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ABSTRACT

Diffusion models excel at generating images conditioned on text prompts, but the
resulting images often do not satisfy user-specific criteria measured by scalar re-
wards such as Aesthetic Scores. This alignment typically requires fine-tuning,
which is computationally demanding. Recently, inference-time alignment via
noise optimization has emerged as an efficient alternative, modifying initial input
noise to steer the diffusion denoising process towards generating high-reward im-
ages. However, this approach suffers from reward hacking, where the model pro-
duces images that score highly, yet deviate significantly from the original prompt.
We show that noise-space regularization is insufficient and that preventing reward
hacking requires an explicit image-space constraint. To this end, we propose
MIRA (Mltigating Reward hAcking), a training-free, inference-time alignment
method. MIRA introduces an image-space, score-based KL surrogate that reg-
ularizes the sampling trajectory with a frozen backbone, constraining the output
distribution so reward can increase without off-distribution drift (reward hacking).
Across SDv1.5 and SDXL, multiple rewards (Aesthetic, HPSv2, PickScore), and
multiple public datasets (e.g., Animal-Animal, HPDv2), MIRA achieves > 60%
win rate vs. strong baselines while preserving prompt adherence; mechanism plots
show reward gains with near-zero drift, whereas DNO drifts as compute increases.
We further introduce MIRA-DPO, mapping preference optimization to inference
time with a frozen backbone, extending MIRA to non-differentiable rewards with-
out fine-tuning.

1 INTRODUCTION

Text-to-image (T2I) diffusion models excel in generating high-fidelity images from textual prompts,
yet aligning them to specific human preferences remains challenging (Liu et al., [2024). Inference-
time alignment has emerged as a practical alternative to fine-tuning, enabling model alignment with-
out retraining billions of parameters. Although inference-time alignment is well studied in LLMs
(L1 et al.} 2025} (Chakraborty et al., [2024), the diffusion setting is still evolving. A promising direc-
tion is noise optimization (Tang et al.| 2024} \Guo et al., 2024), which adjusts the injected starting
noise to steer the denoising sampling path toward desired outcomes.

Why noise optimization for inference-time alignment? Other inference-time alignment methods,
such as Best-of-/V (Nakano et al., |2021) and controlled denoising (Singh et al [2025), generate
multiple candidates and select the one with highest reward. Akin to an unguided search, they rely
on the chance that a high-reward solution exists within a random batch of samples. If the chance
of generating a high-reward image is low, these approaches are highly inefficient. In contrast, noise
optimization is like a guided search process (see Figure [T). It uses the reward gradient to navigate
in the initial noise space, steering the generation process toward more desirable images. By treating
noise as a parameter to be optimized, it can generate rare high-reward images that Best-of- N would
likely miss. This approach provides a more powerful mechanism for alignment, but its increased
flexibility to optimize rewards also introduces the challenge of reward hacking.

The problem of reward hacking. Noise optimization can exploit flaws in the reward model and
produce high-scoring images that ignore the user’s prompt. This is a symptom of reward hacking.
For example, in Figure 2| we prompt the model with “generate an image of a spider.” Although
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Figure 1: Sampling-based methods vs noise optimization. (a) Best-of-/NV draws many indepen-
dent samples from the base model and picks the best. When the (high-reward region) in the
image space has low probability density, most samples fall elsewhere and Best-of-/V is not efficient.
Noise optimization, in contrast, shifts the noise distribution so generation is steered toward the high-
reward region without large N. (b) Trade-off: Best-of-V has lower hackability (semantic drift) but
also lower flexibility (ability to steer outputs). Whereas DNO has higher flexibility but is prone to
hacking, our method, MIRA, maintains flexibility and greatly reduces hackability.

the state-of-the-art DNO (Tang et al., 2024) generates an image with high reward (Aesthetic Score),
the image does not depict a spider. By design, noise optimization pushes the diffusion model to
generate images it normally would not produce, altering the output distribution. Reward models
are trained to evaluate only the original types of images. On these new, out-of-distribution samples,
their judgment becomes unreliable and their flaws can be exploited; this leads to reward hacking.
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Figure 2: Illustrating reward hacking in inference-time alignment of diffusion models.

