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Inverse Problems & Generative Priors
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Recover a clean signal x from a degraded observation y
y=Ax+n  n~N(0,0:D)
» A : forward operator (degradation)

* n : additive Gaussian measurement noise

* lll-posed when dim(y) < dim(x) — infinitely many solutions — a prior is required
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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
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Flow-based Posterior Sampling

Prior works schedule only subsets of these scales.
we schedule all three jointly and characterize their coupling.

CFG A vi(@1) = vo (@t cp) + (D) (vo (s, ©) — vo (@1, cp)).

Tweedie’s s s _

formula Tojr = T — 040 (X1), By = @ + (1= 0p)ve(1), DC B(t) partial scheduled

DC (&)  Tot(y) = Topr — B(t) Ve, LIAZo)t, Y)- CFG A(t) fixed scheduled
Stoch n(t) &1t = V1 — n2(t)Z1: + n(t)e :

och n(t) 1|t n 1t TN . Stoch (t) partial scheduled
Euler update Lt4At = (1 — 0't+At)i0|t(y) + 0't+At531|t- Coupling — characterized

Three key components

Data consistency Classifier-free guidance Stochasticity
align with the measurement y steer toward the text prompt inject random noise

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



Scheduling the Scales Matters

Inpainting Super-resolution

PSNR: 18.69dB PSNR:23.23 dB
LPIPS: 0.124 LPIPS: 0.089

PSNR: 28.99dB PSNR:29.35dB
LPIPS: 0.157 LPIPS: 0.103

Measurement DC, CFG, DC, CFG, Ground Truth

Stoch. Stoch.
Fixed Scheduled
Measurement DC, CFG, DC, CFG, Ground Truth
Stoch. Stoch.
Fixed Scheduled

/

** Same posterior sampler, only the schedules of B(t), A(t),n(t) differ, yet quality
changes sharply.

/

** How should the three scales be scheduled over time?



Triadic Coupling Dynamics

Stochast|C|ty

(m) < Early-stage Guidance conflict

o the two guidances oppose each

@ %
\,,g? . other early in sampling
S . . :
& ( \ = < Stochasticity as a Regularizer for

DC guidance and CFG

o  Stochastic noise pulls trajectories

back to high-probability regions
CIassnfler free DC guidance
guidance (B)
& DC-CFG

Conflict



Early-stage Guidance conflict
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Ground Truth

COS-SIM, (x;) £

<Bdc (xt; y): chg (mt; C)>
[bac(@s3 9) [[bese (e ),

’

R(folt) 2|y - c/‘U?Oltui

Early (t = 1): CFG opposes DC, COS-SIM; < 0.

Prop. 1: larger A(t) slows residual-norm
descent when (b, berg) < 0.

High CFG scale = semantic hallucinations
that violate the measurement.

High-noise regime
= keep A(t) low, B(t) high.



Stochasticity as a Regularizer

() = 15,0 == f(t) = 300 - A() w00 - () =60 06l (WA (R W OTE
w—fi(t) = 20,0 === (1) =350 - A(e) = 20 - (1) = 80O | catd i dsto Meed b el
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------- < éll Ahgnment s Hbdet(mt)”Q vat ]‘ngt(mt)”Q
035 .l‘::‘:\\':::”/] ’ﬁl‘ift—Score" o 4
"N Aligament % Stronger f(t) or A(t) = drift leaves the

W om oo w e e T higher probability region (COS-SIM,, |).

|

0s l.).fv ()-4
Time (t)

X/
L X4

More n(t) = realigns drift with the score
(COS-SIM; 1)

s Stochasticity at early timestep helps high
COS-SIM, at later timesteps.

() = ‘ () =1.0 Ground Truth

Monotonic triadic scheduling trend: g(¢t) |, A(t) T, n(t) |



Triadic Schedule Optimization

Template-based
P GRPO-based Schedule Optimization
Schedule Search
Triadic Scheduling Trend Schedule s, () THPS Group
: monotenic decreasing Measurement |:> Bat:rllbone |:> o |:> Reward |:> I?um‘r:::on
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1: monotonic decreasing Schedule s;(t) PS g LIPS/ | g,
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TriPS; - Template search

Coarse search over functional priors
T = {linear, exp, log}.

T = arginaxzc s U(TS Dcal)

TriPS, - GRPO optimization

Fine curves beyond fixed forms via
Bernstein-Beta parameterization:
d

- Zw}j)Bk: a(t),
‘ NBet&( (s ) A(-S))a 5 € {A-ﬁ-ﬁ}

Hybrid distortion + perceptual reward:
R= Wqist Rdist + Wyere Rperc

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



Quantitative results — Linear Inverse Problems

Table 1. Quantitative comparison on linear inverse problems. Results are averaged over 1,000 FFHQ and 800 DIV2K samples using 28
NFEs with Gaussian noise (¢, = 0.03). Bold and underline denote the best and second-best performance, respectively.

