Recap.



/ The design space of text-to-image generation \
/ Training \ / Model \ / Text Encoding \

e Training paradigm « Latent Space « Text Encoder
 DDPM *  VQ-VAE/VQGAN « CLIP
* Flow matching * Advanced VAE e CLIP+T5
e Model architecture * LLM/VLM/MLLM
e  U-Net « Text Conditioning
 DIT * CrossAttention
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DIT for Video Generation
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Adapting Image Models to Generate Videos

Fine-Tuning Inference
Reconstruction Loss XT steps
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Tune-A-Video https://arxiv.org/abs/2212.11565



Adapting Image Models to Generate Videos

Generative
Stochastic Processes
per Frame/Batch Element

Marginal Diffused
Data Distnbution

Figure 2. Temporal Video Fine-Tuning.
We turn pre-trained image diffusion mod-
els into temporally consistent video gener-
ators. Initially, different samples of a batch
synthesized by the model are independent.
After temporal video fine-tuning, the sam-
ples are temporally aligned and form co-
herent videos. The stochastic generation
process before and after fine-tuning is visu-
alised for a diffusion model of a one-dim.
toy distribution. For clarity, the figure cor-
responds to alignment in pixel space. In
practice, we perform alignment in LDM’s
latent space and obtain videos after ap-
plying LDM’s decoder (see Fig. 3). We

: ; . : AT also video fine-tune diffusion model up-
Before temporal video fine-tuning, After temporal video fine-tuning, samples are aligned to . 3
different batch samples are independent. form a video sequence (after applying the LDM decoder). samplers in pixel or latent space (Sec. 3.4).

Input Noise (for each
Frame/Batch Element)

Temporal Video
Fine-Tuning

B——

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



Genie: Generative Interactive Environments

“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. ”

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



Movie Gen:

A Cast of Media Foundation Models

Visual filtering

Resolution
Aspect ratio
No text
No scene change
Aesthetics
No border

>

Large pool |——
of videos

e

Personalized
Text-to-video

& 5
) (e ) ” “
ext-to-image + :
Text-to-image > Text-to-video > TT:);:‘:,:)J r\:i':eo
J L Pre-training J 9
< 4

256 — 768 px videos
Up to 16s 16 FPS

256 px image training

Video-to-video
Editing

768 px videos

Motion filtering Up to 16s 16 FPS

Content filtering Captioning

No slow motion
No jittery motion =—»
No special motion

Camera motion
LLaMa3 captions

Deduplication
Resampling

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



VACE

R2V

T2V Subject
Frame

Face Object

Reference Anything

https://arxiv.org/pdf/2503.07598

Move Anything

va2v
Control

Depth Gray Scribble Pose Flow Layout

r—

Composition ®E4™

Animate Anything

Swap Anything

MV2V
Repaint Extension
General
First/ Last Clip

Inpaint Outpaint

Expand Anything



LTX

>[Audio Preca

>[Video Predj

Audio Loss
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l Mel Audio VAE Audio ) ,
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https://arxiv.org/pdf/2601.03233




3D Generation



Text-to-3D structure generation

X: generated
3D structures

y: text prompt

“motorcycle” “mech suit” “ghost lantern” “furry fox head”

-\
i

“dresser” “swivel chair” “astronaut” “mushroom house”




Image-to-3D structure generation

X: generated 3D
structures

y. Image prompt




Isosurfacing
w/ gradients

Applications
w/ FLEXICUBES

Surface-Based Rendering: Mesh

DMTET 15K tris

rpfie

Generative 3D modeling Animated 3D reconstruction

et

3D reconstruction from images

Tet-mesh physics simulation Developability

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh

DMTet

FlexiCubes

Motorbike Chair Car

GET3D: A Generative Model of High Quality 3D Textured Shapes Learned from Images
Gao, Shen, Wang, Chen, Yin, Li, Litany, Gojcic, Fidler, NeurIPS 2022

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh

End-to-end optimization

Reference

T-pose optimization

Appearance-Driven Automatic 3D Model Simplification
Hasselgren et. al. Eurographics Symposium on Rendering. 2021

https://arxiv.org/pdf/2308.05371



Surface-Based Rendering: Mesh
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https://arxiv.org/abs/2311.15475



Surface-Based Rendering: Mesh

https://arxiv.org/abs/2311.15475



Volume-Based Rendering: NeRF/3DGS

MLP




Volume-Based Rendering: NeRF/3DGS
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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/



Aspect

Modeling
Paradigm

Input
Requirement

Topology Prior

Representation
Type

Learning
Objective

Optimization Type

Expressiveness

Editability

Surface-Based vs. Volume-Based

NeRF / 3DGS (Volume-based)

Perception-driven learning
of unknown 3D structures

Real-world images/videos

(multi-view), camera poses

Not required; topology-free

Continuous fields (density, radiance)

Learn geometry and appearance from data

Gradient-based, differentiable rendering

Implicit, generalizable to various categories

Difficult (implicit representation)

Al/CV: 3D perception,
reconstruction, novel view synthesis

Mesh (Surface-based)

Explicit modeling of known structures

Explicit meshes, CAD
models, or known geometry

Required; predefined
or manually designed

Discrete surface (vertices, edges, faces)