(a) Given the prompt “generate an image of a spider” and a preference for better aesthetics (Aes-
thetic Score (Schuhmann et al.| 2022))), we observe the state-of-the-art (Direct Noise Optimization)
achieves high reward yet no longer follows the prompt, an example of reward hacking. In contrast,
our images have better aesthetic quality and do not suffer from reward hacking; hence, our reward
is lower. (b) We obtain Aesthetic Score and win rate results (against base SDv1.5) on the Animal
dataset (Black et al) 2023). We remark that MIRA (bottom) significantly outperforms the SoTA
(top) in average win-rate, effectively mitigating reward hacking despite lower average rewards. We
use GPT-40 (Hurst et al.| 2024)) as the win-rate judge.

From key insight to MIRA. While previous work (Tang et al.,[2024) limits the size of noise updates,
our analysis (Fig. [3] Prop.[I) shows that this is not enough; even small changes to the input noise
can cause large, unpredictable changes in the final image. Our key insight, therefore, is that we must
directly constrain the output distribution, keeping it similar to what the base model would normally
produce. To this end, we propose MIRA (MlItigating Reward hAcking), a method that implements
this control using a novel and efficient upper-bound surrogate for KL divergence, derived from the
model’s score functions. This penalty discourages large deviations between the images produced
from the original noise (zo) and the optimized noise (z), thereby preserving prompt adherence. To
extend this framework to the common challenge of non-differentiable rewards, we also introduce
MIRA-DPO, which optimizes directly from preference feedback to handle black-box objectives.

We summarize our main contributions as follows:
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(1) A practical image-space regularizer for inference-time noise optimization, derived from a prin-
cipled, score-based surrogate for KL divergence.

(2) A mechanism analysis demonstrating that reward hacking corresponds to distributional drift,
quantitatively validated using both our surrogate and CMMD.

(3) An inference-time extension to pairwise preferences, MIRA-DPO, that adapts the DPO frame-
work to frozen-backbone inference-time noise optimization.

On SDv1.5 and SDXL, across rewards (Aesthetic Score, Brightness, Darkness) and preference sets
(Simple Animals, Animal-Animal, Animal-Object, HPDv2), MIRA achieves head-to-head win
rates typically > 60% while reducing reward-hacking artifacts.

2 RELATED WORK

Diffusion model alignment via fine-tuning. Fine-tuning is a common alignment strategy, with
methods employing techniques like reinforcement learning, preference optimization, and regression-
based objectives (Prabhudesai et al.| 2023} |Clark et al.| [2024; Black et al., 2023} [Fan et al.| |2024;
Deng et al., 2024} (Wu et al., 2024bj L1 et al., 2024b; [Wallace et al., 2024; Yang et al., 2024; |Lee
et al., 2023 |Gu et al.l 2024} [Yuan et al., 2024). For a comprehensive survey, we refer the reader to
(Uehara et al.,2024)). However, the high computational cost of these approaches motivates the need
for more efficient inference-time methods.

Inference-time alignment methods. More flexible and computationally efficient are inference-
time alignment techniques. These include sampling methods like Best-of-N (Nakano et al.|, |[2021),
various forms of guidance (Dhariwal & Nichol, 2021; [Song et al., 2021bj Wu et al., [2024aj |Dou
& Songl 2024 (Cardoso et al., [2023; [Phillips et al., 2024} L1 et al., |2024a}; [Naesseth et al., [2019;
Yu et al.l [2023), and trajectory steering methods (Song et al., |2023 [Uehara et al.| 2025bja}; |Singhal
et al., 2025; [Kim et al., [2025; [Singh et al [2025). An orthogonal and promising direction is noise
optimization. While amortized approaches like Golden Noise (Zhou et al.l 2025)) learn a static
noise mapping offline, our work focuses on instance-specific optimization to allow plug-and-play
alignment without prior training. Previous work in this instance-specific category has focused on
improving prompt fidelity (using cross-attention maps (Guo et al.l 2024) or auxiliary knowledge
graphs (Xie & Gong| 2024]))) or has proposed noise-space regularization to counteract reward hacking
(Tang et al., [2024; [Eyring et al.l [2024). Despite these advances, reward hacking remains a notable
challenge for existing noise optimization methods, which we aim to address in this work.

