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The design space of text-to-image generationThe design space of text-to-image generation

Training

• Training paradigm

• DDPM

• Flow matching

Model

• Latent Space

• VQ-VAE/VQGAN

• Advanced VAE

• Model architecture

• U-Net

• DiT

Text Encoding

• Text Encoder

• CLIP

• CLIP + T5

• LLM/VLM/MLLM

• Text Conditioning

• Cross Attention

• MM-DiT

• Native MM



Sora: DiT for Video Generation

https://openai.com/research/video-generation-models-as-world-simulators



Adapting Image Models to Generate Videos

Tune-A-Video https://arxiv.org/abs/2212.11565



Adapting Image Models to Generate Videos

Video LDM https://arxiv.org/abs/2304.08818



Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home

“Remarkably, Genie learns not only which parts of an observation are generally controllable, but also infers 

diverse latent actions that are consistent across the generated environments. Note here how the same latent 

actions yield similar behaviors across different prompt images. ”



Movie Gen: 
A Cast of Media Foundation Models

https://ai.meta.com/static-resource/movie-gen-research-paper



VACE

https://arxiv.org/pdf/2503.07598



LTX

https://arxiv.org/pdf/2601.03233



3D Generation



Text-to-3D structure generation

x: generated 

3D structures

y: text prompt

Figure credit: Tang, et al. LGM: Large Multi-View Gaussian Model for High-Resolution 3D Content Creation. ECCV 2024



Image-to-3D structure generation

x: generated 3D

structures

y: image prompt

https://stability.ai/news/stable-point-aware-3d



Surface-Based Rendering: Mesh 

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh 

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh 

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh 

https://arxiv.org/abs/2311.15475



Surface-Based Rendering: Mesh 

https://arxiv.org/abs/2311.15475



Volume-Based Rendering: NeRF/3DGS



Volume-Based Rendering: NeRF/3DGS



Volume-Based Rendering: NeRF/3DGS

Scenes from NeRF (Mildenhall et al. 2021)



Volume-Based Rendering: NeRF/3DGS

https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/



Volume-Based Rendering: NeRF/3DGS

https://dynamic3dgaussians.github.io/



Surface-Based vs. Volume-Based



Volume Rendering

Scene is a cloud of tiny colored particles

Max and Chen 2010, Local and Global Illumination in the Volume Rendering Integral

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

If a ray traveling through the scene hits a 

particle at 𝑡, we return its color 𝐜(𝑡)

Camera

Ray 𝐫(𝑡) = 𝐨 + 𝑡𝐝

𝑡

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

Probability that ray stops in a small interval around 𝑡 is 𝜎(𝑡)𝑑𝑡. 
𝜎 is known as the Volume Density.

𝑃[hit at𝑡] = 𝜎(𝑡)𝑑𝑡
𝑡

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

Probability that ray stops in a small interval around 𝑡 is 𝜎(𝑡)𝑑𝑡. 
𝜎 is known as the Volume Density.

𝑃[hit at𝑡] = 𝜎(𝑡)𝑑𝑡
𝑡

Slide credit: Ben Mildenhall

Φ:ℝ3 → ℝ3 × ℝ+; Φ(𝐱) = (𝜎, 𝐜)

Our field thus has the function signature:

Neural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

To determine if 𝑡 is the first hit, need to know 𝑇(𝑡): 
probability that the ray didn’t hit any particles earlier.

𝑇(𝑡) is called Transmittance.

𝑃[no hits before𝑡] = 𝑇(𝑡)

𝑡

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

2

𝜎 and 𝑇 are related via

𝑃[no hit before𝑡 + 𝑑𝑡] = 𝑃[no hit before𝑡] × 𝑃[no hit at𝑡]

𝑃[no hits before𝑡] = 𝑇(𝑡)

𝑡
𝑃[hit at𝑡] = 𝜎(𝑡)𝑑𝑡

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



𝜎 and 𝑇 are related via

𝑃[𝑇(𝑡 + 𝑑𝑡)] = 𝑃[𝑇(𝑡)] × 𝑃[1 − 𝜎(𝑡)𝑑𝑡]

Volume Rendering

𝑃[no hits before𝑡] = 𝑇(𝑡)

𝑡
𝑃[hit at𝑡] = 𝜎(𝑡)𝑑𝑡

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

No hits before 𝑡 is equal to integral over density up until 𝑡.

