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Abstract

Recent approaches in text-to-image (T2I) generation has actively adopted reinforcement
learning (RL) techniques for human preference alignment. However, existing approaches
primarily rely on a single reward function, which can lead to overfitting on specific metrics,
resulting in issues such as reward hacking and imbalanced optimization among multiple
objectives. To address this, we propose Flow-Multi: A Flow-Matching Multi-Reward
Framework for Text-to-Image Generation. Our method builds upon Flow-matching-
based Group Relative Policy Optimization (GRPO) learning. Each sample is evaluated
by four reward models—Text-to-Image alignment, Human Preference, Aesthetic Quality,
and GenEval—to create a multi-dimensional reward vector. We then utilize the Pareto
dominance relationship to remove dominated samples and update the policy using only
the non-dominated set. Additionally, we introduce advantage masking during training to
suppress the contribution of low-reward samples, ensuring that only high-quality rewards
are reflected in policy optimization. Experimental results demonstrate that Flow-Multi
achieves balanced improvements across multiple reward criteria compared to the existing
Flow-GRPO, validating the effectiveness of multi-reward reinforcement learning for stable
alignment in text-to-image generation.

Keywords: flow matching; multi-reward reinforcement learning; text-to-image generation;

1. Introduction

Despite significant advances in text-to-image (T2I) generation [1,2,27], aligning model
behavior with human preferences remains a problem with multiple challenges. Beyond
mere prompt adherence, users implicitly value several orthogonal qualities—semantic
faithfulness, aesthetic appeal, compositional correctness, and robustness on standardized
vision-language tests. Optimizing one metric often degrades another, a classic case of “you
get what you measure.” As a result, single-reward pipelines tend to overfit, exhibiting
reward hacking, distributional brittleness, or drift in unmeasured dimensions.

Recent work explores reinforcement learning (RL) for preference alignment in gen-
erative models [7,16,18,19,22], borrowing ideas from reinforcement learning from human
feedback (RLHF) and policy optimization [12,15,16]. These approaches typically train with
a single scalar reward (e.g., preference score, CLIP-based alignment, or a task-specific
metric) [10,30,31]. However, collapsing a genuinely multi-objective problem into one di-
mension produces optimization pathology: (i) metric gaming—improving the chosen proxy
while qualitatively regressing elsewhere; (ii) unstable updates—high-variance advantages
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Figure 1. GenEval Performance. The Flow-Multi model demonstrates higher GenEval performance
than GPT-40 and the baseline SD3.5-M, outperforming all other compared models.

driven by noisy scorers; and (iii) brittle generalization—improvements that fail to transfer
across benchmarks such as DrawBench [27] or GenEval [26]. 35

To address these challenges, we propose Flow-Multi, a flow-matching, multi-reward s
RL for T2I models. Building on Group Relative Policy Optimization (GRPO) in a flow- s
matching sampler, Flow-Multi evaluates each generated sample with a vector of rewards s
spanning four complementary dimensions: text-image alignment, human preference, 3
aesthetic quality, and GenEval-style object/attribute correctness. Rather than averaging 4
or hand-tuning weights, we treat the update as a multi-objective selection problem and  «
use Pareto dominance to keep only non-dominated samples within each mini-batch. This
preserves trade-offs explicitly: a sample is retained if improving any of its rewards would 4
worsen at least one other reward. In addition, we introduce advantage masking, a simple 4
but effective mechanism that zeroes low-quality advantages so that policy gradients are 4
dominated by consistently good samples instead of noisy tails. a6

Our method is online, operating in the inner loop of sampling and learning, and itis  «
metric-agnostic: reward heads can be swapped or extended without retooling the optimizer. 4
Practically, the flow-matching backbone keeps training stable and sample-efficient, while 4
mini-batch Pareto selection provides a principled, computation-light approximation to s
multi-objective policy improvement. The result is a more balanced performance profile =
across heterogeneous benchmarks, mitigating the typical “win one metric, lose two” failure s

mode of single-reward optimization. 53
2. Related Work 50
2.1. Diffusion and Flow-Matching Foundations 55