3 PROBLEM FORMULATION

A frozen conditional diffusion model py (-|c) generates an image by progressively denoising an initial
noise sample x7 ~ N (0, I) over T steps to produce an image x¢. For a given prompt ¢ and noise z,
the goal of inference-time noise optimization is to minimize:

L(Z,C) = *Exor\zp@(ﬂz,c) [T(I'Oacﬂv (D
where (-, ¢) is a reward function. Equationis solved with gradient descent:

Zp+1 ¢ 2k — aV L(zk,¢), learning rate o > 0, 2)

with initial (¢ = T') noise 2o ~ N'(0,I). However, this simple reward maximization approach suffers
from reward hacking (Chen et al.| 2024; Miao et al., [2024a)), often generating high contrast, overly
saturated, or unnatural images that score highly while appearing unrealistic (as shown in Figure [2)).

Noise-space regularization is insufficient. Existing methods address reward hacking by regular-
izing the input noise vectors (Tang et al., 2024). However, this noise-space regularization is funda-
mentally insufficient. The highly non-linear denoising process means that negligible perturbations
to the input noise (||z — zg||2 < €) can still produce substantially different images (Figure . We
formalize this insight as follows:

Proposition 1. Closeness in the noise space does not imply closeness in the diffusion-induced image
distribution py(-|z, c).

We prove Proposition [T] in Appendix [A.9} the KL divergence between image distributions is not
controlled by the distance between their input noises. The failure of noise-space constraints therefore
necessitates a new approach: regularizing the image distribution directly.
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Generalizing the formulation. For clarity, we present
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which operate on the full noise trajectory. Our proposed
solution, MIRA, is directly applicable to this general case.

4 PROPOSED APPROACH noise can yield markedly different im-
ages under the same prompt.

Our key idea. As established in Proposition [I] reward
hacking arises because noise optimization can cause the output image distribution py(-|z, ¢) to devi-
ate significantly from the base model’s unoptimized distribution pg(-|zg, ¢). To address this directly,
we introduce a regularizer that penalizes this divergence. This leads to the following loss for our
method, MIRA:

Lyvira(z,¢) == —r(zo,¢)  + Bdkr [po(xol2; ¢) || pe(wo|20, €)], 3)
——
Negative Reward (—1) Image Distribution Regularizer

where 8 > 0 is a hyperparameter controlling the regularization strength. The noise vector z is then
optimized by gradient descent: zpi+1 < 2z — @V, Lmmra(2k, ¢). However, a critical challenge is
that the KL divergence term in eq. (3) is intractable for high-dimensional images.

A practically feasible approach. To create a practical algorithm, we instead optimize a tractable
upper-bound surrogate derived from the model’s score functions s(-). Our final objective is:

T-1
Lymra(z, ¢) = —r(z0,¢) + /D’E[Z oflls(zelzo. )lI* = oF ||s(al2, C)IIQ} ; )
t=0
where o, denotes the variance schedule. This formulation effectively mitigates reward hacking
while being computationally feasible. We derive eq. (@) in Appendix [A.10]and outline the detailed
procedure in Algorithm[I] We provide a high-level overview of our method’s workflow in fig. ]
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Figure 4: Overview of our approach. The green block illustrates the standard diffusion process in
which a frozen diffusion model generates an image from an initial Gaussian noise. The red block
represents our enhancement: we evaluate the generated image according to some metric (Aesthetic
Score) and update the noise vector to minimize the MIRA loss. Our loss introduces an image-space
regularization term, ensuring the sampling trajectory remains close to the model’s original image
distribution and mitigating semantic drift. By iteratively applying this process over K steps, we
achieve effective inference-time alignment through noise optimization.
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Algorithm 1 Proposed Algorithm: MIRA (for differentiable rewards)

Require: Initial noise zg ~ N (0, 1), prompt ¢, reward function r, sampling process (e.g., DDIM)
G, optimization steps Kop, learning rate «, regularization hyperparameter 5 > 0

1: Initialize z + zg

2: ., Sp < Gg(z0,¢) // Obtain Sy =Y, 0?||s(z¢|20, ¢)||? (eq. @))
3ifork=1,..., Ky do

4 20,5 < Go(z,0) // Generate x; obtain S =", o?||s(x|z, ¢)||? (eq. (E]))
5: Lwra < —r(xo,¢) + B(So — 5) // Compute loss
6: z<+ z—aV,Lura // Update noise
7: end for

8: return z

4.1 A NOVEL EXTENSION TO NON-DIFFERENTIABLE REWARDS

MIRA is highly effective for aligning models with differentiable rewards. We now extend its core
principles to handle non-differentiable objectives which include many practical and challenging
alignment signals. For example, objectives such as JPEG compressibility (Black et al} [2023), At-
tribute Binding Score (Jia et al., [2024)), and Recall Reward (Miao et al., 2024b)) are often black-box
and cannot be optimized with gradient-based methods.

