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1. Denoising Diftusion Causal
Discovery



1.1 Background and Related Work

1.1.1 Structural Equations Models

For Linear SEM:
1
X=XW+E, ming- | X — XW|E+ XA W]y + Ay [W],

For nonlinearity:
X=fX;W)+E=f(L(X)W)+E.

1.1.2 Continuous DAG Constraint
h(W) = tr(eoW) —d

1.1.3 Denoising Diffusion Probabilistic Models

Updating Rule:
=V1—=06x; 1+ VBiz1
= \/ouTyg+ /1 —a,z
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1.2 Methods
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Figure 1: Model architectures of proposed models in this paper.
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1.2 Methods

1.2.1 Denoising Diffusion Models for Linear SEMS
.1 . =
min o (X, — X, W) — diag(y/1—a,) Z(I = W)lE + X [Wlh + A, W],

-

predicted noise expected noise

Theorem 1. For linear SEMs, the objective functions in Equation 8 and Equation 2 are equivalent.

Proof. Consider the case when each sample in X is perturbed using the forward diffusion process
in 7. The perturbed observational data could be written as Equation 9. Here we use £ to denote the
different diffusion time steps for all samples in X and the diag() operator scales each row of X
and Z accordingly based on the diffusion schedule.

X = diag(v/az) Xo + diag(v/1 —a3) Z, 9
With Equations 9 and 1, we can easily develop Equations 10-12

X W = diag(v/az) XoW + diag(v/1 — az)ZW, (10)
X, — X, W = diag(v/37) (Xo — XoW) + diag(vI — ) (Z — ZW) (11)
diag(v/az)(Xo — XoW) = (Xy — X W) — diag(vV1 — %) Z(I — W) (12)
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1.2 Methods

1.2.2 Denoising Diffusion Models for Nonlinear SEMs
Y = f1(X) + E|

X = f,(YW) + E,
Y =YW + E,

in o 1(X = Fo(FOW)) + (Y, = Y, W) — diag (/T a,)2(1 — W)

-

reconstruction error predicted noise

+A1 (W + A [W],

expected noise
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2. Gradient Based Causal Discovery
with Diffusion Model



2.1 Representing SCM by Diftusion Process

A linear SCM:

Nonlinear extension:

Forward Process:

Reverse Process:
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X=AX+Z=(I-A)"Z

X=9((I-A)"f(2)
g (X)=A9g" (X)+ f(2)

Z=f1(I-A)g (X))
X — diffusion — (I — A) — diffusion — Z
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2.1 Representing SCM by Diftusion Process
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Figure 1: Illustration of the diffusion based causal modeling.
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2.1 Representing SCM by Diftusion Process

Objective:

iy L(A,0)+ \h(A),

where L(A, ©) is the diffusion ELBO loss and h(A) is the DAG constraint.
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3. Previous work about Diffusion X
Causal Discovery



ICLR 2023: Diffusion Models for Causal Discovery via
Topological Ordering



3.1 Finds Leaves with the Score

1. Lemma: Leaf node j satisfies Var y [Hj,j(logp(a:))] = 0.

2. In Diffusion models, we leverage the fact the the trained model €4 approximates the score
Vs, log p(x) of the data.

3. Thus we will approximate the score’s Jacobian via diffusion training:

H’i,j 10gp<.7]> ~ V,L"jgg(x, t)
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4. Uncertainty - related work



4.1 Uncertainty modeling for fine-tuned implicit functions

Title: Uncertainty modeling for fine-tuned implicit functions, for applications in implicit neural
representation like NeRF.

Algorithm 1 Dropsembles

> Task A
Require: : D4
1: p(f|D,4) + Train fy on D4 with dropout
> Task B
Require: : Dy, 5(0|D4)
2: form=1to M do
3: g ., « Sample a thinned network initialized from p(8|D.)
4: Gm arg ming Ep 5 (0) - Train thinned network on Dg
5: end for A
6: Obtain predictions and uncertainty estimates <+ Ensemble { Sm}me[mr]
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4.2 Detecting Discrepancies between Al-Generated and Natural Images using Uncertainty

DETECTING DISCREPANCIES BETWEEN AI-GENERATED
AND NATURAL IMAGES USING UNCERTAINTY

Anonymous authors
Paper under double-blind review

ABSTRACT

In this work, we propose a novel approach for detecting Al-generated images by leverag-
ing predictive uncertainty to mitigate misuse and associated risks. The motivation arises
from the fundamental assumption regarding the distributional discrepancy between nat-
ural and Al-generated images. The feasibility of distinguishing natural images from
Al-generated ones is grounded in the distribution discrepancy between them. Pre-
dictive uncertainty offers an effective approach for capturing distribution shifts, thereby
providing insights into detecting Al-generated images. Namely, as the distribution shift
between training and testing data increases, model performance typically degrades, often
accompanied by increased predictive uncertainty. Therefore, we propose to employ pre-
dictive uncertainty to reflect the discrepancies between Al-generated and natural images.
In this context, the challenge lies in ensuring that the model has been trained over sufficient
natural images to avoid the risk of determining the distribution of natural images as that of
generated images. We propose to leverage large-scale pre-trained models to calculate the
uncertainty as the score for detecting Al-generated images. This leads to a simple yet ef-
fective method for detecting Al-generated images using large-scale vision models: images
that induce high uncertainty are identified as Al-generated. Comprehensive experiments
across multiple benchmarks demonstrate the effectiveness of our method.

Simply a weight-space perturbation method.
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5. Passing by the Diffusion Models



5. Passing by the Diffusion Models

REPRESENTATION ALIGNMENT FOR GENERATION:
TRAINING DIFFUSION TRANSFORMERS
IS EASIER THAN YOU THINK

Sihyun Yu'! Sangkyung Kwak! Huiwon Jang' Jongheon Jeong?
Jonathan Huang® Jinwoo Shin'* Saining Xie**
IKAIST 2Korea University ®Scaled Foundations “New York University

available at Arxivon Oct 9
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5. Passing by the Diffusion Models

ONE STEP DIFFUSION VIA SHORTCUT MODELS

Kevin Frans Danijar Hafner Sergey Levine Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley UC Berkeley
kvfrans@berkeley.edu

avaiblable at Arxivon Oct 16
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5.1 Representation Alignment

‘ Denoising Objective

1
DiT/SiT Block
[ Representation ‘ DiT/SIT Block
Alignment DIT/SIT Block

1 MLP

' DIT/SIT Block

Pretrained —
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5.2 Shortcut Models
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Figure 3: Overview of shortcut model training. At d ~ 0, the shortcut objective is equivalent
to the flow-matching objective, and can be trained by regressing onto empirical E[v;|z;| samples.
Targets for larger d shortcuts are constructed by concatenating a sequence of two d/2 shortcuts.
Both objectives can be trained jointly; shortcut models do not require a two-stage procedure or

discretization schedule.
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5.2 Shortcut Models

£3(0) = Bagra, a1, () p(tid) | [156(@,£,0) = (@1 = 20) |2 + [50(21,t, 2d) — a2 |
Flow -I'E;tching Se]f—Ccn:si stency (5)
where  Syger = Sg(@4,t,d)/2 + sp(x), 4, 1,d)/2 and ;4 = x4 + sp(24, ¢, d)d.
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6. Plan for Next Week



6. Plan for Next Week

1. Explore relative works from NeurIPS 2024 Accepted List and ICLR 2025 Submmision List

2. Getting familiar with and running the code of other Bayesian Causal Discover Methods,
such as, DiBS, BCD Nets, MC?...

3. Further reading about Generative Model related Uncertainty/Causal Discovery
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