Diffusion models learn to reverse a Gaussian noising process and have become the s
dominant paradigm for high-fidelity image synthesis, with sampling implemented via s
discrete DDPM steps or continuous-time probability-flow ODE/SDE solvers [1-3]. Flow s
matching instead trains a continuous-time normalizing flow by directly matching the ve- s
locity field, enabling efficient deterministic sampling with far fewer steps while preserving e
quality [4,5]. Recent analyses connect diffusion and flow under a unified SDE/ODE view, &
clarifying when stochastic versus deterministic solvers are preferable and how model pa- e
rameterizations transfer across the two families [15]. Building on this foundation, modern
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T2I systems often adopt flow-matching backbones for superior speed—quality trade-offs in
both image and video generation.

2.2. Reinforcement Learning for T2I Alignment

Preference alignment for diffusion/flow generators has followed multiple tracks.
Policy-gradient style methods adapt RLHF ideas to T2I: DPO [8] directly fine-tunes diffu-
sion policies from human preferences, while Diffusion-DPO [7]imports DPO as a simpler,
value-free alternative to PPO-like RLHF [7]. Training-free alignment aims to steer prefer-
ence at inference time without additional optimization [11]. More recently, group-relative
policy optimization (GRPO [12])—a value-free policy gradient introduced for LLMs—has
been instantiated on flow-matching generators: Flow-GRPO [15] integrates online RL into
flows, and concurrent works (e.g., DanceGRPO[16], PREF-GRPO [35]) explore injecting
stochasticity (converting the ODE to an SDE) or fitting pairwise preferences to stabilize
advantages and mitigate reward hacking . While effective, single-reward training often
exhibits metric gaming and trade-off regressions on unoptimized dimensions [20] (e.g.,
aesthetics vs. compositional correctness), motivating multi-reward formulations.

2.3. Multi-Objective Alignment and Reward Design

T2I post-training has been pursued via (1) direct scalar-reward fine-tuning [20], (2)
reward-Backpropagation (AlignProp [10]), (3) DPO-style preference fitting [7,8,17], (4)
PPO/GRPO policy gradients [9,12], and (5) training-free steering [11] . Many systems use
linear scalarization of multiple rewards (e.g., CLIP alighment + aesthetics) with hand-tuned
weights, as in Promptist [13] or differentiable reward formulations in DRaFT [19]. Parrot
[14] explores multi-objective optimization by mapping language-encoded preference vec-
tors to Pareto-optimal solutions, and model-averaging along the Pareto frontier has also
been studied [22]. However, scalarization fixes a single operating point and is brittle when
reward scales or reliabilities shift. Complementary to scalarization, process rewards seek
finer credit assignment beyond sparse terminal signals: step-level PRMs and verification-
guided supervision (ThinkPRM [34]) improve reasoning- or step-aware learning but carry
substantial annotation/training cost . In diffusion/flow settings, step-aware preference
models (e.g., LPO [23]) target both noisy and clean images; online surrogates (PRIME [32])
approximate process rewards from outcomes alone . Our perspective aligns with the latter:
use multiple outcome rewards to reflect orthogonal desiderata (alignment, preference,
aesthetics, compositionality) and select dominates samples via Pareto dominance, comple-
mented by advantage masking to suppress low-quality gradients—thereby approximating
multi-objective improvement without training explicit PRMs.

2.4. Benchmarks and Evaluation for T21

Evaluation has evolved beyond perceptual fidelity to probe compositional reasoning,
world knowledge, typography, and controllability. Datasets such as DrawBench [27] and
GenEval [26] stress attribute binding, counts, spatial relations, and text rendering; newer
suites (e.g., TIIF-Bench [28]) vary prompt length, typography, and style to test robustness
under prompt perturbations, while UNIGENBENCH [29] expands coverage across fine-
grained sub-criteria . Preference-oriented metrics (e.g., PickScore [25]), alignment metrics
(e.g., CLIPScore [30]), and learned aesthetics predictors [31] complement task-specific
pass/fail scores. Our experiments follow this trend, reporting multi-dimensional metrics
(alignment, preference, aesthetics, GenEval correctness), which together reveal trade-offs
that single metrics often conceal.

