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Abstract

Visual generation is dominated by three paradigms: Au-
toRegressive (AR), diffusion, and Visual AutoRegressive
(VAR) models. Unlike AR and diffusion, VARs operate
on heterogeneous input structures across their genera-
tion steps, which creates severe asynchronous policy con-
flicts. This issue becomes particularly acute in reinforce-
ment learning (RL) scenarios, leading to unstable train-
ing and suboptimal alignment. To resolve this, we propose
a novel framework to enhance Group Relative Policy Op-
timization (GRPO) by explicitly managing these conflicts.
Our method integrates three synergistic components: 1) a
stabilizing intermediate reward to guide early-stage gen-
eration; 2) a dynamic time-step reweighting scheme for
precise credit assignment; and 3) a novel mask propaga-
tion algorithm, derived from principles of Reward Feed-
back Learning (ReFL), designed to isolate optimization ef-
fects both spatially and temporally. Our approach demon-
strates significant improvements in sample quality and ob-
Jjective alignment over the vanilla GRPO baseline, enabling
robust and effective optimization for VAR models. Our offi-
cial page is https://github.com/ByteVisionLab/NextFlow.

1. Introduction

Recent advances in visual generation are dominated by
three paradigms: autoregressive (AR) models [11, 40, 49,
52, 58], diffusion models [4, 7, 12, 25, 36, 41, 45, 62], and
visual autoregressive (VAR) [17, 29, 46] models. Unlike
AR and diffusion, VAR operates over a hierarchy of discrete
token grids whose spatial shape changes across resolution
levels; at each step, the model emits a parallel grid of tokens
rather than a single symbol or a fixed-length vector. While
this heterogeneous, cross-scale design aligns with modern
high-resolution backbones and enables fast synthesis, it also
creates severe challenges for RL alignment, where the RL
stage operates with far fewer samples than pretraining, ex-
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Figure 1. The number of query tokens across different timesteps
in VAR generation fluctuates significantly, leading to varying task
similarities and potential policy conflicts during RL optimization.

acerbating instability. To our knowledge, we are the first
to conduct a systematic RL study for fext-to-image VAR
models, establishing a practical training recipe and reveal-
ing their unique RL failure modes. The crux of the difficulty
is asynchronous policy conflict across timesteps. As illus-
trated in Figure 1, the number of query tokens can fluctuate
by orders of magnitude from coarse to fine scales, induc-
ing large variation in task similarity across steps, leading
to instability, slow convergence, and suboptimal alignment
when directly applying GRPO to VAR, as shown in training
curve in Figure 2, where supervised RL at a partial-prefix
scale outperforms its full-scale counterpart.

To address this core problem, we introduce a simple and ef-
fective framework that enhances GRPO [30, 57] for VAR
with three synergistic components: (i) a stabilizing inter-
mediate reward that provides dense, low-variance feedback
to early steps while preserving family-optimality; (ii) a dy-
namic time-step reweighting that normalizes per-step con-
tributions by the number of query tokens, balancing gra-
dients across scales; and (iii) a mask propagation mecha-
nism, inspired by gradient-based reward-feedback practices
in RL for generative models [56], that spatially and tem-
porally isolates optimization effects to the tokens most re-
sponsible for the final return. Concretely, we propose Value
as Middle Return (VMR). Motivated by KL-regularized
RL, we insert at a middle step m an intermediate soft re-
turn and optimize the pre-m and post-m segments with
GRPO in a stage-wise fashion. This construction yields