Represent or edit known 3D shapes

Structure-based, difficult
to optimize end-to-end

Explicit, high-fidelity but category-specific

Easy to edit (explicit
geometry and topology)

CG/CAD: design, simulation,
character animation




Volume Rendering

Scene is a cloud of tiny colored particles

Max and Chen 2010, Local and Global Illumination in the Volume Rendering Integral
Neural Radiance Fields, Mildenhall et al. 2021 Slide credit: Ben Mildenhall



Volume Rendering

Rayr(t) = o+ td

Camera If a ray traveling through the scene hits a

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

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Volume Rendering

Plhit att] = o(t)dt

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

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Volume Rendering

Plhit att] = o(t)dt

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

Our field thus has the function signature:
®:R3 - R3 x RT; d(x) = (o, €)

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Volume Rendering

P[no hits beforet] = T(t)

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

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Volume Rendering

P[no hits beforet] = T(t)
Plhit att] = o(t)dt

o and T are related via
P[no hit beforet + dt]| = P|[no hit beforet] X P[no hit att]

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Volume Rendering

P[no hits beforet] = T(t)
Plhit att] = o(t)dt

o and T are related via
P[T(t +dt)] = P[T(t)] X P[1 — a(t)dt]

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Neural Radiance Fields, Mildenhall et al. 2021

Volume Rendering

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

T(t) = exp (—fota(a)da)

1 — T(t) can be seen as cumulative distribution function of
probability that ray hits something before reaching t.

Then T'(t) = T(t)o(t) is probability that ray stops exactly at t.



Volume Rendering

Then T’ (t) = T (t)o(t) is probability that ray stops exactly at t.

So the expected color returned by the ray will be

[ T(®e®)e(t)dt

Note the nested integral!

Neural Radiance Fields, Mildenhall et al. 2021



Approximating the nested integral

4

We use quadrature to approximate the nested integral,

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Approximating the nested integral

We use quadrature to approximate the nested integral,
splitting the ray up into n segments with endpoints {t;, t,, ..., t;+1}

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Approximating the\nested integral

“Far Plane”

“Near Plane”

We use quadrature to approximate the nested integral,
splitting the ray up into n segments with endpoints {t;, t,, ..., t;+1}

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Approximating the nested integral

We use quadrature to approximate the nested integral,
splitting the ray up into n segments with endpoints {t;, t,, ..., t;+1}
with Iengths 51’ =ti+1 —

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Approximating the nested integral

We assume volume density and color are roughly
constant within each interval

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



Summary: volume rendering integral estimate

Rendering model for ray r@ = o + td:

C~ ZTal

=1
colors

weights

How much light is blocked earlier along ray;
i1—1

T; = H(l—a])

j=1
How much light is contributed by ray segmefiti:

a; =1—exp(—0;0;)

“Near Plane”

Neural Radiance Fields, Mildenhall et al. 2021 Slide credit; Ben Mildenhall



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

https://arxiv.org/pdf/2209.14988



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

"a DSLR photo of a peacock on a surfboard”

https://arxiv.org/pdf/2209.14988



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

"a DSLR photo of a

‘@ peacock on a surfboard” Imagen
P(light) 24, ~ U(0,1) %4 (2| t)

re ndm ing

e ~ N(0,T)

(camera

Backpropagate onto NeRF weights

€o(Ze|y; t) — €

https://arxiv.org/pdf/2209.14988



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

/Score Distillation Sampling )

\Updates parameters with SGD: 0;.; = opt.step(6;, Vaﬁ(ffi))/

Loite(9s X) = Etnts(0,1),e~n(0.1) [W(E)|| €5 (tx + o165 ) — €|3]

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

eﬁ; |

SV3D

A
g e

\w

A

i

#

/

Novel Multi-view Synthesis

3D Optimization

Generated Meshes

https://arxiv.org/pdf/2403.12008



SV3D: Novel Multi-view Synthesis and 3D Generation
from a Single Image using Latent Video Diffusion
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SV4D: Dynamic 3D Content Generation with Multi-Frame
and Multi-View Consistency

Reference Video

View

Reference Multi-views

Novel Multi-view Video Synthesis 4D Optimization Generated 4D Assets

https://arxiv.org/abs/2407.17470



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

,,,,,,, Video frame f : During training  @: Add noise D : VAE Encoder @ : Concat

M, }

»| CLIP

Nolise D |

1 L L L
‘ \ =\l ”}

View » - 9D

i
-

Conv block
Spatial attn. |€—

> > - [

2 b

X % -
Y

Reference

View attn
—>»  Frame attn.

:

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

Single input image

Image encoder
Dim:512x512x3

Image features

12 Layers, Dim: 768, ViT (DINO) Dim: (32 x 32) x 768

_ B e D Modulation with
A/ : camera features
/B

# . Residual connection
H—Lo{ self MLP ®

/) |
o L DU e T

Triplane tokens
Dim: (3x32x32)x 1024

Res: (3x32x32) = (3 x64 x64)

Ledialne Image-to-Triplane Decoder S Dy d024:-9 40
positional embeddings & . p. () Camera features, Dim: 20
Dim: (3 x 32 x 32) x 1024 16 Layers, Dim: 1024

..................................................................................