To address this, we introduce MIRA-DPO, which adapts the Direct Preference Optimization
(DPO) (Rafailov et al.| 2024) framework to our entirely inference-time, frozen-backbone setting.
This approach learns from preferences (z¥, x}), where ¥ is preferred over z{. The DPO frame-
work defines the probability of a preference using the Bradley-Terry model, which depends on a
ground-truth reward function r*. Framing this as a binary classification problem yields the negative
log-likelihood loss:

LMIRA-DPO = —E[loga (r*(xg’, ) —r*(xh, c))} . (5)

The crucial insight that connects this to our work is the relationship between the optimal reward
r* and the diffusion model’s probabilities. As shown in our full derivation (Appendix [A.11)), this
reward is equivalent to the regularized log-likelihood ratio:

7" (20, c) x E {k,g W(IOTZC)] o

po(xo:r|20,¢) |
This term is exactly the quantity MIRA seeks to regularize. However, this formulation presents a

familiar bottleneck; the log-likelihood ratio is intractable for diffusion models. To create a practical
algorithm, we thus approximate this term using our score-based KL surrogate, approximating 7* as:

T-1

(20, ¢) & ) of (Is(xelzo, o)1 = [Is(aelz, o)) ()
=0

which we use to optimize the loss in eq. (3). This allows MIRA-DPO to align with black-box
objectives at inference time while still constraining semantic drift. We provide the full derivation in

Appendix and the practical algorithm in Appendix

5 EXPERIMENTS
We evaluate three questions central to our method’s practicality:
¢ Q1: To what extent does MIRA mitigate reward hacking in noise optimization?

* Q2: How competitive is MIRA’s alignment with state-of-the-art noise optimization baselines?
¢ (Q3: How well can MIRA-DPO handle non-differentiable / black-box rewards?

In the following sections, we demonstrate that MIRA successfully mitigates reward hacking artifacts
while improving prompt fidelity (Q1). We show that this leads to a superior alignment with human
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preferences, achieving highly competitive win rates against state-of-the-art baselines (Q2). Finally,
we establish that our MIRA-DPO framework robustly handles challenging non-differentiable objec-
tives where gradient-based methods fail (Q3).

Experimental Setup: Models, Datasets, and Evaluation. We conduct experiments using two
primary base models: Stable Diffusion v1.5 (SDv1.5) (Rombach et al.| 2022) and SDXL (Podell
et al.| [2023). For each sample, we perform 50 optimization iterations. Within each iteration, we
use DDIM sampling (Song et al.| 2021a) with = 1, a guidance scale of 5, and 100 sampling
steps. We use this DDIM configuration for all backbones except SDXL-Turbo, for which we use the
default sampler with one step. We further restrict our main scope to noise optimization baselines;
sampling approaches (e.g., FK Steering, CoDe) are a promising and orthogonal line of work. Further
implementation details can be found in Appendix [A.]

To test generalization, we report results on the Animal dataset from DDPO (Black et al. [2023),
Animal-Animal and Animal-Object datasets from InitNO (Guo et al., |2024), and more complex
prompts from HPDv2 (Wu et al.,2023). We use the format: “generate an image of a [PROMPT],”
where [PROMPT] is drawn from the Animal dataset (Black et al.,2023)) for SDv1.5 and HPDv2 (Wu
et al.l[2023) for SDXL. For the reader’s reference, we include all Animal prompts in Appendix

We evaluate performance using head-to-head win rate, a standard metric in image genera-
tion (Kirstain et al.,|2023) measuring the percentage of prompts for which one method is preferred
over another. We choose this as our primary metric because reward hacking can inflate raw scores,
producing high-reward images that diverge from the prompt. Hence, while rewards alone are insuffi-
cient to reliably evaluate true model performance, win rates more directly reflect human preferences.
We compare our method with several key inference-time noise optimization baselines: DNO (Tang
et al.}[2024), DyMO (Xie & Gong, [2024), InitNO (Guo et al.,[2024)), and ReNO (Eyring et al.,[2024)).
We include reward values and CLIPScores in Appendix [A.4] Tables [2]and 3]

5.1 TO WHAT EXTENT DOES MIRA MITIGATE REWARD HACKING IN NOISE OPTIMIZATION?

In this section, we investigate whether MIRA can effectively mitigate reward hacking during
inference-time alignment of diffusion models, while maintaining high prompt fidelity. To this end,
we evaluate our approach against the state-of-the-art DNO (Tang et al.| 2024) using a range of
human-aligned reward models (Aesthetic Score (Schuhmann et al.|[2022), HPSv2 (Wu et al.l[2023),
PickScore (Kirstain et al., [2023))), and custom image brightness and darkness rewards. The latter
serve as stress tests to clearly visualize reward hacking behavior.

