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Status quo bias
Status quo bias is people’s irra�onal preference for maintaining
current situa�on or state of affairs.
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This paper examines the necessity of noise condi�oning in
denoising-based genera�ve models.

NNθ(xt|t) v.s. NNθ(xt)
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The mo�va�on of challenging the necessity of noise levels is that
”The noise level can be es�mated from corrupted data”

noise level = 0.2 noise level = 0.3
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Analysis on model accuracy

A loss func�on is defined as

L(θ) = Ex,ε,t [w(t)||NNθ(xt|t)− r(x, ε, t)||22] (1)

I Data point : x ∼ pdata
I Noise : ε ∼ pnoise (i.e.N (0, I))
I Noisy image : xt = a(t)x + b(t)ε ∼ pt
I Regression target : r(x, ε, t) = c(t)x + d(t)ε
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Analysis on model accuracy

Defini�on 1
An Effec�ve target of a model NNθ is a func�on that model learns
ideally to minimize its training loss.

Loss func�on of a noise-condi�onal model NNθ(xt|t):

L(θ) = Ex,ε,t [w(t)||NNθ(xt|t)− r(x, ε, t)||22] .

An effec�ve target of the noise-condi�onal model NNθ(xt|t):

R(xt|t) = E(x,ε)∼p(x,ε|xt,t) [r(x, ε, t)] .
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Analysis on model accuracy

Loss func�on of a noise-uncondi�onal model NNθ(xt):

L(θ) = Ex,ε,t[w(t)||NNθ(xt)− r(x, ε, t)||22].

An effec�ve target of the noise-uncondi�onal model NNθ(xt):

R(xt) = Et∼p(t|xt)[R(xt|t)].
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Analysis on model accuracy

Ideally,

NNθ(xt|t)→ R(xt|t), (2)
NNθ(xt)→ R(xt) = Et∼p(t|xt)[R(xt|t)]. (3)

If p(t|xt) is close enough to Dirac delta func�on, the effec�ve targets of
noise-condi�onal and noise-uncondi�onal models would be the same.

Var(p(t|xt))→ 0 ⇒ R(xt)→ R(xt|t)
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Analysis on model accuracy

Theore�cally, the variance of p(t|xt) is
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Analysis on model accuracy

Empirically, the distribu�on of p(t|xt) is
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Analysis on model accuracy

The norm between two effec�ve targets E(xt) is 1/103 of R(xt).

E(xt) = Et∼p(t|xt) [||R(xt|t)− R(xt)||22]
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Analysis on model accuracy

Empirically, the distribu�on of p(t|xt) is
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Analysis on sampling

Statement 3
Noise-condi�onal and uncondi�onal samplings are expressed as

xi+1 = κixi + ηR(xi|ti) + ξεi, (4)
x′i+1 = κix′i + ηR(x′i) + ξεi. (5)

Assuming
1. Lipshitz ||R(x′i |ti)− R(xi|ti)|| ≤ L||x′i − xi||,
2. ||R(x′i |ti)− R(x′i)|| ≤ δi,

||xN − x′N|| ≤ A0B0 + . . .+ AN−1BN−1, (6)

where Ai =
∏N−1

j=i+1(κi + |ηi|Li) and Bi = |ηi|δi.
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Training noise-uncondi�onal model

Using EDM [Karras et al., 2022] as a backbone, they modified
schedules to make model robust to noise in the absence of noise
condi�oning.

L(θ) = Ex,ε,t

w(t)|| cskip(t)xt + cout(t)NNθ(cin(t)xt|t)︸ ︷︷ ︸
Denoiser

−x||22

 ,
where cskip(t) = σ2d/(t2 + σ2d),

cout(t) = t · σd/
√
t2 + σ2d ⇒ 1,

cin(t) = 1/
√
t2 + σ2d ⇒ 1/

√
t2 + 1.
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Results

CIFAR10-uncondi�onal
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Results

I Even without noise condi�oning, most experiments show
compara�ve results

I Especially for Flow Matching, they outperform without noise
condi�oning.

I DDIM with ODE sampling suffers from severe degrada�on.
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Results

Recall

||xN − x′N|| ≤ A0B0 + . . .+ AN−1BN−1, (7)

where Ai =
∏N−1

j=i+1(κi + |ηi|Li) and Bi = |ηi|δi.
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Conclusion

We can interpret diffusion models as learning pt, or some varying
energy func�on {E(x, t)}t. Without noise condi�oning, the model
learns a single energy func�on E(x), which aligns to classical EBM.



EqM [Wang and Du, 2025]



EqM [Wang and Du, 2025]

EqM aims to train diffusion models without noise condi�on.

In other perspec�ve, EqM models fixed energy landscape (or
corresponding gradient field), and is similar to EBMs.



EBM to flow matching
EBM

EBMs define probability density via an energy func�on E(x), and the
probability is defined by

p(x) =
exp(−E(x))

Z
, where Z =

∫
exp(−E(x))dx.

EBMs are trained with

LEBM = −Epdata [E(x)]− log Z,

and the calcula�on of log Z is usually intractable.
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Training

Objec�ve of Flow matching

LFM = ||fθ(xt, t)− (x− ε)||22 (8)

Objec�ve of EqM

LEqM = ||fθ(xγ)− (ε− x)c(γ)||22. (9)

I EqM learns gradient unlike flow mathcing.
I EqM designs c(1) = 0 so that data point is at local minima.
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Training

Objec�ve of EqM-E (learning explicit energy)

LEqM-E = ||∇gθ(xγ)− (ε− x)c(γ)||22, (10)

where gθ(xγ) = xγ · f(xγ) or gθ(xγ) = − 1
2 ||f(xγ)||22.
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Sampling

EqM generates samples via op�miza�on on the learned landscape.
The name Equilibrium comes from the fact that the model learns a
sta�c system where the data points are the low-energy stable states,
and sampling is the process of seeking this equilibrium.

Gradient Descent
xk+1 ← xk − η∇E(xk)

I This can be also interpreted as ODE solving.

Nesterov Accelerated Gradient
xk+1 ← xk − η∇E(xk + µ(xk − xk−1))

I Samplings can be adap�vely done: e.g. ||∇E(xk)||2 < thres.
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Analysis

I E(x) ≈ 0 for x ∈ D.
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Analysis

I E(x) = 0⇒ x ∈ D with probability 1.
Combining statement 1 and 2, all local minima are approximately
samples from the dataset.
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Results

Class condi�onal ImageNet 256x256, 250 steps.
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Results

Class condi�onal ImageNet 256x256, 250 steps.
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Results

Scalability
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Results

Abla�ons the design of c(γ) (experiment with λ = 1)



EqM [Wang and Du, 2025]
Results

Abla�ons on noise condi�oning (experiment with λ = 4)

I c(γ) = c is flow matching.
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Results

Explicit energy model

I Can be used for OOD detec�on.
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The reason why EqM can have be�er performance than flow matching
might be
I We might spend too much �me on the noisy latent for flow

matching.

I Selec�ng �me steps in diffusion models affects sample quality.
The model automa�cally select �me steps for EqM.
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The other advantages of EqMs are (my opinion)
I Code is simple as it does not require ᾱi during sampling
I Less restric�ons on added noise.

I am looking for the reason why this was not a�empted before
diffusion models. This is much similar to EBMs which are classics.



Random thoughts

I We might have to revisit conven�ons and examine their necessity.
This can make modeling and implementa�on simpler.

I Adding func�onality is one direc�on of the research. Making
something simpler is also possible direc�on of the research.

I Studying classics might be helpful. Recently, ”The Principles of
Diffusion Models” has been released from Ermon laboratory.
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