𝑇(𝑡) = exp −∫0
𝑡
𝜎(𝑎)𝑑𝑎

Then 𝑇′(𝑡) = 𝑇(𝑡)𝜎(𝑡) is probability that ray stops exactly at 𝑡.

1 − 𝑇(𝑡) can be seen as cumulative distribution function of 

probability that ray hits something before reaching 𝑡.

Neural Radiance Fields, Mildenhall et al. 2021



Volume Rendering

Then 𝑇′(𝑡) = 𝑇(𝑡)𝜎(𝑡) is probability that ray stops exactly at 𝑡.

So the expected color returned by the ray will be 

Note the nested integral!

∫𝑡0
𝑡1
𝑇(𝑡)𝜎(𝑡)𝐜(𝑡)𝑑𝑡

Neural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

We use quadrature to approximate the nested integral, 

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

We use quadrature to approximate the nested integral, 

splitting the ray up into 𝑛 segments with endpoints {𝑡1, 𝑡2, … , 𝑡𝑛+1}

𝑡𝑁

𝑡1

𝑡𝑛+1

𝑡𝑖

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

We use quadrature to approximate the nested integral, 

splitting the ray up into 𝑛 segments with endpoints {𝑡1, 𝑡2, … , 𝑡𝑛+1}

𝑡𝑁

𝑡1

𝑡𝑛+1

𝑡𝑖

Slide credit: Ben Mildenhall

“Far Plane”

“Near Plane”

Neural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

We use quadrature to approximate the nested integral, 

splitting the ray up into 𝑛 segments with endpoints {𝑡1, 𝑡2, … , 𝑡𝑛+1}
with lengths 𝛿𝑖 = 𝑡𝑖+1 − 𝑡𝑖

𝑡𝑁

𝑡1

𝑡𝑛+1

𝛿𝑖

𝑡𝑖

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

We assume volume density and color are roughly 

constant within each interval

𝑡𝑁

𝑡𝑖
𝐜𝑖 , 𝜎𝑖

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021



Summary: volume rendering integral estimate

Rendering model for ray 𝐫(𝑡) = 𝐨 + 𝑡𝐝:

How much light is blocked earlier along ray:

How much light is contributed by ray segment i:

3D volume

𝑡1

𝑡𝑁

Camera

Ray

colors

weights

𝐜 ≈ ∑
𝑖=1

𝑛

𝑇𝑖𝛼𝑖𝐜𝑖

𝑇𝑖 = ∏
𝑗=1

𝑖−1

(1 − 𝛼𝑗)

𝛼𝑖 = 1 − exp(−𝜎𝑖𝛿𝑖)

𝑡𝑛+1

𝑡1 𝑇𝑖

𝛼𝑖

𝑡𝑖

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021

“Far Plane”

“Near Plane”



DreamFusion: Text-to-3D using 2D Diffusion

https://arxiv.org/pdf/2209.14988



DreamFusion: Text-to-3D using 2D Diffusion

https://arxiv.org/pdf/2209.14988



DreamFusion: Text-to-3D using 2D Diffusion

https://arxiv.org/pdf/2209.14988



DreamFusion: Text-to-3D using 2D Diffusion

https://arxiv.org/pdf/2209.14988



SV3D: Novel Multi-view Synthesis and 3D Generation 
from a Single Image using Latent Video Diffusion

https://arxiv.org/pdf/2403.12008



SV3D: Novel Multi-view Synthesis and 3D Generation 
from a Single Image using Latent Video Diffusion

https://arxiv.org/pdf/2403.12008



SV3D: Novel Multi-view Synthesis and 3D Generation 
from a Single Image using Latent Video Diffusion