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108



Version December 26, 2025 submitted to Sensors 40f13

3. Method
3.1. Preliminaries

We adopt the Rectified Flow framework [36] to define a generative process interpolat-
ing between a clean data sample xy ~ X and a noise sample x; ~ N (0, I) via a linear path
x¢ = (1 —t)xp + tx1. A Transformer-based velocity field vy (x¢, t) is trained to minimize the
flow-matching objective:

Lom(8) = Eption) o mx, | 151 = x0) = valxe O] . @

To leverage reinforcement learning (RL) for fine-tuning, we formulate the denoising process
as a finite-horizon Markov Decision Process (MDP) where the state is s; = (x4, t,¢), the
action corresponds to the state update a; = Ax;, and the policy is induced by the flow
model. Unlike standard deterministic ODE samplers, we adopt a Stochastic Differential
Equation (SDE) formulation to enable exploration and define a valid probability density
for the policy. The transition follows the Euler-Maruyama update

Xeear = Xt + pg(xt,t,0) At + oV Ate, €~ N(0,1). 2)

Here, the drift is parameterized as

2
1%
uo(xt, t,¢) = vg(x,t,¢) + Z—tt (xt + (1 —1)vg(xg, ¢, c)), 3)

to maintain consistency with the ODE marginals, where 0; = a/t/(1 —t) controls the
noise schedule. Consequently, the policy 7y (-|s;) becomes a Gaussian distribution N (x; +
poAt,c?AtI), which facilitates gradient-based optimization.

To optimize this policy without a value function, we employ Group Relative Policy
Optimization (GRPO). For a given prompt g;, we sample a group of K trajectories {7 }X_,
using the current policy and compute rewards R; ;. We then calculate the group-relative
advantage

Rix —R; 1

K
A = R. == R; 4
ik maX(Std[Ri,.}, e) ’ 'K k:zl ifks @

to reduce variance. To construct the objective, we first define the likelihood ratio p;; =
70 (0;ix | 9i)/ 76,4 (0i | 4i) against the old policy. The PPO-style clipped surrogate loss is
then formulated as

Laip(0) = Eix {min (Pi,k Ajk, clip (03, 1 — €clip, 1+ €ctip) Ai,k)} - ()

In addition to the surrogate loss, we incorporate a KL divergence penalty to a frozen
reference policy 7t,r. While the general form relies on the density ratio (o) = 7./ 7, Our
diffusion-based policy with a fixed covariance schedule allows for a closed-form stepwise
calculation:

1%+ a6 — Feratret]l3
Dxi(mg(-|s TTef(-|St)) = . . , 6
KL(7To (- [5t) || Trret(- [5t)) 207At (®)
where %; 1At 9 and Xy s ref are the mean updates of the active and reference policies, re-
spectively. This simplifies to a Euclidean distance between drifts, directly regularizing the
velocity field. Finally, combining these terms, the policy is updated by maximizing the
objective:

max Jcrro(8) = Laip(0) — E;[BDxr(me(- [9i) || mree(- | 41))]- 7)
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Figure 2. Overview of Flow-Multi, a multi-reward reinforcement learning framework incorporating
Pareto optimization and advantage masking.

To implement this optimization efficiently, we utilize Low-Rank Adaptation (LoRA). Instead
of updating the full weights W, we freeze the pre-trained parameters Wy and train low-rank
matrices A and B such that the effective weight becomes W = Wy + BA. This approach
allows us to adapt the heavy text-to-image backbone to complex reward signals with
minimal computational overhead.

3.2. Prompt Dataset and Grouping

For the input prompts, we adopt the GenEval [26] prompt set as our train-
ing/evaluation source. Each record in the metadata (train_metadata. jsonl) specifies
a natural-language prompt and structured constraints such as object classes, counts, col-
ors, and spatial relations (e.g., tag € {counting, colors, position, color_attr}; fields
include/exclude provide the target composition). We take the prompt string for genera-
tion and retain the structured fields to compute the compositional reward.