Flow Matching Model (SD3.5-M)
| Super-Resolution x8 | Super-Resolution x 12 | Motion Deblurring | Gaussian Deblurring
Method |PSNRt SSIM{ FID| LPIPS| MUSIQ'|PSNRT SSIM{ FID| LPIPS| MUSIQ'|PSNRT SSIM{ FID| LPIPS| MUSIQT|PSNRT SSIM? FID| LPIPS| MUSIQt
FFHQ (768 x 768)

ReSample 2465 0708 98.07 0.196 32.06 | 2296 0.632 172.19 0357 21.09 | 25.54 0.747 96.62 0.216 31.65 | 26.37 0.746 97.47 0.160 31.50
FlowChef 2753 0759 5724 0.147 49.05 | 2638 0.731 110.15 0.209 38.70 | 24.88 0.716 63.48 0.237 3922 | 2730 0.754 46.40 0.152 44.26
FlowDPS 2792 0772 2380 0.120 5436 | 26.84 0.745 30.54 0.156 4833 | 25.15 0.721 43.18 0.222 4851 | 26.02 0.731 45.00 0.204 47.11
FLAIR 28.88 0.768 5551 0.123 5226 | 2725 0752 2931 0.158 46.63 | 28.80 0.695 21.57 0.095 5248 | 28.60 0.729 18.41 0.090 54.71

TriPSt (Ours) | 29.03 0.789 26.66 0.113 53.65 |27.45 0754 3513 0.161 52.63 | 31.20 0.809 17.28 0.060 63.52 | 29.95 0.804 25.02 0.084 51.12
TriPSg (Ours) 28.55 0.762 2218 0.107 61.69 | 27.38 0.762 28.22 0.154 53.92 | 31.20 0.813 15.89 0.059 64.37 | 29.60 0.782 21.21 0.074 61.92

DIV2K (768 x 768)

ReSample 2055 0.535 75.67 0.238 2682 | 19.54 0459 11922 0372 20.57 | 21.47 0588 61.79 0222 31.17 | 21.74 0.559 80.79 0.221 24.22
FlowChef 22,08 0.561 4747 0213 41.70 | 20.88 0.508 84.28 0.297 3594 | 19.62 0482 74.01 0366 4124 | 21.57 0.532 52.84 0.251 39.52
FlowDPS 22.14 0.545 35.18 0.175 3987 | 21.07 0469 4836 0.251 3347 | 19.88 0473 52.23 0322 4001 | 2046 0.473 58.56 0.307 36.80
FLAIR 2290 0592 4123 0.167 4230 | 21.12 0.520 42.16 0.256 46.23 | 23.90 0.614 22.17 0.129 5224 | 22770 0.561 32.26 0.157 44.96

TriPSt (Ours) | 23.05 0.607 31.80 0.158 45.24 | 21.27 0.518 43.74 0.255 50.14 | 26.29 0.728 1549 0.066 59.16 | 23.94 0.646 28.57 0.123 44.47
TriPSg (Ours)| 22.78 0.594 27.84 0.163 50.14 | 21.13 0.531 37.48 0.257 52.26 | 26.19 0.715 14.94 0.066 59.89 | 23.97 0.644 26.88 0.121 45.19

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, NeurlPS 2025] Solving Inverse Problems with FLAIR



Qualitative results — Linear Inverse Problems

Super-Resolution X8

Gaussian Deblurring

I 3 4 3 L z L 14 I 2
Measurement ReSample FlowChef FlowDPS FLAIR TriPSt (Ours)  TriPSg (Ours)  Ground Truth



Reward-guided Perception—Distortion Control

R = wdisthist‘l‘wpercRperc

g.z: ________________________________ 04 == TriPS2ist == TriPSt TriPSEe™e
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Time (t) Time (t) Time (t)
(a) Reward Guided Perception-Distortion Controller
Case | PSNRt SSIM T KID| LPIPS|
TriPSg™ | 3062 0.840 0.036 0.072
TriPSt | 3033 0.822 0.016 0.070
: TriPSE™ | 2989 0.793 0.011 0.067
Measurement TripS2'st TriPSEere Ground Truth
\/
000

Tuning the reward weights slides TriPS along the perception—distortion frontier



Conclusion & Limitation

Contributions

e Analysis of Triadic coupling dynamics

o DC«CFG conflict at early timesteps, stochasticity regularizes the trajectory.
e Triadic schedule optimization framework

o TriPS; template search + TriPS; GRPO for fine temporal curves.

e Additional computational overhead
o TriPS; and TriPS adds calibration / optimization cost over fixed schedules.



Thank You!

For the paper, code, and more results, scan the QR or visit:
https://mundongju.github.io/TriPS/
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