"Generate an image of a whale"” | Reward: Aesthetic Score "Generate an image of a fish" | Reward: PickScore

DNO |

Ours

DNO 9:imt

Ours &

Iteration 0 Noise Optimization Iterations Iteration 50 Iteration 0 Noise Optimizati i » Iteration 50

Figure 5: MIRA reduces reward hacking on four rewards (Aesthetic Score, PickScore, HPSv2,
Darkness). For each prompt, we show seed-matched images over 50 noise optimization iterations
for DNO (top row) and MIRA (bottom row). MIRA increases the target reward while preserving
prompt adherence and texture realism; DNO drifts toward oversaturation artifacts and loss of detail.
MIRA also improves over base SDv1.5 images (iteration 0), enhancing color richness.

Our experiments reveal a key observation. Although the state-of-the-art DNO (Tang et al.| [2024)
shows some effectiveness in aligning images with human-aligned reward functions, it exhibits clear
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patterns of failure cases, particularly in maintaining prompt fidelity. Despite noise regularization,
DNO can produce images with unnatural textures and lighting, leading to deviation from the prompt.
In contrast, MIRA achieves a better balance between reward optimization and semantic alignment.
As shown in Figure 5] MIRA produces visually coherent and accurate images across Aesthetic
Score, HPSv2, PickScore, and a custom image darkness reward. Optimizing for image darkness
most clearly illustrates reward hacking; DNO generates almost completely black outputs that
technically score highly but ignore prompt details (e.g., omitting the “white cat”’). MIRA mitigates
this kind of reward hacking, balancing high reward scores and alignment with key visual concepts.
We observe a similar pattern under the image brightness reward, with additional examples in Ap-
pendix [A.3} our findings collectively reinforce that MIRA reduces reward hacking.

To understand the mechanism behind these qualitative results, we analyze the distributional drift
during the optimization process. We measure this drift by computing a Monte Carlo approximation
of our score-based KL surrogate, averaged over all 45 prompts in the Simple Animals dataset over
five seeds. Due to the finite sample size, this estimate may exhibit sampling variance which can
result in small negative values when the true distributional drift is near zero.

3 Distributional Drift vs. Optimization Steps Reward vs. Distributional Drift
- 140 9.0
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Figure 6: Mechanism of MIRA’s effectiveness, averaged over the Simple Animals dataset. We
plot our score-based KL surrogate as a proxy for distributional drift. (a) During optimization,
MIRA’s drift remains near-zero while DNO’s grows significantly. (b) Sweeping the hyperparam-
eter S for MIRA reveals a stable trade-off, where a moderate value achieves a significant reward
increase with negligible drift.

Our findings in Figure[6h show that DNO’s average drift grows substantially with more optimization
steps, indicating that it consistently achieves high rewards by producing out-of-distribution images.
In contrast, MIRA’s average drift remains near zero. Furthermore, Figure @) illustrates the stable
reward-drift trade-off. This core finding is validated by the CMMD (Jayasumana et al.,2024) metric
measuring distributional distance. Comparing against a reference batch of 900 images (20 for each
prompt in the Simple Animals dataset) generated by base SDv1.5, CMMD strongly supports our
analysis. DNO exhibits a large distributional drift (CMMD of 0.281) while MIRA remains remark-
ably close to the base distribution (CMMD of 0.063, lower is better). Taken together, these results
provide a clear explanation for our method’s success: MIRA effectively increases rewards by find-
ing better images that remain faithful to the original image distribution, thus avoiding the semantic
degradation characteristic of reward hacking.

5.2 HOW COMPETITIVE IS MIRA’S ALIGNMENT WITH STATE-OF-THE-ART NOISE
OPTIMIZATION BASELINES?

Although reward metrics such as Aesthetic Score are commonly used to evaluate alignment, our
results in Section [5.1] provide evidence that reward values cannot reliably measure model perfor-
mance. We instead use pairwise win rate comparisons, using both GPT-4o |[Hurst et al.| (2024) and
human feedback to choose between two images generated from the same prompt. The GPT-4o0
evaluation prompt (Appendix [A.§) balances prompt adherence, visual realism, and overall reward
maximization.