https://arxiv.org/pdf/2403.12008



SV4D: Dynamic 3D Content Generation with Multi-Frame 
and Multi-View Consistency

https://arxiv.org/abs/2407.17470



SV4D: Dynamic 3D Content Generation with Multi-Frame 
and Multi-View Consistency

https://arxiv.org/abs/2407.17470



SV4D: Dynamic 3D Content Generation with Multi-Frame 
and Multi-View Consistency

https://arxiv.org/abs/2407.17470



LRM: LARGE RECONSTRUCTION MODEL FOR 
SINGLE IMAGE TO 3D

https://arxiv.org/pdf/2311.04400



LRM: LARGE RECONSTRUCTION MODEL FOR 
SINGLE IMAGE TO 3D

https://arxiv.org/pdf/2311.04400



LRM: LARGE RECONSTRUCTION MODEL FOR 
SINGLE IMAGE TO 3D

https://arxiv.org/pdf/2311.04400



MeshLRM

https://arxiv.org/abs/2404.12385



MeshLRM

https://arxiv.org/abs/2404.12385



CLAY: A Controllable Large-scale Generative Model 
for Creating High-quality 3D Assets

https://arxiv.org/pdf/2406.13897



TRELLIS

https://microsoft.github.io/TRELLIS/



TRELLIS

https://microsoft.github.io/TRELLIS/



TRELLIS.2

https://microsoft.github.io/TRELLIS.2/



TRELLIS.2

https://microsoft.github.io/TRELLIS.2/



SAM 3D

https://arxiv.org/pdf/2511.16624



SAM 3D

https://arxiv.org/pdf/2511.16624



SAM 3D

https://arxiv.org/pdf/2511.16624



SAM 3D

https://arxiv.org/pdf/2511.16624



AnyHead & AnyAvatar3D

https://arxiv.org/pdf/2604.13856



AnyHead & AnyAvatar3D

https://arxiv.org/pdf/2604.13856



GLD：
Repurposing 
Geometric 
Foundation 
Models for 
Multi-view 
Diffusion

https://arxiv.org/pdf/2511.16624



GLD：Repurposing Geometric Foundation Models 
for Multi-view Diffusion

https://arxiv.org/pdf/2511.16624



GLD：Repurposing Geometric Foundation Models 
for Multi-view Diffusion

https://arxiv.org/pdf/2511.16624



VIST3A：Text-to-3D by Stitching a Multi-view 
Reconstruction Network to a Video Generator

https://arxiv.org/abs/2510.13454



VIST3A：Text-to-3D by Stitching a Multi-view 
Reconstruction Network to a Video Generator

https://arxiv.org/abs/2510.13454



Detection  of 
AI-Generated Visual Content



Issues of Generative Models: Controllability

Nano Banana Pro

Prompt: 
Generate a 
photo of  a 
badminton 
player striking 
a shuttlecock.



Issues of Generative Models: Safety



Real vs. Generated Images: A Multi-Scale Geometry Gap

• Implication.

• The Real–Gen gap is not just pixel noise; it is a systematic shift in 
representation-space geometry, and it is scale-dependent.

• Observation. 

• Real images come from an effectively continuous world: as we probe finer 
scales, new coherent structure keeps emerging. 

• Generated images are trained in a fixed-resolution regime, so fine-scale 
statistics often saturate, showing either compression (over-smooth / repetitive 
textures) or distortion (hallucinated, incoherent micro-structure).



Real vs. Generated Images: A Multi-Scale Geometry Gap

• Why this happens?

• Measurement vs. 
learning mismatch:
the camera provides a 
finite-resolution 
measurement of a 
continuous scene (low-
pass + sampling). 
Generators learn a 
band-limited 
approximation tied to 
the training resolution.



Real vs. Generated Images: A Multi-Scale Geometry Gap

• Why this happens?
• Effective DOF cap 

(model/optimization bias):
the generator 
parameterization and 
training objective impose a 
bounded effective 
dimension / thinner 
manifold, so extra fine-
scale degrees of freedom 
are either collapsed (stable 
but repetitive) or 
fabricated (detailed but 
inconsistent).



Improving Diffusion Models as an Alternative To GAN, Part 1 | NVIDIA Technical Blog

Impossible Triangles

https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/


Distributional loss

+ Clearer images

- Mode collapse, limited diversity

Point-wise loss

+ Maintain diversity

- Blur images (+ Multi-step)

Diffusion models can be trained on large datasets with 

5 billion image-text pairs !