https://github.com/ByteVisionLab/NextFlow

more frequent, lower-variance feedback to early decisions
and, crucially, does not alter the optimal policy within
the family: it is structure-preserving reward shaping that
leaves the family-optimal solution unchanged while mak-
ing it easier to reach in practice. Second, we propose Per-
Action Normalization Weighting (PANW). To counter-
act step-wise heterogeneity, we weight each step-t loss by
k; = 1/(hywy), where hy X w; is the token-grid size at
that step, followed by step-level normalization. This bal-
ances KL usage and gradient scales across timesteps, mit-
igating the dominance of high-resolution updates and im-
proving stability. Third, we introduce Mask Propagation
(MP). We maintain a spatiotemporal mask that tracks to-
kens likely to contribute to the terminal reward and propa-
gates this mask backward along the sequence. The mask
gates intermediate rewards and gradients, focusing credit
assignment on causally relevant regions and reducing vari-
ance across both space and time. Empirically, our frame-
work consistently stabilizes training and accelerates conver-
gence over vanilla GRPO in this setting, delivering substan-
tial gains in sample quality and objective alignment on text
rendering benchmarks [5, 10, 48]. It also achieves strong
improvements over a Nextflow starting point [37] and at-
tains state-of-the-art results among diffusion-centric base-
lines [4, 7, 12, 25, 36, 41, 45, 62]. These results underscore
that properly structuring the RL objective and balancing
updates across heterogeneous steps are crucial for reliable
text-to-image alignment. Our contributions are threefold:
We diagnose asynchronous policy conflicts in RL for
VAR and formalize the process as a deterministic MDP,
clarifying why bandit-style GRPO becomes unstable un-
der heterogeneous, parallel actions.

We propose VMR, a structure-preserving intermediate
reward that provides dense feedback to early steps and
provably does not alter the family-optimal policy; to-
gether with PANW and MP, it balances step-wise gradi-
ents and sharpens spatiotemporal credit assignment.

We present, to our knowledge, the first systematic RL
framework for fext-fo-image VAR, demonstrating robust,
state-of-the-art improvements over GRPO baseline and
diffusion-centric competitors, supported by comprehen-
sive ablations.

2. Related Work

2.1. Autoregressive Image Generation

Autoregressive (AR) image generation has emerged as a
compelling paradigm, inspired by the success of next-token
prediction in large language models [1, 3, 38, 39]. Early
works such as VQ-VAE [11, 49] and VQGAN [11] in-
troduced learned codebooks to discretize images into to-
kens, enabling sequential generation in raster-scan order.
This approach has since been widely adopted in text-to-
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Figure 2. Comparison of training curves between vanilla GRPO
and GRPO with VMR across varying prefix scales.

image synthesis [58] and unified multimodal understand-
ing and generation tasks [6, 52, 53]. However, raster-
scan AR models typically require significantly more sam-
pling steps compared to diffusion-based approaches, lim-
iting their inference-time efficiency. To address this limita-
tion, VAR [46] proposed a next-scale prediction strategy—a
coarse-to-fine framework that predicts tokens across pro-
gressively finer spatial scales, aligning more closely with
human perceptual hierarchy. This method substantially im-
proves both sampling efficiency and image fidelity. Subse-
quent studies have further advanced this paradigm [22, 26],
demonstrating strong performance in high-resolution text-
to-image generation [17, 29,31, 37, 44, 50, 65]. Building on
these advances, this work investigates the use of reinforce-
ment learning to further enhance VAR-style autoregressive
image generation, aiming to improve training stability and
overall generative performance.

2.2. Reinforcement Learning for Image Generation

Reinforcement Learning (RL) has been widely adopted for
enhancing the reasoning capabilities and human alignment
of Large Language Models (LLMs) [16, 20]. A significant
recent advancement is GRPO [43], which simplifies pol-
icy optimization by eliminating the value model required in
PPO [42], achieving notable empirical gains through a rel-
ative, group-based objective. This paradigm has been suc-
cessfully extended to visual generation to improve output
fidelity and controllability. For instance, flow-based gener-
ative models [12, 24] have been aligned with human pref-
erences [23, 55] and specific prompt following objectives
[15, 19] using GRPO-based techniques [30, 57]. The ap-
plication of RL differs for autoregressive (AR) raster-scan
models [21, 32,47,51, 59, 60]. T2I-R1 [21] employs RL to
bolster semantic reasoning for superior text-to-image align-
ment, AR-GRPO [59] establishes a direct baseline by in-
tegrating GRPO into the AR sampling process, and Sim-



pleAR [51] unifies model training with RL to holistically
improve output quality. Despite these advances, the use of
RL in next-scale prediction AR models remains largely un-
explored. While [13] applies GRPO to a class-conditioned
model [46], it does not address the core structural chal-
lenges introduced by multi-scale parallel token generation.
Compared to raster-scan AR or diffusion models, this fam-
ily of architectures presents unique challenges compared
to raster-scan AR or diffusion-based approaches, primarily
due to structural differences in policy optimization that arise
from multi-scale, parallel token generation. These differ-
ences necessitate tailored reward design and optimization
strategies that have yet to be thoroughly investigated.