Point features
Dim:3x 80

=

)

o)
TR

Rendered
novel image

Triplane | Dim: 3 x (64 x 64) x 80

___________________________________________________________________________________ ”

Neural Radiance Field (NeRF)

/

https://arxiv.org/pdf/2311.04400






LRM: LARGE RECONSTRUCTION MODEL FOR
SINGLE IMAGE TO 3D

https://arxiv.org/pdf/2311.04400



MeshLRM

Triplane tokens

' @] emeemmemmemmescccccecccceem e ———— . Rendering W
. Transformer (24-layer) } \ 8 }' '
| Patchify | 5
1
: & —-[ Self-Attention e MLP G :
: Linear !
:_. ____________________________________ 7’
. F B | | i omime e o e s o, -
: ! Linear & Unpatchify )
' Image | SO0 ' . e e |
: | X — Density ! 1. Vol. rendering initialization
| Lokens | /| RS : i 2. DiffMC mesh refinement
! 7 : 7 Tiny density MLP ' | ,
' 7 i B ® !
| riplane C’ﬁf/ ¢ :
: toiens ‘ : d@%) :—’[
! iplane ' !
: a ' Tripla Tiny color MLP ,

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

VAE Geometry Encoder

2048 4096 8192
Position : Positior Positior
Embeddings Embeddings Embeddings
2 down-sample
o
§ K,V
v Q
£ Cross Attention
@ —— Latent Code
VAE Geometry Decoder C.)uw.v Points
X 24 Layers
K,V
Self
, Cross Attention
Attention i
Isosurface
Latent Code
Latent Diffusion Model
Denoising .l. SB

Transformer

853M
Conditioning

https://arxiv.org/pdf/2406.13897



TRELLIS

e
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»r " 4
V4 ‘0{

A

[
Vintage camera Two-story brick house
with leather case with red roof and fence

Flexible
Editing
Detail Local
Varistion Editing

Made of wood Silver glossy metal Transparent glass Voxelized, pixelated House — Trees

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



TRELLIS

3D Assets Encoding & Decoding
Structured Latent Representation Learning

\

Visual Feat. ' Detsil
/- DINOWZ > Y info Sparse
. i : VAE
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-\ v
3D Assets Generation

Structure Generation Structured Latents Generation Latents Decoding

©

Text Condition
Image > Flow
Transformer >,
‘—»

Gs

Q

Text Coo™) Sparse
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https://microsoft.github.io/TRELLIS/



TRELLIS.2

Reconstruction Generation

o —

“ 5
) Vg

Alpha
Roughness

Metallic

Base Color

HLDLE BLTLE BLDLE

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



TRELLIS.2

Instant '
Bidirectional = Compression

~

e (& i VAE
3D assets g O-Voxel

TRELLIS.2's pipeline begins with an Instant Bidirectional Conversion that transforms meshes into our new representation
termed O-Voxel. A Sparse Compression VAE then encodes these voxels into a compact Structured Latent space.

Dual R3 Base O-VOXG'Z umi
Vertices fo.1) Color
Intersect |53 Metallic ' O-Voxel is a novel "field-free” sparse voxel structure designed to encode both precise
Flags geometry and complex appearance simultaneously.
Roughness
Splitting
Weights Ry

Alpha GEO  Geometry (Fhape)

Utilizing a Flexible Dual Grids representation to handle arbitrary topologies while
g P ry topolog
L preserving sharp edges.

f\!u;w ,-m;u

Appearance (™)

O-V. I Supports full PBR attributes (Base Color, Metallic, Roughness, Alpha) to
ahhitol accurately model rich surface materials.

SC-VAE: Sparse Compression VAE Material SC-nc

Shape SC-Enc

We introduce a Sparse Compression 3D VAE, employing a Sparse Residual
Autoencoding scheme to directly compress voxel data.

16x ~9.6K

DOWNSAMPLING

O-vVoxe! SR

LATENT TOKENS FOR 10243

It encodes a fully textured 3D asset into a highly compact representation with

negligible perceptual degradation, enabling efficient large-scale generative
modeling.

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



https://arxiv.org/pdf/2511.16624



(Optional)

)

Point Encoder

Point Map %
Image % r A

Image Encoder

Object Mask -~ | ) J/

*Mixture of Transformers
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Decoder Layout token

Shape token
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https://arxiv.org/pdf/2511.16624



SAM 3D

( \ f \ ( \ {
Synthetic Semi-Synthetic Real-World SFT Preference
6 - e N G SAM 3D
Pre-training Mid-training Post-Training Optimization
\ J , \ ) \ )
ISO -3DO RP-3DO MITL/ART -3DO
Render Engine Render Paste MITL Data Engine MITL PREFERENCE
MODEL-IN-THE-LOOP
Synthetic 3D ‘ Natural Images \
| Meshes ) . (e.g. SA-1B) J Cj Model Training Data Engine lj Data Source
STAGE1 STAGE 2 STAGE 2.5 STAGE 3

