiguity is already addressed once an interpretation has been created. For instance, while the symbol bat in the phrase 

"a flying bat" might be read as either a wooden stick or an animal, our two potential readings of the phrase are either a flying animal 

or a flying wooden staff, but never both at once. The term "bat" cannot be used to refer to an animal in the same understanding after 

it has been used to refer to an object (for instance, a wooden stick). The term gold is used as a modifier of ingot in both a fish and 

a gold ingot. 

 

After being used, it cannot be used again to modify another item of the same interpretation or be used independently. This 

characteristic is known as resource sensitivity by certain linguists. 

 

Working: DALL-E 2 is an example of a "generative model," a subset of machine learning that generates complicated output rather 

than predicting or classifying data from input. DALL-E 2 generative model is different from other generative model by its capability 

to maintain semantic consistency in the images it creates.  

The most basic level of DALL-E 2's operations is as follows: 

 

A text encoder that has been taught to map a text prompt to a representation space is first given a text prompt. The semantic 

information of the prompt contained in the text encoding is then captured by a model known as the prior, which maps the text 

encoding to a corresponding image encoding. 

Finally, a stochastic image decoder creates an image that represents this semantic data visually. 
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CLIP: 

To determine how much a particular text passage corresponds to an image, CLIP is trained on hundreds of millions of photos and 

the captions that go with them. In other words, CLIP just learns how closely connected any given caption is to a particular image 

rather than attempting to predict a caption given an image. CLIP can understand the relationship between textual and visual 

representations of the same abstract object thanks to its contrastive rather than predictive objective. Let's look at how CLIP is trained 

to comprehend its inner workings since CLIP's capacity to learn semantics from natural language is the foundation of the entire 

DALL-E 2 model. 

 

CLIP Instruction: 

The basic tenets of CLIP training are relatively straightforward: 

 

First, all captions and images are run through the appropriate encoders to map all objects into an m-dimensional space. 

The cosine similarity of each pair of (picture, text) is then calculated. 

The goal of the training is to simultaneously maximize cosine similarity between N pairs of correctly encoded images and captions 

and reduce cosine similarity between N pairs of incorrectly encoded images and captions. Because CLIP is ultimately what defines 

how semantically connected a natural language fragment is to a visual concept, which is crucial for text-conditional image 

production, CLIP is significant to DALL-E 2. 

 

Following training, the CLIP model is put to rest, and DALL-E 2 begins to learn how to reverse the image encoding mapping that 

CLIP had just discovered. Although our focus is on picture creation, CLIP learns a representation space where it is simple to 

ascertain the relationship between textual and visual encodings. Therefore, in order to complete this assignment, we must understand 

how to take advantage of the representation space. 

 

A Diffusion Model: What Is It? 

The popularity of Diffusion Models, a thermodynamics-inspired creation, has dramatically increased in recent years. Diffusion 

models reverse a gradual learning process to acquire the ability to generate data. The noise-generating process is shown in the figure 

below as a parameterized Markov chain that gradually contaminates an image with noise before producing pure Gaussian noise 

asymptotically. In order to navigate backwards along this chain and reverse this process, the Diffusion Model gradually removes 

noise over a number of timesteps. 

 

GLIDE Instruction: 

Although GLIDE wasn't the first Diffusion Model, it made a significant improvement by allowing for the production of images 

with text-conditions. You'll see in particular that Diffusion Models begin with randomly selected Gaussian noise. At first, it wasn't 

clear how to modify this procedure to produce particular images. A Diffusion Model can consistently create photorealistic images 

of human faces after being trained on a dataset of human faces, but what if someone wants to create a face with a specific feature, 

like brown eyes or blonde hair? 

 

A modified GLIDE model is used by DALL-E 2 to incorporate projected CLIP text embeddings in two different methods. The first 

method entails adding the CLIP text embeddings to the timestep embedding already present in GLIDE. The second method entails 

producing four more context tokens and concatenating them with the output sequence of the GLIDE text encoder. 

 

Glide's significance for DALL-E 2 The text-conditional photorealistic picture generating capabilities of GLIDE might be simply 

ported to DALL-E 2 by conditioning on image encodings in the representation space as opposed to text. DALL-E 2's improved 

GLIDE gains the capacity to generate semantically coherent pictures in light of CLIP image encodings. It's important to keep in 

mind that the reverse-Diffusion process is stochastic, therefore changes can be produced by repeatedly passing the identical image 

encoding vectors through the modified GLIDE model. 

 

How do we actually identify these encoded representations, even while the modified-GLIDE model correctly creates images that 

mirror the semantics acquired by image encodings? How exactly do we introduce the text conditioning data from our prompt into 

the image generating process, in other words? 

 

The authors of DALL-E 2 explore with both autoregressive and diffusion models for the prior but finally discover that they produce 

performance that is comparable. Because the Diffusion Model uses a lot less processing power, 

We currently have all of DALL-E 2's working parts and only need to connect them in a chain to create text-conditional images: 

 

The image description is first mapped into the representation space by the CLIP text encoder. 

Then, the diffusion prior maps from a corresponding CLIP image encoding to a CLIP text encoding. 

Finally, the modified-GLIDE generation model performs a reverse-Diffusion mapping from the representation space into the image 

space, producing one possible image that communicates the semantic information contained in the input caption. 

 

According to the document that OpenAI uploaded to ArXiv, DALL-E 2 was trained on around 650 million image-text pairs that 

were downloaded from the Internet. It discovered the connections between photos and the words used to describe them from that 
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enormous data set. Before training, OpenAI removed photographs with obviously violent, sexual, or hostile content from the data 

set. 

