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Flow Matching Dominates

Problem and Motivation but RL Alignmentls Gostly

Disadvantages of Fine-tuning:
1.High Training Overhead
2.Rigid Policy

3.High-quality Data Dependency
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Advantages of Flow-TTRL:

1.Inference-time Optimization
2.Plug-and-Play Flexible Alignment

3.No Data Requirements
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Latent Ophmnzatnon
via PRDP via GRPO
- History (0 - t1) Stage 2 Branches
— ODE Trajectory ——— Stage 1 Branches = Selected ODE Trajectory (t2 - End)

- Selected ODE Trajectory (t1 - t2)

How to design a reinforcement learning mechanism that dynamically navigates the latent
manifold to locate high-reward regions during inference without modifying network weights?
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Flow-TTRL Framework



Overall Pipeline of Flow-TTRL
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Prompt: A small astronaut in a reflective suit drifting in microgravity holding an LED X

panel that shows the text Flow-TTRL, with Earth glowing softly in the background.



Reformulating Denoising as Markov Decision Process
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Action Rectification through Latent Optimization

Xe—ar = P(x¢, v9(X¢,1)).
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Prompt: A small astronaut in a reflective suit drifting in microgravity holding an LED
panel that shows the text Flow-TTRL, with Earth glowing softly in the background.
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Rollout and Optimization with the RL Objective

Rollout via SDE and One- sfep ODE
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Two-Stage Optimization via PRDP and GRPO



Rationale for Two-Stage PRDP and GRPO
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Stage 1: Warm-up with Proximal Reward Difference Prediction
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Stage 2. Trajectory Refinement via Group Relative Policy Optimization

Rollout via SDE and One-step ODE
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Experimental Validation




Results on GenEval

Model | Overallt | Singlet Twot Countingt Colorst Positiont Color Attrib.
Diffusion M adels E ¥ e L
Hffusion Mode Single Two Counting Colors Position Color Attribution

DALL-E 2 (Ramesh et al., 2022) 052 | 094 066 049 077 010 0.19
DALL-E 3 (Betker et al., 2023) 0.67 096 08 047 0.83 043 0.45

Autoregressive Models S D 3 S =
Emu3 (Wang et al., 2024) 0.54 098 071 034 0.81 017 0.21 -
Show-o (Xie et al., 2024) 053 | 095 052 049 0.82 Q.11 0.28
GPT-4o (Hurst et al., 2024) 0.84 099 092 085 092 075 0.61
JanusFlow (Ma et al., 2025) 0.63 097 059 045 0.83 053 0.42
Janus-Pro-7B (Chen et al., 2025) 0.80 | 099 089 059 090 079 0.66 SD3.S

Flow Matching Models +Flow-TTRL
Flux. 1 Dev (Labs et al., 2025) 0.66 098 08 074 079 022 0.45 ——
SD 3.5-M (Esser et al., 2024) 0.63 098 078 050 081 024 0.52
SANA-1.5 4.8B (Xie et al., 2025) 0.81 099 093 086 0.84 059 0.65
SD3.5-L (Esser et al., 2024) 071 098 08 073 0.83 034 0.47

Test-time Optimization Methods F’ux‘, Dev

SD 3.5-M + DAS (Kim et al., 2025) 0.83 T LO0O 098 089 086 057 0.67
SD 3.5-M + TITAN-Guide (Simonetal,2025) | 074 | LOO 091 076 085 032 0.60
Flux. 1 Dev + DAS (Kim et al., 2025) 0.80  LOO 09 0.1 090 037 0.73
Flux. 1 Dev + TITAN-Guide (Simon et al., 2025)| 076 = 099 090  0.83 0.88 034 0.64 Flux.] Dev

Flow-RL based Methods

+Flow-TTRL

SD 3.5-M + Flow-GRPO 095  LO0O 099 095 0.92 0.9 0.86
SD 3.5-M + TempFlow-GRPO 0.97  LO0  LOO 09 095 099 0.91 oo
Flux.1 Dev + Flow-TTRL 083 | LOO 097 094 090 041 0.77 Avholavia - Avheinei it Wikt A photo of an c';m“’m i
SD 3.5-M + Flow-TTRL 087 L0 099 0095 090 055 0.85 A photo of adonut. ;i orc and abird.  stop signs. kateboard. e!epfsﬁ’r below a = 1 A purple

bottle.



SD3.§ Flux.] Dev
+Flow-TTRL +Flow-TTRL

Results on T2I-CompBench ~ o o WP ie

SD3.§ Flux.! Dev

A red lipstick and a blush.

T —

Shape b f .