D Goal of the stage

Methodology

Stages g Iy b m Shape Modeling
o0
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i
A |
‘ : Inaccurate
P ) .
— e Object Selection 3D Shape / :
A & Masking Texture Preference Accurate Allgnment to 2.50 Scene
= Human + SAM Human + Model Suite Human + Point Cloud

https://arxiv.org/pdf/2511.16624



SAM 3D
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https://arxiv.org/pdf/2511.16624



AnyHead & AnyAvatar3D

< TIs
vnoa‘sing
Reference Gaussian Noise
b.poising b,noising

young we . Text to Head Stylized Head Head Animation

https://arxiv.org/pdf/2604.13856



AnyHead & AnyAvatar3D
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GLD:
Repurposing
Geometric
Foundation
Models for
Multi-view
Diffusion

(a) Trained from scratch (b) Hnew,,ed o prerai,,ed ode, https://arxiv.org/pdf/2511.16624



GLD: Repurposing Geometric Foundation Models
for Multi-view Diffusion

(a) VAE Latent Diffusion

Target Source Views

Multi-view Diffusion
VAE Latent Space

| | [
[ ] | ]

v v v

(b) Geometric Latent Diffusion

Source Views

ﬂ \ --H
)
7 -

| |
~ Geometric Foundation Model —

Target

i i
L ] | I
I —

Multi-view Diffusion
Geometric Latent Space
= I I

VAE Decoder

S

PSNR

(c) Training Efficiency

Ax faster e
o7 /: ®
=@®= GLD (Ours)
@
./ -®= VAE
«®= DINO

0 35 70 105 140 175
Training steps (k)

https://arxiv.org/pdf/2511.16624



GLD: Repurposing Geometric Foundation Models
for Multi-view Diffusion

Source Target Generated Views Input Features Generated

() Multi-view

i SIC F Camera Timestep _
% F o Q0 t 4 F,
l Diffusion Models A ,i\ Noisy Source - fl"w" v:.".;'._"w’.fi
(oE===g=—Son — 1= _
Level O ill H "—P l‘ — *
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| Level 1 -EH 7}-»;7) ‘* _,!L_ E l g'_' H H —@——§-§r~ ’5% 1,
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|| Level2 > F, |7 ol 5 H | H ey e o
l__Lfolj_________ffg_!_ji’ | ’ — J Multi-view Diffusion
Geometric Enc. (3) RGB Decoder l
(a) Geometric Latent Diffusion Framework (b) Multi-view Diffusion Model Architecture

https://arxiv.org/pdf/2511.16624



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

“A bedroom scene features a large bed adorned
with white linens. Two lamps sit on nightstands ... "

“An alpinist scaling a dramaiic, snow-covered

A gleaming golden trophy with intricate

A majestic view of the Matterhorn at sunrise, ... mountain face ... the climber is captured mid- tcinde 100 tall 1o fit pisid il
s . engravings stands too tall to fit inside a small,
the scene is surrounded by snowy slopes and ascent, emphasizing scale and solitude agatnst 8 & ’
X = ¥y R % worn brown leather suitcase...
serene winter atmosphere, the immense landscape.

(a) Text-to-3DGS (b) Text-to-Pointmap

https://arxiv.org/abs/2510.13454



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

(a) Previous methods

2D Generative KN ;
Model A
o

H—
Vi L s
e
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i
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Multi-View Latent 3D Representation
(b) Ours
I I I Model
Stitching

2D Generative S
Model
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3D Representation

1) Search for stitching layer

2) Stitch and finetune

" o L
J :}::(:i lgvehsl transferable layer k Unlabeled .)
B S, : ugh: : o Video
k* = arg min BS, — Ail%

Direct reward finetuning for alignment

‘ * e ‘ .'/ 8 Ferr - Reward
i ‘. | T / R = (1) 3D representation quality
"Prompt" | i : ¢ :
o 3 ¢ 3 Rendered images (2) 3D consistency
A W e . . l _____ (3) Multi-view image quality
e Gradient backpropagation Bk

Latent generative model Decoded images

https://arxiv.org/abs/2510.13454



Detection of
Al-Generated Visual Content



Issues of Generative Models: Controllability

Prompt:

(GGenerate a

nhoto of a

% & padminton

Colleasen " 1 - -2 B R player striking
. ; . a shuttlecock.




Safety

Issues of Generative Models
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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.

- - .§ Real
learning mismatch: A i
;he- Camera} plfOVides a g | camera / sensor S cgiy;ﬁnzgfc:fjgigzﬁn

Inite-resolution 2 — > : al /[ —

) | —te - - - : = Generated
measurement of a E N ot @ R :I_’ -
continuous scene (low- captured G
pass + Samp“ng)_ measurement operator: image @ Ro o
low-pass + sampling B

Generators learn a + quantization & >

resolution 7
(finer scale)

band-limited |
apprOXImatlon tled to Continuous rcgl world
the training resolution. (oo resolution)



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

* Why this happens?
 Effective DOF cap

(model/optimization bias): ZA BoAL
the genera_tor _ . camera / sensor § cap by training r.esolution
parameterization and 3 T - 2 | & model effective rank
training objective Impose a 5 P o I @, £ Generated
bounded effective = 55 cutoff @ Ro g S
dimension / thinner .r:apt‘g‘}? Q
manifold, so extra fine- measurement operator: | o 0 2

; low- l 3
scale degrees of freedom D tation S , >

o resolution 7

are either collapsed (stable
but repetitive) or " e
fabricated (detailed but oo resotution)
Inconsistent).