For each prompt g;, we generate a group of K=4 images {x;}X_; using our diffusion
policy (Sec. 3.3). In our default setting, each epoch uses P =48 prompts (mini-batches),
yielding N =P x K=192 images per epoch. Grouping by prompt is essential because both
our advantage estimation and our Pareto selection are done within the set {x;;}X | fora
fixed g;.

3.3. Flow-Matching Sampling with GRPO

We use a Stable Diffusion-3.5-medium model and perform sampling with a flow-
matching scheduler. Unless otherwise noted, we use S =10 sampling steps for training
(exploration), Seya1 =40 for evaluation, classifier-free guidance scale = 4.5, and 512x512
resolution. For a prompt g;, the policy 7y(- | ;) induces a per-step conditional Gaussian
transition; we log the per-step log-likelihood ratio to construct the PPO-style clipped
objective in GRPO (Sec. 3.7).

3.4. Reward Suite

Each generated image x; is evaluated by four metrics, which together form a 4D
reward vector
_ r.aesth _pref align _comp 4
R(xip) = [F5% rig o rig o rie ) € R,
Concretely,

e Aesthetic Quality (r2*'"): a learned aesthetic predictor score.

e Human Preference (rP*f): PickScore (CLIP ViT-H-14 with preference head).

e  Text-Image Alignment (r2118"): CLIPScore between the prompt and the image.

e  Compositional Compliance (+“°"'P): GenEval-style object/attribute/position/count
correctness, computed using the metadata (include/exclude) with a pretrained de-
tector.
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Stacking R(x;x) over all N images yields a matrix R € RN*4 per epoch.

3.5. Group-wise Pareto Non-Dominated Selection

Within each prompt group i, we consider the K reward vectors {R(x; ) }X_,. A sample
xX; , dominates x;; (denoted x;, < x;,) if it is no worse on all metrics and strictly better on
at least one:

R(xja) = R(xip) <= (Ra(xia) = Ra(xip) ¥d) A (3d: Ra(xia) > Ralxip)),
We mark each non-dominated sample with a binary mask

M 1, if x; is non-dominated within group i,
ik = .
0, otherwise.

Only the survivors {k : M;; = 1} enter the subsequent statistics and policy update. This
batchwise Pareto filtering preserves diverse trade-offs among the four objectives while
removing samples strictly inferior to others under the same prompt.

3.6. Scalarization and Survivor-Only Advantage (as implemented)

After group-wise Pareto filtering (Sec. 3.5), we form a single scalar reward per image
by a fixed weighted sum of the four metrics.This filtering step is crucial; unlike naive
scalarization which might favor samples that exploit a single reward while degrading others
(reward hacking), Pareto selection ensures that only solutions offering valid trade-offs
across all objectives contribute to the policy update. Let w = (w?sth, gpref galign gycomp)
be the weights from configuration (config.reward_fn); by default w; = 1. For each image
x; x we define

4
e = Y,

d=1
which matches the avg in our implementation.

Let M;; € {0,1} denote the Pareto non-dominance mask within each prompt group
(Sec.3.5),and let S = {(i,k) : M; =1 A valid(i, k)} be the set of surviving, valid samples
across the whole distributed mini-epoch (all processes). If S is empty, we fall back to a
single top-1 valid sample by r°™ to avoid degeneracy.

We compute global survivors-only statistics

Hs = L;I(; b, o = max(St{rgm™: (k) € S, €),
ik)eS

and define the advantage

b
s

A- —
i,k s

« M.