Table[T|summarizes our results: MIRA demonstrates strong generalization and reduced reward hack-
ing, consistently outperforming all baselines across datasets. Even on challenging multi-subject
prompts (Animal-Animal and Animal-Object), it achieves win rates exceeding 50%. In direct com-
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. | Animal | Animal-Animal | Animal-Object
Comparison - - -
\ Aesthetic T Bright. Dark. 1 Aesthetic T Bright. 1 Dark. 1 \ Aesthetic T Bright. 1 Dark. 1

MIRA vs DDPO (Black et al.![2023} 60.00+£5.12 73.33+£5.21 83.33+2.90 | 57.58+£6.00 60.61+£5.96 83.33+4.27 | 54.86+6.00 68.06+7.10 81.254+5.53
MIRA vs Diff-DPO (Wallace et al.[2024) | 62.224+4.97 91.11+£1.99 93.33+1.22 | 66.67+6.59 81.8245.12 84.85+5.31 | 63.19+6.54 82.64+3.65 89.58+1.86
MIRA vs D3PO (Yang et al./[2024) 73.33+£4.61 87.64+3.72 84.44+6.55 | 63.64+£6.29 68.18+3.65 74.24+5.35 | 68.06+£5.35 77.78+£5.31 83.33£5.79
MIRA vs BoN (N=50) (Nakano et al.|2021} | 62.00£3.65 86.6643.30 90.33+3.85 | 62.124+2.43 71.214£5.75 92.424+2.22 | 54.8649.69 83.33+3.14 93.06+1.22
MIRA vs InitNO (Guo et al.|[2024} 61.114£3.37 72.2245.75 82.22+2.90 | 65.15+£3.98 78.79+5.07 83.33+3.30 | 57.64+6.40 84.03+5.35 80.56+5.75
MIRA vs DyMO (Xie & Gong!/2024] 53.89+8.52 68.89+6.78 68.89+5.12 | 56.06+£5.79 80.30+4.71 87.98+4.44 | 46.53+7.47 84.81+5.12 87.50+3.98
MIRA vs DNO (Tang et al.|[2024) 80.0042.22 77.78+6.74 64.44+7.13 | 77.27+4.18 57.58+5.12 66.67+5.79 | 68.06+1.86 77.78+5.96 71.53+5.58

Table 1: GPT-40 win rates (%) of MIRA against baselines across diverse datasets and objec-
tives. The table details head-to-head comparisons on the Animal, Animal-Animal, and Animal-
Object datasets for three reward functions (Aesthetic Score, Brightness, Darkness). On nearly all
settings, MIRA achieves win rates significantly above 50%, showing a consistent preference over
a wide range of state-of-the-art methods. Values indicate mean and standard error over five seeds.
Reward models are highlighted in yellow.

parisons with base SDv1.5, our win rates reach 90% (see Appendix [A.4] Table [I] and Figure [3),
grounding our method’s performance as substantial improvement over the unaligned base model.

For direct human feedback, we conducted a focused user study with 100 anonymous participants to
collect direct human feedback on SDv1.5 images optimized for Aesthetic Score using MIRA and
DNO. The ordering of image pairs is randomized, and additional study setup details are provided
in Appendix [A.1] As shown in Figure[7] participants prefer MIRA over DNO in more than 80% of
comparisons, providing evidence of stronger

. . . User Study Results vs State-of-the-Art
alignment with human intent. Y

Finally, to test scalability, we extend MIRA (sov15) (EDva.5)
to SDXL (Podell et all 2023) and SDXL-

Turbo (Sauer et al., 2024) backbones using the (o A
first 50 HPDv2 (Wu et al., [2023)) prompts, op-

timizing for HPSv2. In separate user studies, MIRA ReNO

we compare our method against leading alter- ~ (SPXLTurbo) (SDXLTurbo)
natives: DNO on SDXL and ReNO (Eyring . P ps P % 0

et all 2024) on SDXL-Turbo. As shown in Win Rate (%)