(finer scale)



Impossible Triangles

GAN:tr/:icrl‘\if:;sarial x || Xt m‘gz:;'m IE Gege(rza)tor x' /I; ngh "‘\‘
Generative - Quality |\ Denoising
Adversarial - \\ g .o1es //  Diffusion
/ thworks/:/ \ P ki “. Models
VAE: maximize x | .| Encoder z Decoder ’ B '

X
variational lower bound %(3'3‘) ; pol(x|z)

Inverse
Flow-.based models: x Flow - Z =1 — o
Invertible transform of f(x) _ [ (2z)
distributions
Diffusion models: % 5% 8
Gradually add Gaussian e S | ey | e PR PR . Variational Autoencoders,
noise and then reverse Normalizing Flows

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



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

Dittusion Models’ Benefit

GAN

Distributional loss
+ Clearer images
- Mode collapse, limited diversity

Point-wise loss

Diffusion + Maintain diversity
Models - Blur images (+ Multi-step)
J EELLY | . | |
EEEE ﬂ . - Diffusion models- cian b-e trained on Iz-alrge datasets with
= 8 ; 5 billion image-text pairs !
o o) TR o, + High quality and diversity, w/ speedup (ODE, LDM,...)
0 EE TR R SE v e B rombeen g sl s 2022 An unified model!



https://arxiv.org/abs/2112.10752

Dittusion Models’ Benefit

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 1mages for different concepts (instances, persons, styles...)



Are Diffusion Models All You Need?

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?

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

- Controlability



Are Diffusion Models All You Need?

+ Amazing fidelity

https://openai.com/sora

y ;
4
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- Texture
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Frequency

Are Diffusion Models All You Need?

Testing Subset
Training Suhsﬂ' Xos lv'."" el
| DMs | GANs [ Others

Long-Tailed Distribution
DMs

& .n ~ . .. GANs
= =—— = - Others
EITTIT L

79.3/93.5/84.5
91.4/97.2/94.6
99.6/99.9/99-9

99.7/99.9/99.9| 86.4/95.9/80.8
77.1/83.2/74.3 |98.1/99.0/99.6
76.4/77.2/70.1 | 82.5/96.0/91.2

It 1s quite easy to detect Diffusion Models’ generated

: - V. E ool K - - .
Bl b :3 oy images. (But not that good to generalize to GANS)
_: 1EE TN PR NE 5% ;FA" u WildFake: A Large-scale Challenging Dataset for Al-Generated Images Detection, AAAI 2025
.,:;"‘ m L’-‘ = (‘ 9\ “: b
] : = DeMamba: Al-Generated Video Detection on Million-Scale GenVideo Benchmark, SCIS 2026

- Rare / dynamic samples
- Specific samples

Long Tail

( I

Items



Are Diffusion Models All You Need?
\ B ;:v \
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-~ /“‘7 7

-
r'——:‘t:.‘. T

| *‘* 7 | '

- Comprehensive

g ‘x
PR

19
e |

- Cross-Modality
- Activity




Detecting generated images with effective dimensions

- At scale s, define the second moment: Mg = E[z(s)z(s)"], tr(Ms)=1
. Effective dimension Proxy: deg(s) ~ 1/Qs.

~

Qs = N(N 1) Zz;e] (Z ) ~ tr(Mg) = Zk ’\I2c°

Generated Generated
(Compression) (Dlstortlon)
Real baseline for Q(s) SO
Distortion (0 Compression (QT :
@ )‘ Two- 51dedtest P (Q ) < o0 e
| ' I
) )]

repetitive/over-smooth  incoherent/noisy



Detecting generated images with effective dimensions

(a) Inpainting: I1l-Posed Prob.

(c) Low PHomo Score Images

EE : ‘ N Q(S)
' ‘ g Distortion (Ql) Compression (Q1)
. Two-sided test
” >
Ho,s
GEasted Tnme Possible Layouts Low Distribution Coherence Real

(b) Assessing / Verification:
I1I-Posed Prob.

(d) High PHomo Score Images

High Distribution Coherence

’ -
- ’ -
; -
)

e

&~

4 g

S 2

.- [ ]ae lllﬂi
A A | Y-l

Tail: none Tail: compression

-

Which is better /
Masked Image more natural?




Detecting generated images with effective dimensions

Real =~ DDPM iDDPM ADM PNDM
= f | % ‘
Source g N\ & ( : - | B
\y b , 'ii’.:‘" ¥
Recon. yi7ias | A.

DIRE.....

https://arxiv.org/pdf/2303.09295



Detecting generated images with effective dimensions

Real Image
High Rank Diversity

(a) Semantic Alignment and Residual Discrepancy (b) Semantic-Residual Subspace
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“Emergence”
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“Hallucination”

“Emergence”
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AIlGI 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 Al-generated.