Thus dominated or invalid samples (M, = 0) contribute zero advantage. We do not
compute per-step advantages. For terminal-only rewards, we use a single scalar A; ; per
image and apply it to all stepwise log-prob terms; equivalently, we set A;; := A; for
notation/shape matching only.
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Algorithm 1 Flow-Multi with Pareto Masking (mini-batch)

Require:

7t : Online policy model (initialized from pretrained weights)
TTref - Reference model
Q :prompt batch

K': group size (default 4)
0t = a\/t/ (1 — t): noise schedule

to (Eq.(3): drift ; B: KL weight ; LoRA rank r; reward weights w € R* (default wd:%)

Ensure: updated policy 7ty (LoRA-only updates)
1: Initialize policy 71y (LoRA on Q/K/V/O); set reference 7,¢ < stopgrad(7tg)
2: forepoch=1,... do

3:

10:

11:

12:

13:

14:
15:
16:
17:

18:

4
5
6
7:
8
9

Sample a mini-batch of prompts {g;}"_; from Q

for each prompt g; do
Sampling (SDE rollout): generate K images {xi,k}11<<21 using (2)
Reward vector for each x;i: R(xX;x) = (Faesth, Tpref, Talign/ rcomp)

Group-wise Pareto non-dominated mask M; ; € {0,1} (83.5)
Scalarization r9™ = y4_| w(@r?) (§3.6)
end for

Gather survivors S = {(i,k) : M;, = 1 Avalid(i, k) } across devices; if S = @ then

fallback to top-1 by pcomb

Compute survivors-only stats ys,0s

comb __
Advantage (masked) A;; = % - M;
T . o meloiklan)
Compute likelihood ratios p; = EGTID]
PPO-style objective with Pareto mask (Eq. (8),83.7)
KL penalty to reference (stepwise or sequence): (Eq. (9),83.7)
Update 6 < 0 + 1 VyJcrro(0) > LoRA params only

Logging: Pareto keep ratio (Y x M;/ (P-K)), each reward mean/var, A stats, KL,

loss terms, learning curves

Periodically refresh reference 7t,¢ <— stopgrad(7y)

19: end for

3.7. GRPO with Pareto Masking

Let Pik =

70 (0ik14:)

(i) be the likelihood ratio for the sampled trajectory/action. The
(I

PPO-style clipped surrogate with Pareto masking is

£IEEe) = Ei[

K
T My k; min <Pi,k Ajje Mig, clip(pik, 1= €ctip, 1+ €clip) Aik Mi,k)} )

We also include a trust-region penalty toward a frozen reference policy 7T,

max Jcrro(8) = 55‘1?351((9) — Ei[B Dxu(mo(- [ 9i) || et (- [ 41)) ], )

where Dy, is computed from log-likelihoods (or, under equal-covariance Gaussian steps,

via a per-step closed form). In practice, we ascend on Jgrpo With €, and f tuned to

balance stability and exploration.

Implementation notes.

At each epoch we (i) sample N =192 images (48 prompts x 4 images), (ii) compute

the four rewards and build R € RN*4 (iii) apply groupwise Pareto to obtain {M;}, (iv)
compute survivor-only normalized advantages, and (v) update the policy with the masked
GRPO objective (8)—~(9). The Pareto keep ratio (3; M;x/N) is tracked to monitor how
selective the filtering is during training.
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4. Experiments

Table 1. GenEval image generation benchmark. Best and second-best scores are highlighted in blue

and green , respectively. All results are obtained from our own experiments under a unified

evaluation environment and identical hyperparameter settings, except for DALLE-2, DALLE-3, and

GPT-40, which are reported from official sources. For Flow-GRPO, we report the reproduced results

under our experimental setup using the same hyperparameters as the original paper, which differ

from the originally reported score (0.92 Overall).