Figure [7] the results demonstrate a clear pref- Figure 7: Human preference win rates for
erence for our approach. MIRA achieves a MIRA vs. state-of-the-art baselines. The chart
55.75% win rate over DNO and a 63.35% win displays head-to-head win rates from three fo-
rate over ReNO. This win rate against ReNO cused user studies. Top: On SDv1.5 (optimiz-
is supported by qualitative examples (Appendix ing Animal prompts for Aesthetic Score), MIRA
[A3] Figure [2), where MIRA tends to produce achieves an 80.30% win rate against DNO. Mid-
more literal and detailed compositions on the dle and Bottom: On SDXL and SDXL-Turbo
SDXL-Turbo backbone. (optimizing HPDv2 subset for HPSv2), MIRA
achieves win rates of 55.75% against DNO and

In summary, the evidence presented in this sec- 63.35% against ReNO, respectively

tion provides a comprehensive answer to our
second research question. Through large-scale automated evaluations, MIRA consistently outper-
forms a wide range of both fine-tuning and inference-time baselines. This strong quantitative perfor-
mance is corroborated by focused human studies, where MIRA is preferred over the state-of-the-art
DNO by a 4-to-1 margin on SDv1.5 and also wins decisively on the more powerful SDXL and
SDXL-Turbo backbones. Together, these findings establish MIRA as a highly competitive method
for inference-time alignment.

5.3 HoOw WELL CAN MIRA-DPO HANDLE NON-DIFFERENTIABLE/BLACK-BOX REWARDS?

Many real-world alignment objectives, such as human preferences or perceptual metrics, are in-
herently non-differentiable and cannot be directly optimized using gradient-based methods. We
evaluate MIRA-DPO through both quantitative benchmarking and qualitative robustness tests.

Quantitative Evaluation (Aesthetic Score). We treat Aesthetic Score as a black-box reward. We
optimize for 50 steps on the Simple Animals dataset with 5 = 0.2 and average over five seeds. As
reported in Table 2] MIRA-DPO achieves a win rate of 63.56% over DNO. This validates that our
score-based surrogate effectively guides optimization even when exact gradients are unavailable.

Qualitative Evaluation (JPEG Compressibility). We further evaluate on the task of JPEG com-
pressibility (Reich et al., [2024; |Wallace, |1991), inherently non-differentiable due to rounding oper-
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Comparison | Aesthetic Score Win Rate (%) 1
MIRA-DPO vs. DNO (Hybrid-2) \ 63.56 £ 3.61

Table 2: Quantitative validation of MIRA-DPO. We compare MIRA-DPO against DNO’s Hybrid-
2 variant by treating Aesthetic Score as a non-differentiable reward. MIRA-DPO outperforms the
baseline, demonstrating the effectiveness of the score-based surrogate in the black-box setting.

ations. This objective creates a strong incentive for reward hacking by removing textures to lower
file size. As shown in Figure[8] the DNO baseline collapses the image into a nearly blank state to
minimize file size. In contrast, MIRA-DPO compresses the image while preserving the semantic
structure and core features of the prompt, demonstrating that our image-space regularization pre-
vents semantic collapse even under adversarial objectives.

"Generate an image of a blue pig" "Generate an image of a yellow rabbit"

- PEmEREnbnbn THARARR

|
393 KB 274 KB

-~ SN IR

430 KB 41 KB 460 KB 6.1 KB

Figure 8: MIRA-DPO preserves semantic content while optimizing a non-differentiable re-
ward. We compare MIRA-DPO with DNO on maximizing JPEG compressibility. We use prompts
“generate an image of a blue pig” (left) and “generate an image of a yellow rabbit” (right). While
DNO'’s output degrades into a nearly blank image to hack the file size metric, MIRA-DPO achieves
compression while retaining semantic coherence.

5.4 ABLATIONS AND ADDITIONAL EXPERIMENTS

In addition to win rate results shown in the above sections, we report the mean reward values for
all methods (including MIRA) across all Animal prompts in Appendix [A.4] Table 2] These val-
ues provide important context for interpreting trade-offs between reward maximization and prompt
adherence for each objective (Aesthetic Score, HPSv2, PickScore, brightness, and darkness). Fur-
thermore, we tune the hyperparameter 3 to balance the trade-off between reward maximization and
win rate. As shown in Appendix [A-6| Figure [6] increasing (3 systematically reduces reward scores
but improves CLIPScore (quantifying image-prompt alignment). These ablations reveal that low 3
tends toward reward hacking, whereas high [ overconstrains, leading to an under-optimized reward.