Methods: 

Stimuli: We create linguistic cues (stimuli) that cause behaviour that defies the principle that a symbol should only be used once. 

We employ homonyms, which are words with two different meanings, for the first scenario (words perceived as two entities). 

DALLE-2 frequently produces two objects, one for each of the senses. The next set of prompts is what we create for the modification 

situations. We include prompts with two entities e1 and e2 and a modifier word m that is semantically compatible with both of them 

but is only syntactically altering the second one. 

Control Stimuli: We must determine whether DALLE-2 tends to display e2 with that property, regardless of e1, in order to support 

the existence of a leakage of property P between two entities e1 and e2. It is difficult to argue that the presence of the term basket 

in "a basketball near groceries" caused DALLE-2 to construct a basket, for example, if the default grocery for DALLE-2 in many 

contexts is a foods basket

Examples: 

1) Prompt: In late afternoon in January in New England, a man stands in the shadow of a maple tree. 

 

 

Discussion: 

As we can see Dall E has perfectly captured the idea behind the prompt and it is intelligent enough to understand that the maple 

tree does not have any leaves in January. 

 

2) Prompt: Ancient god disappointed by today's technology usage: 

 

Discussion: 

It has captured the idea that the entity we are talking about is old and by contrast it is dealing with something that is recent, we can 

say that this AI is intelligent enough to understand sharp contrast in the prompt.  
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3) Prompt:   Indian student depressed because of his studies and wants to give up on life 

 

 

 
 

Discussion: 

Absolutely stunning result from the AI, Very photorealistic even though it wasn’t even mentioned in the prompt, Clearly depicts 

the prompt, Only drawback of the result is that it struggles with the faces. This is a major drawback of DALL-E as of right now 

We can say that when it comes to faces, it is surely one of the weak spot of Dall-E 

4) Prompt: Beeple's 69 million dollar jpeg file 

 

 
 

Discussion: 

Not bad result but it has nothing to do with the prompt other than being abstract as Beeple’s Art. I was expecting a collection of 

pictures in one picture, as the JPEG file that was sold  

 

5) Prompt:   The FBI and Supreme Court Justices engage in a baseball game. The justices are on the field, and the 

FBI is at bat. 

6)  

 
 

Discussion: 

The majority of the photographs include humans, many of whom are situated close to recognizable government structures and some 

of them are carrying bats. But none even comes close to illustrating the stated circumstance. All of the test captions that have been 

included are nonsense; DALL-E 2 fails to address this issue (Ramesh, Dhariwal, Nichol, Chu, & Chen, 2022). 
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7) Prompt:   Pint cartons of milk are on the top shelf of a grocery store refrigerator, quart cartons are in the middle, 

and gallon plastic jugs are on the bottom shelf. 

 

 

 
 

 

 

Discussion:  

Only the first image is close to what has been given to the prompt but other 3 are filled with AI artifacts. 

 

 

 

8) Prompt:   An oil painting of a couple in formal evening wear going home get caught in a heavy downpour with no 

umbrellas, Beautiful realistic city in the background. 

 

 

 
 

 

 

Discussion:  

 

DALL-E 2 made the decision to produce these in a photographic manner, possibly with real-world photographs. The publication of 

photographic images taken by DALL-E 2 that feature potentially recognizable individuals is forbidden by OpenAI's policy. In each 

of the ten photographs, a man and lady dressed for the evening are shown in the rain. The couple is covered by an umbrella in two 

of the pictures but not in the other eight. The couple appears to be inside in one picture, which defies the laws of physics. In one, it 

appears to be raining even though the streets are wet. Six of the ten photos do, however, categorically adhere to the criterion. 

However the second image’s background looks like boxes of cardboard rather than buildings 
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9) Prompt:   The Demogorgon from Stranger Things holding a basketball 

 

 
 

Discussion: 

DALL-E does an excellent job on this one as the Demogorgon is perfectly generated even though it has less time on screen in 

Netflix’s Stranger things 
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10) Prompt:   Hardest push up variations 

 

 
 

 

Discussion:  

A pretty hard and vague prompt to deconstruct for the AI because the only word it understood was pushup, it tries to justify the 

word ‘hard’ by inserting an object beneath the women in the right picture on the top and it even tries to make the push ups one 

handed. 

 

 

 

 

 

 

 

 

http://www.ijsdr.org/


ISSN: 2455-2631                                       December 2022 IJSDR | Volume 7 Issue 12 
 

IJSDR2212004 www.ijsdr.orgInternational Journal of Scientific Development and Research (IJSDR)  23 

 

 

 

11) Prompt:   A horse looking at me through the ceiling 

 

 
 

Discussion: 

Accurate generation of the prompt, its hard to believe that the photo is generated by an AI until and unless the viewer looks closely 

to see that the details on the horse’s face are weird and skewed. 
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12) Prompt:   People dancing on the subway 

 

 
 

 

 

Discussion:  

The AI, Understood the base idea correctly but as mentioned above, Faces and body shapes are distorted and skewed, other than 

that a solid output. 
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13) Prompt:   Amazon Forest growing in Amazon Warehouse 

 

 
 

Discussion:  

Excellent understanding of the “Amazon Warehouse”, it nicely generated the warehouse in the background and in the top right 

corner picture it even grew some trees as a ‘forest’ was mentioned. 
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14) Prompt:   Launching Eiffel Tower to space 

 

 
 

Discussion:  

The explosion beneath the tower makes the prompt complete, also showing the intelligence of the AI 
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