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25
FakeXplain: Al-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026
Locate-Then-Examine: Grounded Region Reasoning Improves Detection of Al-Generated Images, CVPR 2026



AIlGI Detection with Reliable Explanations

= = 1] % 73, T
A Aol 5R think

\/\"3 ¥ \ Upon close inspection, we can observe:
S y - <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 Al-generated.

mEFPERIART10T

un-w

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25
FakeXplain: Al-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026
Locate-Then-Examine: Grounded Region Reasoning Improves Detection of Al-Generated Images, CVPR 2026



AIlGI Detection with Reliable Explanations

NEwWs 18
pSpse®

25 DEC 2024

<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 Al-generated.

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25
FakeXplain: Al-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026
Locate-Then-Examine: Grounded Region Reasoning Improves Detection of Al-Generated Images, CVPR 2026



AIlGI Detection with Reliable Explanations

Towards Explainable Fake Image Detection with Multi-Modal Large Language Models, ACM MM 25
FakeXplain: Al-Generated Images Detection via Human-Aligned Grounded Reasoning, ICLR 2026
Locate-Then-Examine: Grounded Region Reasoning Improves Detection of Al-Generated Images, CVPR 2026






AIlGI Detection with Reliable Explanations

P1 (Defect Query):

@ ---features of Bi-generoted / real images? @ WA Exemplar B ---neaf or
W {(Feotures of AF-generated / real images} generated? Why?

@ SampleA SampleB real or generoted---7

P4 (Few-Shot): P6 (Stereotype Matching): ";
|

| g Sample A Sample B ---main subject depictsd?:
l % {class_name} _Payload 1 |

|

{preset reason}

i
M @ Sample A Sample B real or generated---?

On the detection of Al-generated images, we notice that:
1.Using one prompt is not enough - MLLMSs are not
optimized for this specific type of problems.

| ---what are common stereotypes or patterns
& of {class_name}---?
Payload 2

3; £ ~Shadows are correct..no
| § {stereotype_response}

evident stitching errors..background
is properly blurred..Likely real.

~reflections on the
diamonds appear slightly

L .8 cartoon-like
dog..overly smooth fur, overly
defined reflections, and uniform | g%
patterns..AI-generated.

Sample A Sample B ---shows {class_name}---

|
|
|
|
|
|
has the following sterectypes: :
|

exaggerated.unrealistic reflections F...maig?ains_an ngf‘ol?"iate | {stereotype_response}---Examine for these .. .
B o pimioor oo | a3 2 The most decisive defects can give Al-generated
natural imperfections.likely real. E; STsetey AT oS eye;

P2 (Regional Analysis):

Q SIII*A SamlBB ---focus on the main
object ac ROIA ROIB provided---

and face is strikingly perfect..fur
exhibits uniformity..depth of field
and background blurring seem more
like AI render..

~diamonds exhibit strong
sparkle.aligns with expected optical
behavior.metal band has smooth but
not overly uniform texture.likely

Images away easily. Humans can tell an image is Al-
generated just by one or two aspects.

P5 (Structural Analysis):

) @ Sample A Sample B ---class_name?
E S : .highly reflective i '§£ {class_name} Payload 1
pupils..fur lacks depth.unnatural

textures.. AlL-generated. ' Q ---list the key components of {class_name}---7

wdiamond reflections k o eri] Payload 2 real.
behave Peglisticallymskin'> ‘ A0 L, : : . .
S SR | Oe———— | 3.Individual prompts may hallucinate or miss subtle
Likely real. how me a list of its Key components--- S 2 3 - =
% feampanas @ sy e e cues. To address this, we execute P1-P6 in parallel. A
]
P3 (common Sense Reasoning): | g ---sxami/{c -For these structural inconsist'em:iss: decision--- - - -
O o SR S ot | | by s s oo e s sessin s e rieneen iG] fUSion stage aggregates these diverse
7- Physical proportions--- i g All previous analysis

perspectives—Dbalancing detailed inspection with

indicéte that the image is likely
generated rather than real. The

2- Spatial relationships---
3- Natural world physics and rules---
Y- Other logical inconsistencies---

41.No missing facial

| ~ features..No misplaced g
strongest evidence comes from...

= ~dog’s anatomy appears
correct.no extra limbs..lighting
exhibits hyper-realistic
characteristics..lacks subtle
imperfections..Likely generated.
~diamond reflections and
metallic finish appear plausible..
text appears slightly out of place..
1lighting and shadows align
correctly.lLikely real.

{6} System @ User 4g Assistant 3% Verdict

shadows..background is clearly not on
the same layer..could be real.

~ring edges are
unnaturally smooth..diamonds are
placed with mechanical precision..
too perfect..background shows
repetitive pattern..Likely generated.

Sample B

|

|

|

|

|

|

|

(" 3- Incorrect object placement _Payload 3.
= |
|

|

|

|

|

|

|

Final Conclusion: AI-Generated
After evaluating the

image using all six paradigms,

there are no clear signs of AI

generation..

Final Decision: Real Image

X

Enanvlarl i Exemplar B

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

logical reasoning—to produce a robust, explainable
verdict.



