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Flow-based models




Reward model

Introduces an additional objective/constraint:

r:R* - R, xy — r(xo)

QED Aesthetic Score
Drug likeliness Aesthetic quality
of molecule of image




Rewa rd al ig n ment (fine-tuning)

Given: Pretrained generative model pref

Obtain: Finetuned generative model p*

p*(xo) = argmaxE, 4 [r(wo)}
q



Rewa rd al ig n ment (fine-tuning)
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Reward-based fine-tuning = Reward-tilted distribution



Fragmented literature
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RL fine-tuning
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RL fine-tuning
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RL fine-tuning as score matching
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* ref 1
s*(xy) = 57 (xy) + vat%(mt)

Lrsm(0) = Et; x., e [Cl (¢;) (ﬂsfi — (sgjf + v(ti)\ifti)lP +C(t;) HSfi — sfjld H2 )]
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TV
Guidance Regularization

Many methods = Score matching against value-tilted score



Flow-GRPO

ratio = torch.exp(log_prob - sample["log_probs"1[:, jl) Flow-GRPO (Liu et. al., NeurlPS 2025)
(x) = (const) exp( ”w_”Hz)
p o P (const)

log p(x) = (const) + (const)||x — pl|?



Flow-GRPO

ratio = torch.exp(log_prob - sample["log_probs"1[:, jl) Flow-GRPO (Liu et. al., NeurlPS 2025)
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1 + log p:(60) is a better estimator of p;(8) than p;(6)

Avoid exponentiation => Much lower variance  rcro e andve, iz 2026)
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Flow-GRPO is also L5 regression

ratio = torch.exp(log_prob - sample["log_probs"1[:, jl) Flow-GRPO (Liu et. al., NeurlPS 2025)

/\ /\

1 + log p:(60) is a better estimator of p;(8) than p;(6)

Avoid exponentiation => Much lower variance  rcro e andve, iz 2026)

Lrsm(0) = Et; x., e [Cl (¢;) (ﬂsfi — (sgjf + v(ti)\ifti)lP +C(t;) HSfi — sfjld H2 )]
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Guidance Regularization

Flow-GRPO is also L+ regression against the value-tilted score.



Three design knobs

ERSM(G) — Eti,wti € [Cl (tz) ( Hsz — (ngf + V(tz){[ltz)Hi"l_CZ(tz) Hsgz o Sfiold Hi)]
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TV
Guidance Regularization

v, value guidance estimator

Ci(ts),v(t;) | guidance strength

Co(t:), clipping |  regularization

These three knobs explain differences among methods.



Knob 1; Estlmator design
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Ex[Vr(x)] vs Eg|r(x)e first-order vs zeroth-order
LS number of particles

Eg, [r(xg) -] Vs Ewtj (o, ) -+ -] rollout depth
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Knob 1: Estimator design (Part a)

\ilaA’l ~ (coefficient)E, er(a:)}

@EA’O ~ (coefficient)[E,, _r(m)eti}

Ex[Vr(x)] vs Eg|r(x)e first-order vs zeroth-order



Knob 1: Estimator design (Part b)

\iJ{?iAl (coefficient) — va(mr ~ (coefficient)E,, [er(m)}
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' k=1
Ex[Vr(x)] vs Eg|r(x)e first-order vs zeroth-order

Ex = = S ak) number of particles
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Knob 1: Estlmator design (Part c)
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Ex = = S ak) number of particles

Eg, [r(xg) -] Vs Ewtj (o, ) -+ -] rollout depth
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Knob 1: Estimator design
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E[Vr(z)] vs Exc[r(z)el First-order vs Zeroth-order
Er = = >, x® ... Moreparticles = More compute, Less variance

Eg|r(®o) -] vs Eg, [r(Zoj;) -]

More rollout depth = More compute, Less bias
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Three design knobs

Lrsu(8) = Et, .« [ (Ilsf, = (85" + (1) W)|2 +Ca(t) |Isf, — 57 )]
Gui?i;nce Regula?rrization
\j:lti value guidance estimator

Co(t:), clipping |  regularization

These three knobs explain differences among methods.



Knob 2: Guidance strength A(?)
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Knob 2: Guidance strength A(?)
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h(t:) :==|C1(t:)y(ts)

Existing methods suppress guidance at unreliable timesteps.
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Knob 2: Guidance strength A(?)

102

Existing methods suppress guidance at unreliable timesteps.
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me TempFlow-GRPO



Three design knobs
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These three knobs explain differences among methods.
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Knob 3: Regularization

if (PPO-Clip condition):
v(t;) + 0,C5(t;) < O

L(0) = By, o, < [01(757;) (ﬂst — stef||2 )]

N

Anchor

else:

L) =Eya, [cm (188, = (857 + ()8 |2 + (k) 18!, - sﬁsldni)]

Ve Ve

Guidance Anchor

Off-policy updates are heuristically regularized.



Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at t; ~ 0, but maintains K; = const

0 t 1
=== F|lOW-GRPO
=== TempFlow-GRPO

GRPO-Guard



Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at t; ~ 0, but maintains K; = const

Easy win

0 t 1 1. Concentrate {K;} on{t;} that matters
== [Flow-GRPO
=== TempFlow-GRPO

GRPO-Guard



Case Study: GRPO with GenEval

TempFlow-GRPO suppresses guidance
at t; ~ 0, but maintains K; = const

Easy win
0 t 1 1. Concentrate {K;} on{t;} that matters
=== Flow-GRPO 2. Double down on h(t;)

=== TempFlow-GRPO
GRPO-Guard
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Case Study: GRPO with GenEval

9

wall-clock speedup
over TempFlow-GRPO

GenEval

0.66 - GenEval = 0.97

15.49  GPU Hours 1471.44

RSM => straightforward redesigns = improve efficiency



Reward-weighted Regression

"RWR is an approximation to Reward-Weighted MLE”

Diffusion RL tutorial (Uehara et. al., 2024)

Lrsm(0) = Elcl( i) HSt 3;;”2 +C1(t:)Ca(t:) Hsfz- — S?fldHQJ] s;. = Stef + (L )‘i’ t;
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Guidance Regularization

ENFT(Q)EE[f(wo)H’Ut — v} dH +( —r(wg))ﬂ vl — v j v = (e — @)
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RWR Regularization

DiffusionNFT, AWM, RAM, --- are closely related.



Takeaways

argmax E, {r(azo)} — aDxr. (quref)
q
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ERSM(Q) — Eti,wti € lcl(tz) (MS% — (ngf + ’Y(tz)\iltz)ni‘l_CQ(tz) ||3§Z o Sffld HQJ)]

TV WV
Guidance Regularization

Same problem, Same L5 regression.

A

v, Ch(ti), () Ca(t:), clipping
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Understand three axes = Simple & effective redesigns.
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