3. Methodology

3.1. Preliminary

3.1.1. Visual AutoRegressive Models

Visual AutoRegressive (VAR) models generate images by
producing a sequence of discrete tokens that represent the
image at multiple resolutions. Specifically, an image is rep-
resented as a sequence of token grids rq,ro, ..., rp, where
each r; corresponds to a grid of tokens at resolution level ¢
shaped h; x w;. The generation process starts from the low-
est resolution and progressively refines the image by gener-
ating higher-resolution token grids conditioned on the pre-
viously generated lower-resolution grids.

3.1.2. VAR Sequences as MDPs

Because we aim to optimize VAR using a Hierarchical Re-
inforcement Learning [34] framework, unlike the bandit-
style setup used in vanilla GRPO, we must explicitly define
the MDP (S, A, P,r) for VAR sequence generation. We
formulate the process as follows (for simplicity, we omit
external control inputs such as text or images):

Action Space A: Each action a’(s;) = r;,1 € A cor-
responds to generating the next resolution tokens grid

hrJrl X Wyr41.

State Space S: Each state is the partial VAR sequence
s = (r1,ra,...,1;) €8S.

State Transition Probability P: The transition is deter-
ministic, given by P(s;11 | 8¢,8;) = O, re,...ress)-
Reward Function r: As in typical image genera-
tion tasks, the environment only provides a final return
R(sp) = >, i, reflecting evaluation in real-world set-
tings.

3.1.3. The Optimal Solution for KL-Regularized RL

A well-established result in KL-regularized reinforcement
learning is that the optimal policy 7*, which maximizes the
expected return under a soft KL constraint, is given by [66]:

1
W*(at \ St) & 7rold(at | St) exp (nQ*(St,at)> ) (D
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where 7 is the temperature parameter and Q*(s¢, a;) de-
notes the optimal action-value function:

Q" (st;ar) = Ex« [R(s7) | s, a]. 2)

This formulation shows that the optimal policy is shaped

jointly by the prior policy 7,q and the expected future re-

turn captured by the action-value function QQ*. Moreover,

when the environment transition is deterministic [64], the

future return is fully determined by 7,4, and the optimal
Q@-function can be written as:

1
Q" (st,ar) =nlnE, , [exp (ﬂR(ST)) | st,at] . 3

3.2. Motivation

The key challenge in optimizing VAR sequences using RL
methods lies in the asynchronous policy conflicts that arise
across different timesteps. As shown in Figure 1, unlike
diffusion models and autoregressive models, the number of
query tokens fluctuates dramatically during the generation
process, leading to substantial variation in task similarity
across timesteps. This inconsistency is especially problem-
atic in RL settings, where the available training data is sig-
nificantly more limited compared to large-scale pretraining,
thereby exacerbating policy instability and slowing conver-
gence. In addition, because multiple tokens are generated in
parallel within the same resolution scale, the optimal policy
structure may deviate from that of typical sequential RL for-
mulations, requiring further analysis.

To address the challenges mentioned above, we propose
three techniques to stabilize and accelerate the RL optimiza-
tion of VAR:

We introduce Value-as-Middle-Return (VMR) to de-
compose the full-sequence RL objective into a two-stage
optimization problem, effectively mitigating multi-step
conflict during training.

We apply Per-Action Normalization Weighting
(PANW) to balance the contributions of different
timesteps, ensuring stable learning dynamics even under
varying task similarities.

We implement Mask Propagation (MP) to prioritize up-
dates on the most relevant tokens and to reduce imbalance
across scales.

3.3. Value as Middle Return

3.3.1. Formulation

The core idea of VMR is to decompose the full-horizon,
KL-regularized RL problem into two coupled subproblems
split at a middle timestep m. This alleviates cross-horizon
action conflicts and yields denser feedback. Reusing the
notation of (1), we define the middle-step soft value as fol-
lows:



Figure 3. The pipeline of our two-stage GRPO is as follows: we
use Monte Carlo estimation to compute the reward for w1,
and then apply GRPO to the two states separately.