AIlGI Detection with Reliable Explanations

LLaVACoOT (! ourc GPT-40

PO 0.594 PO 0.852

P1 0.592 P1 0.846

P2 - P2 0.848
P3 0.600 P3 0.896
P4 0.526 P4 0.834

P5 0.610 PS5 0.841

P6 0.586 P6 0.888

Fused 0.696 Fused 0.934

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

Fine-tuning MLLM

FakeXplainer

Trained on the dataset with
SFT + Progressive GRPO
based on Owen-2.5-VL-32B-Instruct

|— avVi. .11V



AIlGI Detection with Reliable Explanations

Rearview mirror not Tire broken (left)
connected to vehicle Tire too thin (right)
=d . s
= Text distorted and Handrail misplaced <verdict>
== 2 not identifiable —> Generated
</verdict>
= — Text K &
= & 3 Tex e 7 Knbivn O} @) Attributes e
= ) dY Realism ¢ Overall
Generated
= <verdict>
—> (no fakeregionsfound) & @& & & & & VERDICT L 2 Rea!-
] Real </verdict>
(Visualized from model response) MLIM
MLLM Thinking Stage Decision

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



Text Prompt
A realistic image of ...

FLux] Sp35|| LlamaGer =
A

Y

| Generated Images |

Manual selection
L 4

| High-Quality Images [.

v

FakeXplained
(Bboxes, Captions, Tags)

'
Ll
I
1
I
'
'
'
'
]
1
I
1
'
'
]
]
]
1

Annotated by
Trained Experts

(a). Dataset Construction

Original Image

F2

(AI-Generated)

(AI-Generated)

© The stone has overly
dark shadows

© Hermit crabs should
have 10 legs, but this
one has only 6.

FakeXplained

R
Fake 1. The shoelaces
blend into each other.

Fake 1. Blurry nametag.
2. The buttons are
missing, and the flap is
unnatural.

material.

3. Pocket too large.

FakeXplainer

Fake 1. The laces on“t
cross over each other,
but blend into the shoe

Fake 1. Text and
Insignia looks blurry.
2. The pocket is long

and asymmetrical.

Is this image real or

5 Is this image real or
ﬁ‘ Sake? Why?

fake? Why?
Vision Tokenizer FakeXplainer
Encoder Embedding | <think>
® LoRA 1 Upon observation, I think
; e [795.110,995.375] ~The shadow
= e is too obvious;
e Decoder [95.365.810,805] Crab leg
Projector LoRA count incorrect
® LoRA |- LM Head < /think>
<tag>
| Base | ' | SFT l ’ IpGRPOl Wrong Attributes
< [tag>
</ Output Formatting e

< Classification Accuracy

</ Grounding Accuracy

(b). Fine-tuning MLLM

LEGION

Fake ...To elaborate,
I have found that:
Left shoe lace:
The left shoe lace is
missing a section.

Fake The man's right
ear is missing. Men's
left ear: The outer ear
rim and earlobe of the
ear are fused together.

Therefore, this image is
likely AI -generated.
< /verdict>

Inference

FakeShield

l

Real Natural reflection
and shadows, no
blurring or jaggedness,
the text on the shoe,
Running ATT, is clear.

Fake There might be
unnatural blending or
unclear edges where

fabric textures overlap

around the pocket.

AIlGI Detection
with Reliable
Explanations

100

Humans 12,

Best

—'-)‘)

Base N\ L‘ntl!"’i

37.2

GRPO,, -,

Base Model Preference Rate (%)

SFT
Opponent Model

Humans Bost GRPO.. ;-1

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






AIlGI Detection with Reliable Explanations

Please analyze the image and:

1. Provide an initial verdict on whether
the image is real or Al-generated.

2. You will need to examine specific
regions more closely. Output
bounding boxes for areas that
require closer inspection.

O0O000

VLM Query 1 — Global Scan

Vision Encoder

Hmnin

LOCATE

—l{xplmmlions—J (485,350,508, 278) (-] l

l (rnp l

...Initially, you claimed
that this is an
Al-generated image.
Observe these regions and
give a final verdict.

Oooooooooo

VLM Query 2 — Local Evidence Check

Vision Encoder

.

EXAMINE

2: R

Upon a closer look, the text on the badge seems
to be “referee”, and the face looks natural.

Explanations =+

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

Is this image real or
Al-generated? Why?
Please state your
justifications and then
decide whether this
image is real or Al-
generated.

oooono e -

VLM Query

Vision Encoder

QOO0

Al: « ______Explanation | ... Verdict |

.. The yellow banner in the background has blurry,
indecipherable text. Al models typically struggle to
generate legible and context-appropriate text...

This image also features blurry or “plastic - like"
textures (e.g., the referee’s shirt lacks natural fabric
details, and the grass looks overly smooth/generic),
another telltale Al artifact.

Therefore, the image is likely Al-generated.

a) One-Turn

Relies on global cues

Focuses on telltale regions to refine early decisions b) LTE



AIlGI Detection with Reliable Explanations

Query 1: Explanation Generation

Query 2: Spatial Grounding

You are an expert in classifying Al-generated images and real

images. Please carefully observe the image that the user provided,

decide whether the image is real or Al-generated.
Justify your verdict by listing reasons that support your decision.

a Is this image real or generated?

