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Supplementary Material Structure

This supplementary document is organized as follows:

1. Section A elaborates on the limitations of the proposed
methodology, providing a detailed analysis.

2. Section B analyzes the diversity of images generated by
the method, both before and after incorporating the Cal-
ibri technique.

3. Section C explains the rationale behind the chosen re-
ward model, highlighting its impact on the system’s per-
formance.

4. Section D discusses the motivation for using the CMA-
ES approach as the parameter search method, justifying
its effectiveness.

A. Limitations

Our calibration coefficients selection method, Calibri,
leverages a reward model [6] as its objective function. Re-
ward models are trained to approximate user preferences for
generated images, which enables Calibri to optimize the se-
lection process effectively.

However, despite substantial advancements in reward
modeling in recent years, current reward models still ex-
hibit notable limitations. Specifically, they often demon-
strate insufficient sensitivity to generation artifacts such as
anatomical inconsistencies—examples include extra limbs,
distorted fingers, and other visually unrealistic features, as
illustrated in Figure 1.

These shortcomings in reward models can impact the
performance of Calibri, resulting in the selection of a sub-
optimal set of coefficients. Addressing these limitations is
crucial for further improving the robustness and overall ef-
fectiveness of the calibration process.

We anticipate that ongoing advancements in reward
modeling techniques will mitigate these issues and signif-
icantly enhance their sensitivity to such artifacts, ultimately
improving the performance of Calibri in future iterations.

B. Generation diversity

Optimizing diffusion models using reward models often
leads to a reduction in generation diversity, as highlighted
by recent findings [7]. Since Calibri employs a reward
model as its optimization objective, it is important to eval-
uate how this approach affects generation diversity. In Ta-
ble 1, we present a comparison of generation diversity be-
tween the original model (SD-3.5M) [1] and models opti-
mized by Calibri and Flow-GRPO [5].
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Figure 1. Limitations of modern reward models.

The results demonstrate that the generation diversity
of SD-3.5M with 40 inference timesteps remains compa-
rable to that of the model optimized by Calibri, which
achieves comparable diversity while requiring only 15 in-
ference timesteps. Importantly, despite its reduced infer-
ence time, the model optimized by Calibri exhibits signif-
icantly higher generation quality compared to the original
model.

In contrast, Flow-GRPO reduces generation diversity
from 0.20 to 0.15 and fails to accelerate inference time. Fur-
thermore, when Calibri is applied to the model already op-
timized by Flow-GRPO, it does not introduce any further
changes in generation diversity. This result underscores the
efficiency and robustness of Calibri in preserving diversity
while enhancing generation quality and reducing inference
time.

Table 1. Comparison of Generation Diversity for SD-3.5M [1]
Optimized by Calibri and Flow-GRPO [5].

Flow-GRPO  Calibri HPSv3 PickScore Q-Align Dino Diversity NFE

X 11.15 22.40 4.74 0.20 + 0.06 80
X X 9.5 22.04 4.51 0.25 +0.08 30
PickScore 12.47 23.13 4.91 0.20 +0.06 30
X 12.67 23.78 4.92 0.15 4+ 0.06 80
PickScore X 12.514 23.76 491 0.15 +0.05 30
PickScore 12.96 23.93 4.85 0.15 +0.05 30

C. Different Rewards

To evaluate the performance of Calibri across different ob-
jectives, we conducted experiments using various reward



Figure 2. Illustration of Calibri with different rewards as objective.

Table 2. Quantitative comparison of Calibri layer scale on Flux [4]
across different reward models.

Calibri HPSv3 IR Q-Align PickScore NFE
X 1141  1.15 4.85 22.88 30
HPSv3 1341 124 4.90 23.07 15
ImageReward 11.06  1.17 4.70 22.47 15
Q-Align 11.65 1.0 4.89 22.36 15
PickScore 13.34 1.2 4.89 23.24 15

models as optimization objectives. The results are summa-
rized in Table 2 and visually presented in Figure 2.

Calibration using the HPSv3 [6] reward model achieved
the most significant quality improvement across all metrics,
while the Pickscore [3] reward exhibited similarly strong
performance. Notably, we observed that calibrating with
the most effective reward model not only enhances the tar-
get metric but also yields substantial improvements across
other metrics. This indicates that Calibri is not designed as
a reward hacking method tailored to specific objectives, but
rather as a general-purpose technique for improving overall
generation quality.

D. CMA-ES vs gradient-based parameter
search

Gradient-based algorithms are commonly employed for
alignment of diffusion models via reward maximization.
However, their application to diffusion models presents
challenges due to the incompatibility of reward models with
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Figure 3. Comparison of CMA-ES and Flow-GRPO performance
in optimizing Calibri coefficients.

noisy latent spaces and generated images, necessitating re-
peated inference steps during the generation process for ac-
curate reward computation. A recent advancement, Flow-
GRPO [5], addresses this issue by reframing the diffusion
process as a Markov Decision Process (MDP), enabling
reward-driven training in such models. In this section, we
evaluate the performance of CMA-ES and compare it to
Flow-GRPO, while also providing additional analysis of
CMA-ES training dynamics.

To compare CMA-ES with Flow-GRPO, we trained Cal-
ibri with layer scale on FLUX using these two optimizers,
following the main experimental setup with evaluation dur-
ing training on the T2I-Compbench++ [2] test prompts. For
Flow-GRPO, we adopted the default hyperparameter con-
figuration provided for Flux [4]. The evaluation curves ob-
tained during training are shown in Figure 3 and demon-
strate that CMA-ES is substantially more efficient than
Flow-GRPO.

Additionally, we present detailed insights into CMA-ES
training dynamics in Figure 4. Our analysis indicates that
the Calibri coefficients converge effectively during training,
with optimization reaching a plateau as evidenced by the
stabilization of sigma and the stagnation of improvements
in the training curve. These observations suggest that train-
ing with CMA-ES can be terminated once this convergence
behavior is observed, optimizing computational resources
without compromising performance.
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Figure 4. CMA-ES algorithm optimizes Calibri coefficients for
layer scale FLUX.
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