Model | Overall | Single Obj. Two Obj. Counting Colors Position Attr. Binding
Diffusion Models
LDM 0.34 0.90 0.26 0.19 0.66 0.01 0.04
SD1.5 0.42 0.95 0.37 0.35 0.75 0.03 0.06
SD2.1 0.48 0.98 0.45 0.40 0.82 0.08 0.14
SD-XL 0.56 0.98 0.75 043 0.88 0.13 0.21
DALLE-2 0.52 0.94 0.66 0.49 0.77 0.10 0.19
DALLE-3 0.67 0.96 0.87 047 0.83 043 0.45
Autoregressive Models
Janus-1.3B 0.60 0.96 0.62 0.27 0.82 0.48 0.46
JanusFlow 0.63 0.97 0.55 043 0.85 0.55 0.42
Janus-Pro-7B 0.77 0.97 0.87 0.55 0.88 0.73 0.62
GPT-40 0.84 0.99 0.92 0.85 0.92 0.75 0.61
Flow Matching Models
FLUX.1 Dev 0.64 0.98 0.79 0.75 0.77 0.20 0.39
SD3.5-L 0.70 0.99 0.89 0.69 0.82 0.27 0.55
SANA-1.54.8B 0.78 0.99 091 0.80 0.87 0.60 0.54
SD3.5-M 0.70 0.99 0.89 0.69 0.82 0.27 0.55
Flow-GRPO* 0.72 1.00 0.90 0.73 0.82 0.30 0.59
Flow-Multi(Ours) 0.87 0.99 0.99 0.88 0.81 0.80 0.80

Table 2. Task performance and image-quality results on compositional generation, text rendering,
and human-preference benchmarks, evaluated using CLIPScore, ImageReward, and UnifiedReward.

Model Task Metric Image Quality Preference Score
GenEval CLIP Aesthetic DeQA ImgRwd PickScore UniRwd
Diffusion Models
LDM 0.34 0.19 5.06 3.35 -1.95 19.17 1.36
SD1.5 0.42 0.22 5.21 3.58 -1.48 19.78 1.58
SD2.1 0.48 0.24 5.45 3.66 -0.73 20.55 1.98
SD-XL 0.56 0.26 5.88 3.92 0.15 21.78 2.61
Autoregressive Models
Janus-1.3B 0.60 0.21 5.28 2.87 -1.08 19.86 1.50
JanusPro-7B 0.77 0.27 5.99 3.51 0.77 22.00 2.67
Flow matching Models
FLUX.1 Dev 0.64 0.27 6.26 4.35 1.03 22.87 3.34
SD3.5-L 0.70 0.28 5.96 4.18 0.95 22.77 3.24
SANA-1.54.8B 0.78 0.27 6.15 4.07 1.06 22.73 3.21
SD3.5-M 0.70 0.28 5.80 4.14 0.77 22.32 3.02
Flow-GRPO 0.72 0.28 5.63 3.93 0.73 22.16 3.03
Flow-Multi 0.87 0.28 5.86 4.15 0.76 22.23 2.95
A +0.15 0.00 +0.23 +0.22 +0.03 +0.07 -0.08

A denotes the performance difference between Flow-Multi and Flow-GRPO.

Table 1 presents the GenEval image generation results. Our method, Flow-Multi,
substantially improves upon the base SD3.5-M model, raising the overall score from 0.70
to 0.87 (approximately +26%). Under a unified evaluation environment, Flow-Multi also
outperforms the reproduced Flow-GRPO baseline (0.87 vs. 0.72 Overall), while achieving
consistently strong performance across all sub-tasks. In particular, Flow-Multi attains
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near-perfect accuracy on multi-object composition (Two Obj.: 0.99), significant gains in 2z
counting (0.88), spatial reasoning (Position: 0.80), and attribute binding (0.80), demon- 2
strating balanced improvements across diverse objectives. These results highlight the 23
effectiveness of multi-reward reinforcement learning in enhancing text-to-image alignment 2
beyond single-objective optimization. 225

As shown in Table 2, low-Multi achieves a more balanced trade-off between text-image 2
alignment and perceptual image quality compared to Flow-GRPO.While Flow-GRPO 27
improves alignment performance over the SD3.5-M baseline, this gain is accompanied by 2
a noticeable degradation in visual quality, with its Aesthetic score decreasing from 5.80 2
(SD3.5-M) to 5.63. This result suggests that optimizing a single alignment-oriented reward 2
can adversely affect perceptual fidelity. 21