Definition 1 (Middle-step soft value). For any m &€
{1,...,T},
Vi (sm) = nlogE,,, [exp(%R(sﬂ) 'sm} .

VMR introduces a middle return V,* (s,,) to partition the
generation into prefix and suffix subtasks. Each is trained
independently with a local KL penalty:

“4)

Suffix :ﬂm?:)fl E[R(ST) ‘ Sm] - nKL(ﬂ-m:T—l || 7Toldﬂn:T—l)v

Prefix : max E[V;(sm)] — nKL(mtm,l I Wold’ltm,l).

Tlim—1
4)
This stage-wise decomposition stabilizes training by keep-
ing per-stage token lengths comparable, while preserving
the global objective value. The detailed algorithm is shown
in Figure 3.

3.3.2. Analysis

We now examine two central questions:

e What is the optimal solution for the VAR family under
KL-regularized RL?

* Does introducing the middle return V*(s,,) alter the op-
timal policy?

VAR Family Definition. We first specify the policy class
of interest as the following definition:

Definition 2 (VAR family M.). A policy ©° belongs to
M. if. at each timestep t, the action grid a% = ri, €
Rhe+1Xwess factorizes across spatial sites given the state
St.
0 0
T (ay | s¢) = H 7rt7(i}j)(at’(i,j) | 8t)- (©)
(4,9)
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This mirrors the implementation of VAR, where tokens on
the same resolution are generated in parallel. And this does
not mean that different blocks of the generated image are
independent, because the state s, contains all the previously
generated tokens, which can provide global context.

Q1: Optimality within M,. The globally optimal KL-
regularized policy 7* from (1) need not belong to M.
Nevertheless, within this restricted family, there exists a
unique constrained optimum 71:

Definition 3 (Constrained optimal policy). The optimal
VAR policy is

nl = arg max J(n), J(x) = BalR(sr)]-n KL( || 7ota).
! )

The 7' satisfies the following property:

Theorem 1 (Reverse-KL characterization of 71). At each
state sy, the constrained optimum satisfies

KL(m(- | se) |7 (- [ s¢)), (8)

-I— . .
w'(- | s¢) =arg min
(-1se) =arg min |

where T* is the global soft-optimal policy.

Thus, the best policy within the VAR family is obtained by
reverse-KL projecting the globally optimal, potentially non-
factorized policy 7* onto M.

Q2: Effect of introducing VMR. We now analyze
whether VMR changes the optimal solution. We have the
following theorem:

Theorem 2 (Two-stage invariance). Let V! (s,,) be de-
fined as in (4). Within Mz, solving the suffix problem in
(5) yields 7r7Tn:T—1" optimizing the prefix problem using V),

as its sole reward gives WI:mfl. Then, the concatenation

al = ﬂszl@ﬂnf% uniquely maximizes the full-horizon

objective J(m). Within M, replacing each subpolicy by
its per-state reverse-KL projection onto the factorized fam-
ily yields the constrained optimum 7.

The theorem implies that the intermediate value V), encap-
sulates all downstream contributions from step m onward.
When used as the sole reward for the prefix, it ensures that
prefix and suffix optimization remain consistent with the
original full-horizon solution. This two-stage structure pre-
serves policy invariance, avoids credit-assignment interfer-
ence, and stabilizes training across varying token lengths.
VMR provides a principled prefix—suffix decomposition of
KL-regularized RL that maintains optimality within both
the unconstrained and VAR-constrained settings, while re-
ducing multi-step conflicts and improving learning stability
in coarse-to-fine generation.
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Figure 4. Our token masks are propagated in reverse through the
model’s multi-scale hierarchy, moving from finer to coarser fea-
ture scales.

3.4. Per-Action Normalization Weighting

As shown in Figure 1, the task similarity across differ-
ent timesteps in VAR generation can vary significantly due
to the fluctuating number of query tokens. To address
this issue, we propose Per-Action Normalization Weight-
ing, which normalize the contributions of each action based
on the number of query tokens at that timestep. Specifically,
for each timestep ¢, we compute a normalization weight k;

defined as:
1

ky— —
t (ht X wt)“

€))
where h; and w; are the height and width of the token grid
at timestep ¢ and « is a decay exponent. During training,
we weight the loss associated with each action a; by its
corresponding normalization weight k;. This approach en-
sures that timesteps with a larger number of query tokens
do not disproportionately influence the learning process,
thereby promoting a more balanced optimization across all
timesteps.