»

Model Attribute Binding Object Relationship Complex A cubic die and a eylindrical flashlight.
ColorT ShapeT TextureT 2D-Spatial{ Non-Spatial]

DALL-E 3 (Betker et al., 2023) 07785 06205 07036  0.2865 03003  0.3773 bl \\

Janus-Pro-7B (Chen et al., 2025) 0.5145 0.3323 04069  0.1566 0.3137 — |

Emu3 (Wang et al., 2024) 0.7913 0.5846 0.7422 — — — _Wooden pencih i d ather dota:

Flux.] Dev (Labs et al., 2025) 07407 0.5718 0.6922  0.2863 0.3127 0.3703 ‘

SD 3.5-M (Esser et al., 2024) 07994 0.5669 0.7338  0.2850 0.3146 0.3542 2D-Spatial g. h

SD 3.5-M + Flow-GRPO (Liu et al., 2025a) 0.8379 0.6130 07236 | 0.5447 0.3195 — |

SD 3.5-M + DAS (Kim et al., 2025) 0.8561 0.6482 0.7717  0.3679 0.3294 0.3847 Fommrenm iy e

SD 3.5-M + TITAN-Guide (Simon et al., 2025) 0.8468 0.6235 0.7689  0.3725 0.3276 0.3791 ,

Flux.] Dev + DAS (Kim et al., 2025) 0.8371 0.6779 0.7680  0.3662 0.3161 0.3951 — |

Flux.1 Dev + TITAN-Guide (Simon et al., 2025) 0.8217 0.6511 0.7673  0.3786 0.3154 0.3853 Noa-Spatial By - ‘ u u

Flux.1 Dev + Flow-TTRL 0.8804 0.6717 0.7958  0.4390 0.3229  0.4179 S :

SD 3.5-M + Flow-TTRL 0.9042 07361 0.8261 04414 0.3319 04045 AT TIENG o pier B The ke

Complex
-

The jagged, rocky cliffs jutted out from the sea,bcmd
by the crashing waves below.



Results on PartiPrompts. Pick-a-Pic. Drawbench

Model Human Preference Alignment Aesthetic Quality T2I Alignment
PickScoreT HPS v21T ImageReward? AestheticT CLIPT
SD 3.5 Medium 2221 0.275 0.890 5.442 28.01
. Flux.1 Dev 22.84 0.316 1.205 5.843 27.27
Pa rt| Prom pts SD 3.5 Medium + BoN (Smin) ~ 22.50 0.289 1.112 5.532 28.84
Flux.1 Dev + BoN (5min) 23.02 0.318 1.308 5.960 27.98
SD 3.5 Medium + Flow-TTRL 22.69 0.301 1.365 5.541 29.27
Flux.1 Dev + Flow-TTRL 23.17 0.323 1.472 5.963 28.51
Model Human Preference Alignment Aesthetic Quality T2I Alignment
PickScoret HPS v21 ImageReward? Aesthetict CLIPT
5D 3.5 Medium 21.89 0.285 0.727 5.631 26.92
. . Flux.1 Dev 22.35 0.316 0.929 6.086 26.02
PICk_a_PIC SD 3.5 Medium + BoN (5min) 22.01 0.289 0.839 5.735 27.47
Flux.1 Dev + BoN (5min) 22.51 0.314 1.081 6.180 26.86
SD 3.5 Medium + Flow-TTRL 22.24 0.299 1.187 5.733 28.09
Flux.1 Dev + Flow-TTRL 22.67 0.322 1.340 6.185 27.37
Model Human Preference Alignment Aesthetic Quality T2I Alignment
PickScoreT HPS v21T ImageReward? Aesthetict CLIPT
5D 3.5 Medium 22.14 0.272 0.630 5.181 28.87
Flux.1 Dev 22.59 0.305 0.931 5.722 27.30
DraWbenCh SD 3.5 Medium + BoN (5min) 2227 0.275 0.757 5.199 29.82
Flux.1 Dev + BoN (5min) 2277 0.308 1.048 5.812 28.03
SD 3.5 Medium + Flow-TTRL 22.50 0.288 1.082 5.257 30.12

Flux.1 Dev + Flow-TTRL 23.03 0.315 1.252 5.778 29.00




Results on PartiPrompts. Pick-a-Pic. Drawbench

SD3.S Flux.] Dev SD3.§ Flux.] Dev
+Fl0WTTRL

SD3.S Flux.] Dev Flux.l Dev

+Flow-TTRL +Flow-TTRL +Flow-TTRL

A big panoramic of a forest from high, a red robot in one corner of
the image from afar.