In contrast, Flow-Multi not only substantially improves compositional understanding, 2
achieving a higher GenEval score (0.87 vs. 0.72), but also preserves—and in some cases 2
enhances—image quality. Specifically, Flow-Multi recovers the Aesthetic score to 5.86 2
and improves DeQA to 4.15, outperforming Flow-GRPO by +0.23 and +0.22, respectively, 2
as highlighted in the A row. These results demonstrate that the proposed multi-reward 2
optimization effectively mitigates the common trade-off between alignment and perceptual 23
quality, enabling robust improvements without sacrificing visual realism. 238

(a) Image Quality
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Figure 3. (a) Image quality metrics (Aesthetic, DeQA) remain stable across models. (b) Human
preference metrics (ImageReward, PickScore, UnifiedReward) improve after Flow fine-tuning.

Figure 3 compares the perceptual quality and human preference metrics of Flow-GRPO 23
and Flow-Multi. As observed in (a), Flow-GRPO tends to sacrifice image quality (lower 2o
Aesthetic and DeQA scores) in exchange for strict text alignment. In contrast, Flow-Multi  2a
effectively mitigates this trade-off, achieving higher Aesthetic and DeQA scores. This 2
improvement extends to (b) Human Preference metrics; Flow-Multi outperforms Flow- 2
GRPO in both ImageReward and PickScore. Although the UnifiedReward is comparable, 2
the consistent gains in aesthetic and preference scores confirm that Flow-Multi generates s
more visually appealing images while maintaining alignment. 246

Fig. 4. Qualitative comparison on compositional prompts. Flow-Multi accurately 2«
aligns multiple objects and reliably handles counting prompts (“two snowboards"), gen- s
erating the correct number of distinct, non-overlapping instances. It also preserves object 2
identity in challenging cases such as zebras and giraffes, and achieves strong color-attribute 2
consistency , showing improved compositional fidelity over prior SD-based models 251
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a Ph.o to of a stop a photo of two a photo of three a photo of four aphoto of a red
Model sign and a . orange and a
snowboards zebras giraffes

motorcycle purple broccoli

SD1.5
SD2.1
SD3.5-M
SDXL
FLUX
Flow-GRPO
Flow-Multi

Figure 4. Compared to other models, Flow-Multi outperforms SD-based baselines in color accuracy,

counting, and aesthetic quality.

Flow-Multi (Ours) SD3.5-M

Prompt: "A church with staied glass windows depicting a hamburger and french fries”

Figure 5. Qualitative comparison between Flow-Multi and SD3.5-M on DrawBench. Each prompt
block shows four sampled generations from each model. Flow-Multi demonstrates improved
text-image alignment and compositional consistency, while preserving visual fidelity across di-

verse samples.
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5. Conclusion

This paper identified fundamental limitations of conventional reinforcement learning
(RL) for text-to-image (T2I) generation, where collapsing multi-dimensional human prefer-
ences into a single scalar reward leads to brittle generalization and misalignment. Such
reward aggregation obscures inherent trade-offs among quality dimensions, resulting in
unstable optimization and biased alignment.

To address this issue, we proposed Flow-Multi, a multi-reward RL framework based
on flow-matching GRPO. Flow-Multi combines vector-valued rewards, group-wise Pareto
non-dominated sample selection, and advantage masking, enabling stable policy updates
and balanced optimization across multiple objectives without heuristic tuning.

Experiments on the GenEval benchmark demonstrate clear performance gains: Flow-
Multi improves SD3.5-M from 0.70 to 0.87, outperforming the single-reward Flow-GRPO
baseline (0.72). In addition to higher aggregate scores, Flow-Multi achieves consistent im-
provements in spatial reasoning and attribute binding, with human evaluations confirming
superior perceptual alignment.

Overall, this work establishes a principled framework for multi-objective alignment
in generative modeling. By reframing T2I alignment as a multi-objective optimization
problem, Flow-Multi provides a scalable alternative to single-reward RL and can offers a
strong baseline for aligning future large-scale multimodal generative models.
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