3.5. Mask Propagation

To precisely identify which tokens influence the final return,
we introduce Mask Propagation. As shown in Figure 4, we
first construct an initial mask from the output components
that directly determine the reward (e.g., predicted bounding
boxes). We then propagate this mask backward through the
model’s multi-scale hierarchy, moving from finer to coarser
feature scales. This process directs updates toward the most
relevant tokens while simultaneously improving cross-scale
balance.

4. Experiments

4.1. Experimental Setup

We use Nextflow [61] as our base model. Images are gener-
ated at a resolution of 1024x1024.
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Training Setup. We adopt an on-policy training strategy
with group size = 16 (candidates per prompt) and batch
size = 16 (prompts per update). The policy is initialized
with a learning rate of 10~%. Prompts are sampled from our
in-house pool and are strictly disjoint from the training and
testing splits of all evaluation tasks. We train for up to 1,200
updates, i.e., up to 19,200 unique prompts per task. Op-
timization uses ADAMW with learning rate 1075, default
B1 = 0.9, B2 = 0.95, and weight decay = 0.05. We alter-
nate optimization at different scales following Eq. (5): for
every three prefix GRPO updates (optimizing 77.,—1), We
perform one suffix GRPO update (optimizing 7,,.7—1). In
contrast to the sampling configuration, classifier-free guid-
ance (CFG) [18] is not used during training.

Sampling Setup. We adopt the original sampling strategy
of VAR [46] for both rollout and evaluation phases. The
sampling parameters are fixed at CFG=5, top-k=2 and top-
p=0.9 for all token sampling operations.

VMR Reward Construction. Instead of fitting a step-
wise critic as in PPO [42], we estimate the middle-stage
value directly from on-policy terminal rewards. For a given
state s,,, we sample K on-policy rollouts {rz}& , ~
7o(- | Sm) up to terminal step 7', obtain terminal rewards
{R®)(s7)}_|, and define the VMR as a risk-sensitive es-
timator:

N 1 K
Vin(sm) = 7710g<KZeXp<,17R(k)(ST)>>> (10)
k=1

where 77 > 0 is a temperature parameter and K is the num-
ber of on-policy samples. In practice, we set n = 1 and
K = 2, which we find sufficient and stable (Figure 2). We
primarily validate our method on the text rendering task
with an extensive ablation study, and further evaluate on
HPSv3 to demonstrate robustness and generalization.

A wider range of benchmarks is detailed in [61].

4.2, Text Rendering

Reward Design.
OCR Backbone We use PaddleOCRVYS [8, 9] to recognize
text from rendered images. Let the lowercased ground-truth
word sequence be G = (gx)&_,, the predicted word se-
quence be P = (p;)M, and the corresponding OCR confi-
dences be S = (s;)M, with s; € [0, 1]. We measure string
similarity by a normalized Levenshtein score:

EditDist(z, y)

LD(z,y)=1— )
max{ |7/, |y| } +¢

(1)

where |z| is the character length of x, EditDist(-, -) is the
Levenshtein distance, and £ > 0 avoids division by zero.



Completeness (confidence-aware) For each g € G, if g ap-
pears in P, we count the minimum confidence among iden-
tical predictions to discourage duplicate inflation:

1
Comp = — (1 € P}- min si), 12
p= 2 (HgeP} min (12)
9€g
where 1{-} is the indicator function.
Length mismatch penalty To penalize over/under-

generation, we compare concatenated strings via a
multiset distance:

BagDiSt (Ef\il Pi, Z/{chI gk)

Pen = \- o ~
’Zi:l pi| + ‘Zk:l gk‘

. A=0.6,

13)
where BagDist(+, -) measures character-level multiset dis-
crepancy and the denominator normalizes by total character
count.