+ High quality and diversity, w/ speedup (ODE, LDM,…)

An unified model!Rombach & Blattmann, et al. 2022

GAN

Diffusion 

Models

Diffusion Models’ Benefit

https://arxiv.org/abs/2112.10752


SD: “A photo of Musk” Caption:“A man in a black shirt” SD: “A painting of Picasso” Caption：“a painting of a man 

with a mustache”

+ Mode coverage 

+ Generate images for different concepts (instances, persons, styles…)

Diffusion Models’ Benefit



https://www.midjourney.com/showcase

+ Amazing fidelity

- Cherry picking

Prompt: pouring water from a teapot into a 

cup; Models: Stable Diffusion Series.

Are Diffusion Models All You Need?



Are Diffusion Models All You Need?

+ High quality, w/ speedup (Flow-Matching, CM)

- Controlability



https://openai.com/sora

- Texture - Physic systems

+ Amazing fidelity

Are Diffusion Models All You Need?



- Specific samples

- Rare / dynamic samples

It is quite easy to detect Diffusion Models’ generated 

images. (But not that good to generalize to GANs)

WildFake: A Large-scale Challenging Dataset for AI-Generated Images Detection, AAAI 2025

DeMamba: AI-Generated Video Detection on Million-Scale GenVideo Benchmark, SCIS 2026

Are Diffusion Models All You Need?



- Comprehensive

- Cross-Modality

- Activity

Are Diffusion Models All You Need?



Detecting generated images with effective dimensions

• At scale s, define the second moment:

• Effective dimension proxy:



Detecting generated images with effective dimensions



Detecting generated images with effective dimensions

https://arxiv.org/pdf/2303.09295



Detecting generated images with effective dimensions



“Hallucination”
“Emergence”



“Hallucination”
“Emergence”



“Hallucination”
“Emergence”





AIGI Detection with Reliable Explanations

<think>

Upon close inspection, we can observe：
<bbox>… the collar is disconnected at both ends</bbox>

<bbox>… an unnatural sheen</bbox>

Overall, this image shows a <tag>material error</tag>.

</think>

In conclusion, this image is AI-generated.

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



AIGI Detection with Reliable Explanations

<think>

Upon close inspection, we can observe：
<bbox>… the sedan is on railway tracks</bbox>

<bbox>… the text near the roof light is blurry</bbox>

<bbox>… the text on the broadcast screen is blurry</bbox>

Overall, this image shows an <tag>attribute error</tag>.

</think>

In conclusion, this image is AI-generated.

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



AIGI Detection with Reliable Explanations

<think>

Upon close inspection, we can observe：
<bbox>… the flames at the bottom of the 

tower lack the natural chaotic variation of 

real fire; the texture looks smooth</bbox>

Overall, this image shows a <tag>material 

error</tag>.

</think>

In conclusion, this image is AI-generated.

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



AIGI Detection with Reliable Explanations

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026





AIGI Detection with Reliable Explanations

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25

On the detection of AI-generated images, we notice that:

1.Using one prompt is not enough - MLLMs are not 

optimized for this specific type of problems.

2.The most decisive defects can give AI-generated 

images away easily. Humans can tell an image is AI-

generated just by one or two aspects.

3.Individual prompts may hallucinate or miss subtle 

cues. To address this, we execute P1–P6 in parallel. A 

final fusion stage aggregates these diverse 

perspectives—balancing detailed inspection with 

logical reasoning—to produce a robust, explainable 

verdict.



AIGI Detection with Reliable Explanations

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25





AIGI Detection with Reliable Explanations

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026



AIGI Detection 
with Reliable 
Explanations

FakeXplain: AI-Generated Images Detection via Human-Aligned Grounded 

Reasoning, ICLR 2026





AIGI Detection with Reliable Explanations

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



AIGI Detection with Reliable Explanations

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



AIGI Detection with Reliable Explanations

Locate-Then-Examine: Grounded Region Reasoning Improves Detection of AI-Generated Images, CVPR 2026



Re-Edit



Re-Edit



Video
&
Music



Fin.



Thanks!

• Takeaways

• Real images exhibit a multi-scale complexity profile (not a single fixed-
resolution statistic).

• Generation errors are typically two-sided: compression (over-
smooth/repetitive) or distortion (artifact/incoherence).

• MLLMs are good at detecting compression, traditional models are good at detecting 
distortion.

• We need a single, representation-space metric that captures this geometry gap 
across scales.

• We can improve generative models by capturing the geometry gap across scales.


