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Inverse Problems & Generative Priors

❖ Recover a clean signal 𝑥 from a degraded observation 𝑦

❖ Goal: sample from the posterior 𝑝 𝑥 𝑦 ∝ 𝑝 𝑦 𝑥 ∙ 𝑝 𝑥

❖ Diffusion / flow matching models provide an expressive generative priors 

𝑝(𝑥) for posterior sampling

❖ Flow matching → straighter trajectories → efficient few-step inference

•  𝒜 : forward operator (degradation)

•  𝑛 : additive Gaussian measurement noise

•  Ill-posed when dim(𝑦) < dim(𝑥) — infinitely many solutions → a prior is required

𝑦 = 𝒜𝑥 + 𝑛, 𝑛~𝒩(0, 𝜎𝑛
2𝐈)



Flow-based Posterior Sampling

CFG  𝝀(𝒕)

DC  𝜷(𝒕)

Stoch  𝜼(𝒕)

Euler update

Tweedie’s

formula

Prior works schedule only subsets of these scales. 

we schedule all three jointly and characterize their coupling.

Classifier-free guidance
steer toward the text prompt

Data consistency
align with the measurement y

Stochasticity
inject random noise

FlowDPS: [Kim, ICCV 2025] FlowDPS : Flow-Driven Posterior Sampling for Inverse Problems

Prior works Ours (TriPS)

DC  𝜷(𝒕) partial scheduled

CFG  𝝀(𝒕) fixed scheduled

Stoch  𝜼(𝒕) partial scheduled

Coupling — characterized

Three key components



Scheduling the Scales Matters

Inpainting

Measurement DC, CFG, 
Stoch.

Fixed

Ground TruthDC, CFG, 
Stoch.

Scheduled

PSNR: 18.69 dB
LPIPS: 0.124

PSNR: 23.23 dB
LPIPS: 0.089

Measurement DC, CFG, 
Stoch.

Fixed

Ground TruthDC, CFG, 
Stoch.

Scheduled

PSNR: 28.99 dB
LPIPS: 0.157

PSNR: 29.35 dB
LPIPS: 0.103

❖ Same posterior sampler, only the schedules of  𝛽 𝑡 , 𝜆 𝑡 , 𝜂 𝑡  differ, yet quality 

changes sharply.

❖ How should the three scales be scheduled over time?

Super-resolution



❖ Early-stage Guidance conflict
○ the two guidances oppose each 

other early in sampling

❖ Stochasticity as a Regularizer for 

DC guidance and CFG
○ Stochastic noise pulls trajectories 

back to high-probability regions

Triadic Coupling Dynamics 



Early-stage Guidance conflict 

ℛ ො𝑥0|𝑡 ≜ 𝑦 − 𝒜 ො𝑥0|𝑡 2

2

❖ Early (𝑡 ≈ 1): CFG opposes DC, COS-SIM1 < 0.

❖ Prop. 1:  larger 𝜆(𝑡) slows residual-norm 

descent when ෨𝑏𝑑𝑐, ෨𝑏𝑐𝑓𝑔 < 0.

❖ High CFG scale ⇒ semantic hallucinations 

that violate the measurement.

High-noise regime  

⇒ keep 𝜆(𝑡) low, 𝛽(𝑡) high.



Stochasticity as a Regularizer 

❖ Stochasticity at early timestep helps high 

COS-SIM2 at later timesteps.

❖ More 𝜂(𝑡) ⇒ realigns drift with the score 

(COS-SIM2 ↑)

❖ Stronger 𝛽(𝑡) or 𝜆(𝑡) ⇒ drift leaves the 

higher probability region (COS-SIM2 ↓).

Monotonic triadic scheduling trend: 𝛽 𝑡 ↓, 𝜆 𝑡 ↑, 𝜂(𝑡) ↓



Triadic Schedule Optimization

TriPS
T
  ·  Template search

Coarse search over functional priors  

𝒯 = {linear, exp, log}.

TriPS
G
  ·  GRPO optimization

Fine curves beyond fixed forms via 

Bernstein-Beta parameterization:

Hybrid distortion + perceptual reward:

GRPO: [Shao, arXiv 2024] Deepseekmath: Pushing the limits of mathematical reasoning in open language models 



ReSample: [Song, ICLR 2024] Solving Inverse Problems with Latent Diffusion Models via Hard Data Consistency

FlowChef: [Patel, ICCV 2025] FlowChef: Steering of Rectified Flow Models for Controlled Generations
FlowDPS: [Kim, ICCV 2025] FlowDPS : Flow-Driven Posterior Sampling for Inverse Problems

FLAIR: [Erbach, NeurIPS 2025] Solving Inverse Problems with FLAIR

Quantitative results — Linear Inverse Problems



Qualitative results — Linear Inverse Problems



Reward-guided Perception–Distortion Control

❖ Tuning the reward weights slides TriPS along the perception–distortion frontier



Conclusion & Limitation

● Analysis of Triadic coupling dynamics
○ DC CFG conflict at early timesteps, stochasticity regularizes the trajectory.

● Triadic schedule optimization framework
○ TriPS

T
 template search + TriPS

G
 GRPO for fine temporal curves.

Contributions

Limitations

● Additional computational overhead
○ TriPS

T
 and TriPS

G
 adds calibration / optimization cost over fixed schedules.
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For the paper, code, and more results, scan the QR or visit:

https://mundongju.github.io/TriPS/ 

Thank You!
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