Similarity  (confidence-weighted) Let i*(g)
argmax; LD(g,p;) be the best match index for g; we
can weight by the matched confidence:

. 1
Sim = N Z LD(g,pi+(g)) Si*(g)
geg

(14)

Total reward The final OCR reward combines the above:

Reward = Comp + Sim — Pen . (15)
Selection of m. We observe that the primary gains stem
from applying RL to the prefix segment, making the choice
of m crucial. As shown in Figure 2, a sweet spot emerges at
m € {mias, Mase }, Where these values represent the steps
corresponding to resolutions 128 x 128 and 256 x 256 (see
Table 8). Further ablations (Subsection 4.4) justify our final
choice of m = mosg.

Experimental Analysis. On CVTG-2K [10] (Table 1),
our RL-based method (Nextflow-RL) markedly outper-
forms Nextflow across all metrics. Specifically, Nextflow-
RL improves Word Accuracy from 0.5536 to 0.7841
(+0.2305 absolute, +41.6% relative) and NED from 0.7816
to 0.9081 (+0.1265 absolute, +16.2% relative), while
also achieving a higher CLIPScore (0.8224 vs. 0.8068).
These results demonstrate that Nextflow-RL, driven by
confidence- and similarity-aware OCR rewards with a
length penalty, significantly improves word-level accuracy
and character-level fidelity while preserving semantic align-
ment.

Overall, the consistent improvements over Nextflow and the
leading results among diffusion models validate the effec-
tiveness of our two-stage RL scheme: optimizing early-
token (prefix) decisions guided by confidence/similarity-
aware OCR rewards with a length penalty yields robust
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Table 1. Quantitative results on the CVTG-2K dataset. Bold de-
notes the best performance, underline denotes the second-best for
each metric. Seedream 3.0 and GPT Image 1 are highlighted as
proprietary/closed-source systems.

Model #Params Word Accuracy? NEDtT CLIPScoret
FLUX.1 dev [24] 12B 0.4965 0.6879 0.7401
SD3.5 Large [12] 8B 0.6548 0.8470 0.7797
AnyText [48] 1.4B 0.1804 0.4675 0.7432
TextDiffuser-2 [5] 8B 0.2326 0.4353 0.6765
RAG-Diffusion [27] 12B 0.2648 0.4498 0.6688
3DIS [63] 12B 0.3813 0.6505 0.7767
TextCrafter (FLUX) [10] 12B 0.7370 0.8679 0.7868
TextCrafter (SD3.5) [10] 8B 0.7600 0.9038 0.8023
Seedream 3.0 [14] 0.5924 0.8537 0.7821
GPT Image 1 [High] [35] - 0.8569 0.9478 0.7982
Qwen-Image [54] 20B 0.8288 09116 0.8017
Nextflow 7B 0.5536 0.7816 0.8068
Nextflow-RL 7B 0.7841 0.9081 0.8224

gains in both text fidelity and visual quality across broad
content categories.

Visual Results. Figure 5 shows visual results before (left
in each pair) and after (right) RL optimization on text ren-
dering. RL-refined outputs correct character order, fix erro-
neous glyphs, and reduce missing or extraneous characters
across diverse layouts and styles. Full prompts are provided
in the Appendix.

4.3. Human Preference Score

Reward Design. We adopt the best hyperparameters from
the Text Rendering task and use HPSv3 [33] as the direct
reward function during RL optimization. To handle the
large model efficiently, we deploy a self-hosted HPS ser-
vice for low-latency reward evaluation and high-throughput
training.

Experimental Analysis. Table 2 shows that our method
(Nextflow-RL) delivers substantial gains over the starting
point Nextflow across all categories. On the overall met-
ric All, Nextflow-RL improves from 8.43 to 10.64 (+2.21
absolute), and consistently outperforms Nextflow in every
sub-category, with notable margins on Animals (10.79 vs.
8.34), Natural Scenery (10.43 vs. 8.22), Plants (10.57 vs.
8.19), and Food (11.18 vs. 8.93). These results indicate that
our RL-based prefix optimization and OCR-guided reward
design not only enhance word rendering fidelity but also
generalize across diverse visual domains (e.g., transporta-
tion, products, and science).