Color Conflict Counting Position Style

SD3.S

SD3.S
+Flow-TTRL

A heavy metal tiger standing on a rooftop while singing and jamming
on an electric guitar under a spotlight, anime illustration. piano. Flux.] Dev 'D

A tornado passing over a corn fiel
The International Space Station flying in front of the moon.

Flux.] Dev
+Flow-TTRL <'D
of a 1;20: airship

A cupanda A coloured Three cars on the A cat on the right ¥ " * A sign that says
cell phone. pizza. street. of a tennis racket. * like a pig. ' Diffusion’.

floating over a
wheat field.
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Drawbench

A swarm of dragons flying through a misty mountain pass.

PartiPrompts Pick-a-Pic



Ablation Results

Human Preference Alignment

Aesthetic Quality

Model GenEvalf Complext
PickScoreT HPS v21 ImageRewardf Aesthetict
SD3.5-M + Flow-TTRL 0.87 0.4045 22.24 0.299 1.187 5.733
SD3.5-M + Flow-TTRL (w/o KL) 0.71 0.3569 22.11 0.287 0.934 5.328
SD3.5-M + Flow-TTRL (w/o PRDP) 0.81 0.3792 22.17 0.291 1.221 5.553
SD3.5-M + Flow-TTRL (w/o GRPO) 0.72 0.3612 22.07 0.289 0.896 5.721
SD3.5-M + Flow-TTRL (w/o NR) 0.85 0.3895 22.13 0.294 1.243 5.892
SD3.5-M 0.63 0.3542 21.89 0.285 0.727 5.631
Flux.1 Dev + Flow-TTRL 0.83 0.4179 22.67 0.322 1.340 6.185
Flux.1 Dev + Flow-TTRL (w/o KL) 0.69 0.3697 22.39 0.304 1.114 5.893
Flux.1 Dev + Flow-TTRL (w/o PRDP) 0.76 0.3861 22.61 0.302 1.307 5.981
Flux.1 Dev + Flow-TTRL (w/o GRP(Q) 0.70 0.3765 22.41 0.317 0.897 6.034
Flux.1 Dev + Flow-TTRL (w/o NR) 0.82 0.3997 22.69 0.316 1.329 6.235
0.66
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Complexity

Overall GenEval Score
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Experiments on Verifiable Rewards
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OCR Score T 0.59 0.78 0.70 0.84 0.91




Experiments on Verifiable Rewards
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Multi-Reward Combination L

s L ee——g
HPS 0.0 00 02 03 049 05 06 07 08 09 1.0 AES

Model Human Preference Alignment Aesthetic Quality T2I Alignment
PickScoreT HPS v21 ImageReward!  Aesthetict CLIP} \ ﬁ 3\‘ & li\A t."\‘ @ n ﬁ SA ﬂ g
SD 3.5 Medium 22.14 0.272 0.630 5.181 28.87 ' — I v - '
+ Flow-TTRL 2250 0.288 1.082 5.257 30.12 A caxkoom; hocse with: 1 mef:
_ - L O—
+ Flow-TTRL w/o HPS v2 22.17 0.268 0.723 5.093 30.59 HPS 00 0J 02 03 046 0S 06 07 08 09 10CLIP
+ Flow-TTRL w/o CLIPScore 22.39 0.287 0.981 5.347 28.91
Flux.1 Dev 22.59 0.305 0.931 5.722 27.30
+ Flow-TTRL 23.03 0.315 1.252 5.778 29.00 ~ A ‘ ‘;_ -
+ Flow-TTRL w/o HPS v2 22.62 0.304 0.912 5.683 28.83 A drawing of a peaceful lakeside landscape.
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Attention Visualization

The Attention Maps of Key Words  Image
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+Flow TTRL -\ +Flow TTRL
Flux.] Dev

Flux.] Dev .
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+Flow TTRL
Prompt: A pillow and a sofa. Prompt: A black dog and a cat.

black dog cat
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Main Contributions and Conclusions



Main Contributions and Conclusions

01 The First Test-Time Reinforcement Learning Framework
Flow-TTRL reinterprets latent trajectories as an implicit policy to enable flexible alignment

without the need for traditional fine-tuning or curated training data.

Coarse-to-fine Trajectory Optimization
02 Flow-TTRL employs a coarse-to-fine strategy (PRDP followed by GRPO) that balances structural

stability with precise aesthetic refinement during the trajectory optimization process.

Competitive Training-Free Performance
03 We demonstrate that Flow-TTRL achieves highly competitive results on GenEval and T2I-CompBench, yielding

performance comparable to established RL-based finetuning methods and proprietary models. Furthermore, it

consistently enhances human preference alignment and image fidelity across all five evaluated datasets.



Thanks

Presenter: Jili Chen
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