Yes, please provide your justifications in detail.

This image appears to be {label}. m
If you wish to understand my justifications, just let me know

The user will show you a {label} image with explanations on why
this image looks {label}. Please annotate bounding boxes for key
regions mentioned in the justification.

Your response should form several bullet points, each starts with
a bounding box, followed by a short caption of how this region can
help determine the authenticity of the image. Your annotated
bounding boxes must be completely based on the rationale.

Focus on regions that are most likely to be fake.

This image is {label} because: {previous_response}.
Focus on regions that are likely to have generative artifacts or cues.

Q1 - Response

This image is likely Al-generated due
to the dog's unnatural, human-like
pose and the seamless integration of
text into the scene.

P Additional evidence includes
inconsistent details on the Jenga
blocks, overly uniform lighting, and
the synthetic appearance of the
background elements.

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

>

Q2 - Response

Based on your detailed analysis, here
are some key regions...

* Dog's Paw Interaction with
Blocks (270, 398, 485, 630)

* Jenga Blocks ()

Roles: System User Assistant




AIlGI Detection with Reliable Explanations

LTE Refined LTE
from Real to Fake from Fake to Real Uqchanged

The fan hanging above  Title mismatch; the towel Nt Sl T it e Clear blueberry contour, The CAD diagram is clean Branding consistent,
has a wrong geometry should not reflect g 2 B natural camera blur with identifiable text correct geometry

Missing petals replaced The gates are too far Peanuts not cracked and  Precise metallic keyrings; Symmetrical structure
by leaves away from each other poorly-textured consistent shadows with intricate details

Natural fog and scenery

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

1. Generated Candidates

{from current genarator)

A phato of & cozy
café on a rainy day

Multiple candidates (N)

@ Best-of-N / Reranking

Generate multiple candidates and
sfect the best one using
IQA / rewerd model

Proment
e =
Q4 / 032
. - Mard o
n:!r - o8
. El
v
Seolect Best —»
Representative Works:

SA-IQA LLaVA-Reward,
ProbeSelect (eardy quality
prediction & seloction)

Key Takeaway:

Unified Pipeline: From AIGI Detection / IQA to Better Generation

2. AIGI Detector / IQA /
MLLM Evaluator

Detectors / KQA Models

GM>§<

NG MLLM
Detector Moeu Evaluator

(.0, CLIP, DINO, VLMs, NR-1QA)

What thay look at:

+ Compresson antifacts

+ Distortion (Qeometry, Textura)
» Naturalness / realism

« Alignment / falthfuiness

« Asathetics / caomposition

3. Output: Score + Localization
+ Explanation

Global Score
realinm / guafity / siigrment / artifact

o GEE .
o 1

Localization (Where)
hoatmag / mask [/ bbox / degradation map

Explanation (Why)
grounded reascning in natural language
"Unnatursl hand shape, blurry text on tha

agn, ower-amoothed skin, inconsstent
raflactions on the window.™

4, Feedback Mechanism 5, Better Generation
(Choase One or Combine) (Improved Quality)

@ Best-of-N/ Reranking

2} RL/GRPO / DPO
Post-training

Inference-time Guidance /
Scheduler Adaptation

o Quality Conditioning /
Adapter

€) Localize-and-Repair

Five Feedback Mechanisms in Detail

o RL / GRPO /DPO
Post-training

Use detector / 1QA score us reward to
optimize generator or prompt optimizer

Prompt
forin) —p | Genarator
(Diffusion / LLM)

) (-

AIGE Detector /
1QA Modei

|
v

Reward (score)

v

RL /GRPO /DPO <
Update
Reprasentative Waorks:
RealGen, SA-IQA (RL). OneReward,
Adv-GRPQ, Dufficulty-adaptive
IOA Reward

Inference-time Guidance /
Scheduler Adaptation

Use QA / alignment loss to guide the
sampling process or adapt scheduler

@_,‘mem_"&nwl

T

KA / Alignment Loas
(JAQ Joss, etc)

{
» A

| Adjust step size / noise level /
trajectory

Representative Works
Q-Sched (quality-aware scheduling),
CFG + QA guidance variants

o Quality Conditioning /
Adapter

Injact quality score of IQA features as
conditicning into the generator

Prompt  Fremt Quaity Score
Text (ar IQA Feature)
B e “FEa
Adapter
(Projection)

Diffusion Model
(0.9, SDXL)

|

Generatad Image

Representative Works:
IQA-Adapter (ICCV25)

AIGI detectors and IQA models not only evaluate images, but also pravide optimization signals {score, location, explanation)

that can be used to rank, guide, condition, or repair generations—clasing the loop from detection to better generation.

Higher realism, fewer artifacts,
better alignment and sesthatics

o Localize-and-Repair

Detoct and boalize artdacts, then
refine tha problematic regions
Generated Detpcoc:]

Imoge |
y Dutector / IQA
(Localization)

Represantative Works
Agentic Retoucher, FinPercep-RM,
Q-REAL [localization & reasoning)
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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.