Among diffusion-centric models, Nextflow-RL attains
state-of-the-art performance on multiple key columns: it
ranks 1st on All (10.64), Architecture (11.16), Animals
(10.79), Natural Scenery (10.43), Plants (10.57), Food
(11.18), and Others (10.66), while remaining competitive
on Characters (11.72, second only to Kolors at 11.79) and
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Figure 5. Visual Samples of text rendering task before (left) and
after (right) RL optimization. The text required for each pairs: (1)
Six illuminated letters CA’, ’B’, ’C’, 'N’, ’0’, ’Y”) (2) "Wouldn’t
you rather... VOTE. By Mail.” (3) "M-BOX 2.0 by: Jimmy-Fan”
(4) "’DESCUBRE LO QUE ESCONDEN NUESTRO CAMPING”
and "UPBAN KIDS” (5) "L’ARANCAEY FIMMNA,” (6) ”FISH-
ING CHALLENGE” and "GOTCHA!” (7) ”Apps Way Crisps.”,
”Apps Wheat Crisps.”, ”Apps Potato Crisps.” and ”Apps Cheese
Balls.” (8) VAR RL Done Right”. Full captions are provided in
the Appendix. The RL-refined outputs demonstrate improvements
in correcting character misordering, erroneous glyphs, missing or
extraneous characters. Better zoom in for details.

Design (9.77, second only to Kolors at 9.87). Compared to
strong baselines such as Flux-dev, Kolors, and Playground-
v2.5, Nextflow-RL matches or surpasses their best scores in
most categories, achieving performance comparable to cur-
rent SOTA models within the diffusion-based family.

Visual Results. We showcase visual results on the HPS
refine task before and after RL optimization in Figure 6.
Across diverse prompts and styles, including cartoons,
photorealistic portraits, astrophotography, landscapes, and
object-centric scenes, our RL-enhanced model produces
images with sharper details, cleaner structure, and stronger
prompt adherence. Full captions are provided in the Ap-
pendix 7.

4.4. Ablation

We doing ablation on the following design choices and
hyperparameter: We conduct ablations over key design
choices and hyperparameter, summarizing findings below.
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Figure 6. Visual Samples of HPS refine task before (left) and after
(right) RL optimization. Full captions are provided in the Ap-
pendix. Better zoom in for details.
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Figure 7. Ablations on training configurations. Left: varying de-
cay exponent «; Right: enabling/disabling MP.

Selection of m in Equation (10). From Table 3,
m=128 achieves the best scores (Word Acc. 0.6677, NED
0.8501, CLIPScore 0.8142), while m=256 is very close
(0.6565/0.8429/0.8133).  Given comparable quality but
lower compute to estimate the VMR and better compatibil-
ity with the mask mechanism, we select m=256 as the de-
fault. Larger m (e.g., 512, 1024) underperform, indicating
the benefit of placing the VMR earlier to reduce variance
and improve early credit assignment.

Decay exponent o in Equation (9). As shown in Ta-
ble 4 and Figure 7a, o € [0.6,0.8] yields the strongest
results, with a=0.6 giving the best Word Accuracy/NED
and a=0.8 the top CLIPScore. This range provides a ro-
bust default, balancing gradient normalization across het-
erogeneous steps without over-suppressing high-resolution
updates.



Table 2. Comparison of different models across various categories. The best results are in bold, and the second-best are underlined.

