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Mo�va�on
Condi�onal sampling

Stages in genera�ve tasks:
1. Imitate data distribu�on
2. Condi�onal genera�on

I Simple condi�ons : class
I Complicated condi�ons : text, image, style, human preference



Mo�va�on
Condi�onal sampling

For condi�onal genera�on, two guidance approaches are dominant:
I Guidance

∇xt log p(xt) + λ∇xt log p(c|xt)︸ ︷︷ ︸guidance
(1)

I Fine-tune (Classifier-free guidance)
∇xt log p(xt|φ) + λ (∇xt log p(xt|c)−∇xt log p(xt|φ))︸ ︷︷ ︸classifier-free guidance

(2)



Mo�va�on
Condi�onal sampling

Requirements to perform guidance:
∇xt log p(xt) + λ∇xt log p(c|xt)︸ ︷︷ ︸guidance

I Well-defined and differen�able log p(c|xt).
I If c is class, we need to train classifier.
I If c is reference image, this can be L2 distance between c and xt.

I We need to train model that es�mates p(c|xt) for most cases.



Mo�va�on
Condi�onal sampling

Requirements to perform Fine-tune (classifier-free guidance)

∇xt log p(xt|φ) + λ (∇xt log p(xt|c)−∇xt log p(xt|φ))︸ ︷︷ ︸classifier-free guidance

I Training for classifier-free guidance.
I Fine-tune may sacrifice image quality or diversity.
I Cannot fine-tune for every condi�on.



Mo�va�on
Condi�onal sampling

What if the condi�ons are hard to quan�fy?

User preference Number of objects



Mo�va�on
I Op�mize with respect to diverse condi�ons c without fine-tuningdiffusion models nor training external models.
I Test-�me scalining techniques like Chain of Thoughts (CoT) arevery successful in LLMs.

Table 1: Condi�onal genera�on approaches and requirements.
Approaches No external model training No diffusion model training

Guidacne X

CFG X

Test-�me scaling X X



Test-�me scaling
Inference-�me reward alignment

Our goal is to sample high-reward samples x0 ∈ Rd from datadistribu�on p0. Then, for a reward func�on r : Rd → R, the targetdistribu�on is
p∗0 = argmax

q
Ex0∼q[r(x0)]− βDKL(q||p0), (3)

and it is proved in [Rafailov et al., 2024] that
p∗0(x0) = 1

Z
p0(x0) exp(r(x0)/β), (4)

for normaliza�on constant Z.



Test-�me scaling
Par�cle sampling

For diffusion model, we have to sample from condi�onal distribu�on
with the op�mal policy:

p∗θ(xt|xt+1) = 1
Z
pθ(xt|xt+1) exp(v(xt)/β), (5)

where v(xt) ≈ Ex0|xt [r(x0)].
One sampling op�on is par�cle sampling.

1. Make a set of candidate par�cles.
2. Propagate high-reward par�cles.
I SVDD [Li et al., 2024] uses importance sampling.
I DAS [Kim et al., 2025b] uses Sequen�al Monte Carlo (SMC).



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

SVDD [Li et al., 2024] uses importance sampling to sample from
p∗θ(xt|xt+1) = 1

Z
pθ(xt|xt+1) exp(v(xt)/β).

1. Sample par�cles from proposal distribu�on:
{x(i)t }

K1 ∼ pθ(xt|xt+1).
2. Calculate weight:

w(i)
t = exp(v(x(i)t )/β).

3. Select par�cle from categorical distribu�on:
xt ∼ Categorical(x1, . . . , xK;w(1)

t , . . . ,wK
t )



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

Figure 1: Illustra�on of SVDD



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

Figure 2: Algorithm of SVDD.



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

It s�ll remains how to calculate reward at intermediate state,
v(xt) = Ex0|xt [r(x0)]. SVDD suggests two approaches:
I SVDD-MC: Monte Carlo regression.

I SVDD-PM: Posterior mean approxima�on.



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

Implementa�on details
I β = 0 : select a par�cle with the largest reward.
I 5 ≤ K ≤ 20



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]



Test-�me scaling in diffusion models
SVDD [Li et al., 2024]

Figure 3: Number of par�cles and performance.
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Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

DAS uses SMC (Sequen�al Monte Carlo) to sample from
p∗θ(xt|xt+1) = 1

Z
pθ(xt|xt+1) exp(v(xt)/β).

SMC extends the idea of importance sampling:
1. Sample each par�cle from each proposal distribu�on

x(i)t ∼ pθ(xt|x
(i)
t+1).

2. Update weight
w(i)
t =

exp(v(x(i)t )/β)

exp(v(x(i)t+1)/β)
w(i)
t+1

3. If effec�ve sample size, ∑K
i=1 1/(w̃(i)

t )2, is small, resamplepar�cles and ini�alize weights with 1.



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

Figure 4: Illustra�on of SVDD and DAS



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

DAS does not use SMC näıvely. [Li et al., 2024] points out that SMC issubop�mal for small batch sizes, which is generally true for diffusionmodels.



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

DAS introduces tempering into SMC for diffusion model. They changetarget intermediate distribu�on:
πt(xt) ∝ p(xt) exp(

1
β
v(xt)), (6)

⇒ πt(xt) ∝ p(xt) exp(
λt
β
v(xt)), (7)

where λt = (1 + γ)t − 1. Then, {πt}0
T can interpolate more smoothly.



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

DAS also propose locally op�mal proposal, which minimizes weightvariance.
1. Sample each par�cle from each proposal distribu�on

xt ∼ pθ(xt|xt+1) = N (µθ(xt+1), σ2
t+1I)

⇒ xt ∼ N (µθ(xt+1) + σ2
t+1λtβ ∇v(xt+1)︸ ︷︷ ︸added

, σ2
t+1I) (8)

I Reward func�on should be differen�able in this paper.



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

Can DAS op�mize a single reward while avoiding over-op�miza�on*?

Figure 5: Target reward vs. evalua�on metrics
*sacrifice quality and diversity



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

Figure 6: Qualita�ve comparison of over-op�miza�on and diversity withfine-tuning methods.



Test-�me scaling in diffusion models
DAS [Kim et al., 2025b]

Figure 7: Abla�on on tempering. We can infer that without tempering,samples suffer from over-op�miza�on–high Aesthe�c, low ImageReward.
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Test-�me scaling in flow matching
[Kim et al., 2025a]

Extend test-�me scaling in SVDD [Li et al., 2024] to flow matchingmodels. They propose three key ideas
I SDE-based genera�on for flow matching. Par�cle samplingcannot be directly applied to ODE-based genera�on.
I Broadening the search space by interpolant conversion. Flowmatching originally uses linear interpolant, but change it toVP-SDE.
I Maximize compute u�liza�on through Rolloever Budget Forcing.



Test-�me scaling in flow matching
[Kim et al., 2025a]

Figure 8: Performance improves from Linear-ODE to Linear-SDE, and VP-SDE.



Test-�me scaling in flow matching
[Kim et al., 2025a]

Figure 9: Diverse applica�on of test-�me scalining.



Takeover
I Many recent works focus on enhancing inference. While we (maybe only me) usually think ‘efficiency’, there can be variousdefini�on for ‘enhancement’.

I Parallel sampling reduce wall-clock �me while maintainingcomputa�onal cost.
I Test-�me scalining enables diverse condi�oning and high qualityimage genera�on without training.

I I think test-�me scaling is good research area that can be done inthe lab.
I It is even hard to fine-tune large models in the lab.
I Frankly, it is hard for me to findout the reason why training fails.There are so many possibili�es: algorithm or engineering (dataset,skills, architecture, ...)
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