Models All  Characters Arts Design Architecture Animals Natural Scenery Transportation Products Plants Food Science Others
Stable Diffusion v2.0 [41] | -0.24 034 -056  -135 -0.24 -0.54 -0.32 1.00 111 001 -038  -038  -0.84
Stable Diffusion 3 [12] 5.31 670 598 515 5.25 4.09 5.24 4.25 571 584 601 5.71 4.58
Hunyuan [28] 8.19 796 8.1 8.28 8.71 7.24 7.86 8.33 855 828 831 8.48 8.20
Stable Diffusion XL [36] | 8.20 867 7.63 7153 8.57 8.18 7.76 8.65 885 832 843 8.78 7.29
Gemini 2.0 Flash [7] 9.21 9.98 844  7.64 10.11 9.42 9.01 9.74 9.64  9.55 10.16 7.61 9.23
PixArt-3 [4] 9.37 10.08  9.07 8.41 9.83 8.86 8.87 9.44 9.57 952 973 1035 8.58
CogViewd [62] 9.61 1072 986 933 9.88 9.16 9.45 9.69 9.86 945 949  10.16 8.97
Infinity [17] 10.26 117 995 943 10.36 9.27 10.11 10.36 1059 1008 1030 1059  9.62
Playground-v2.5 [25] 10.27 11.07 984  9.64 10.45 10.38 9.94 10.51 1062 1015 1062  10.84 9.39
Flux-dev [24] 10.43 1170 1032 9.39 10.93 10.38 10.01 10.84 1124 1021 1038  11.24 9.16
Kolors [45] 10.55 1179 1047 987 10.82 10.60 9.89 10.68 1093 1050 1063  11.06 951
Nextflow 8.43 927 800 751 8.98 8.34 8.22 8.68 870 819 893 7.75 8.57
Nextflow-RL 10.64 1172 1026 977 11.16 10.79 10.43 10.77 1073 1057 1118 9.60  10.66
Table 3. Ablation on the choice of m, with K = 2 at step 300. Table 6. Ablation on K, evaluated at step 300.

m Word Accuracyt NEDT  CLIPScore? K Word Accuracy? NEDT CLIPScoret
Nextflow 0.5536 0.7816 0.8068

1024 (vanilia GRPO) ~~ 05741~ 07871~ osozs < Nextflow 05536 07816 0.8068
512 0.6351 0.8236  0.8057 1 0.6575 0.8388 0.8258
256 0.6565 0.8429 0.8133 2 0.6821 0.8505 0.8287
128 0.6677 0.8501 0.8142 4 0.6720 0.8449 0.8278

Table 4. Ablation on decay exponent o, measured at step 400. Table 7. Ablation on alternating training schemes.

o Word Accuracy? NED?T CLIPScore! Model Word Accuracyt NED?T CLIPScoref
Nextflow 0.5536 0.7816 0.8068 Nextflow 05536 07816 ~  0.8068
12 06602 0.8459 08144 Fine-grained 0.6855 0.8601 0.8188
0.8 0.7051 0.8673 0.8172

0.6 0.7136 0.8709 0.8165

Table 5. Effect of Mask Propagation (MP), measured at step 400.

Model Word Accuracy! NED?T CLIPScoret
s S 05536 ___07816 _ 08068
Nextflow-RL w/o MP 0.6855 0.8601 0.8188
Nextflow-RL w/ MP 0.7071 0.8699 0.8184

Mask Propagation (MP). Table 5 and Figure 7b show
that enabling MP improves text fidelity metrics (Word Acc.
0.7071 vs. 0.6855; NED 0.8699 vs. 0.8601), with essen-
tially unchanged CLIPScore. This confirms MP sharpens
spatiotemporal credit assignment and is beneficial at scale.

Number of samples K in Equation (10). Table 6 shows
K=2 is optimal (0.6821/0.8505/0.8287). K =1 lacks ex-
ploration, while K =4 introduces high variance. Although
a refined mask yields a marginal 0.0210 gain for K=4,
the excessive rollout cost justifies K=2 as a more efficient
performance-efficiency trade-off.
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Alternating training granularity. Table 7 compares
fine-grained versus coarse-grained alternation between low-
scale (prefix) and high-scale (suffix) segments. In the fine-
grained scheme, we perform three prefix updates for every
suffix update; in the coarse-grained scheme, we first run
300 prefix updates and then 100 suffix updates. Both set-
tings are evaluated at the same total training step (400).
Fine-grained alternation consistently outperforms coarse-
grained (0.6855/0.8601/0.8188 vs. 0.6778/0.8564/0.8168),
indicating that more frequent, localized updates better re-
solve asynchronous policy conflicts.

5. Conclusion

We present the first RL framework for VAR in T2I task,
tackling asynchronous policy conflicts across heteroge-
neous scales. Our VMR decomposes the full-horizon ob-
jective into prefix/suffix stages without altering the optimal
solution, while Per-Action Normalization Weighting and
Mask Propagation stabilize credit assignment and concen-
trate updates on reward-relevant tokens. Empirically, our
method delivers consistent gains over vanilla GRPO with
strong improvements over original Nextflow.
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