Efficiency Comparison with Sampling-Based Methods. Next, we compare MIRA to steering /
sampling-based methods such as FK Steering (Singhal et al.} [2025)) and CoDe (Singh et al |2025)),
matching MIRA’s runtime with those of each baseline. All sampling methods run with their default
configurations (SDv1.5 backbone) on one A100. For each method, we fix a single configuration,
measure its mean per-prompt runtime 7' on the Simple Animals prompts, and then run MIRA for
the same budget 7" on the same prompts. We report our head-to-head win rates for Aesthetic Score,
darkness, and brightness rewards. This serves as a stress test where sampling-based methods can be
sample-inefficient.

Comparison | Aesthetic Score Win Rate (%) 1 | Darkness Win Rate (%) 1 | Brightness Win Rate (%) 1 | Peak GPU Mem (GB) |
MIRA vs FK Steering (16 Particles) 57.78 75.56 73.33 20.55
MIRA vs DAS (8 Particles) 37.78 77.78 80.00 23.90
MIRA vs CoDe (N =20) 55.56 73.33 71.78 24.51
MIRA vs Best-of-N (N =50) 53.33 80.00 82.22 2.63

Table 3: Comparison against state-of-the-art steering/sampling-based methods with matched
wall-clock time budget. For each baseline, the table lists peak GPU memory usage of each
sampling-based method as well as MIRA’s head-to-head win rates on Aesthetic Score, darkness,
and brightness rewards. While MIRA’s peak memory remains constant at 8.97GB, most steering-
based competitors require over 20GB, highlighting a significant memory advantage for our method.
Under a matched time budget, MIRA demonstrates highly competitive performance, particularly on
brightness/darkness rewards where it consistently achieves win rates over 73%.
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Compositional Alignment on Diffusion Transformers. Finally, to demonstrate the generalization
of MIRA to Diffusion Transformer (DiT) architectures (Peebles & Xiel [2023)) and validate perfor-
mance on standardized benchmarks, we apply our method to the one-step PixArt-ao DMD (Chen
et al., 2023)). We utilize the T2I-CompBench (Huang et al.| [2023) suite to evaluate compositional
alignment across attribute binding, object relationships, and complex prompts. We optimize a com-
posite reward function (ImageReward, HPSv2, PickScore, CLIPScore) following the configuration
in [Eyring et al| (2024). As shown in Table 4 MIRA consistently improves over the base PixArt-«
DMD model across all metrics. This demonstrates that the score-based objective effectively gener-
alizes to DiT backbones and enhances compositional alignment.

Table 4: Compositional Evaluation on PixArt-a. We evaluate MIRA on T2I-CompBench (Huang
et al.| 2023)) using PixArt-« (Chen et al., 2023) DMD (diffusion model distillation), a DiT architec-
ture. MIRA consistently improves over the base model across all metrics, validating the method’s
robustness on modern backbones.

Attribute Binding Object Relationship
Model - - Complex 1
Color 1 Shape { Texture { Spatial T Non-Spatial 1
PixArt-a DMD 0.378 0.342 0.469 0.179 0.306 0.291
PixArt-a DMD + MIRA (Ours)  0.455 0.444 0.583 0.216 0.321 0.347

6 CONCLUSIONS AND LIMITATIONS

In this paper, we introduce MIRA, a distribution-regularized noise optimization method for
inference-time alignment of diffusion models that mitigates reward hacking. By reformulating noise
optimization as a constrained reward maximization problem, MIRA updates latent noise during sam-
pling to improve reward while adhering to the user’s prompt. Extensive experiments demonstrate
MIRA’s strong empirical performance, with head-to-head win rates typically exceeding 60% against
baselines. Our work establishes that the key to mitigating such reward hacking is to directly regular-
ize the output image distribution, which is more robust than prior noise-space constraints. Notably,
this insight is independently validated by concurrent work (Li & He} 2025)), which argues that high-
dimensional noise quantities lack the manifold structure necessary for robust modeling. MIRA
provides the first empirical realization of this principle in the context of inference-time alignment.

Limitations. MIRA adds moderate inference-time compute beyond normal DDIM/DDPM sam-
pling and relies on principled score-based surrogates, which may degrade on complex or out-of-
distribution prompts; a formal analysis of the surrogate’s theoretical tightness is an important direc-
tion for future work. While our score-based objective is sampler-portable, we focus our evaluation
on DDIM for compute parity as hyperparameters may vary by schedule. Improving MIRA’s effi-
ciency and combining it with sampling methods are left to future work.

7 ETHICS STATEMENT

This work introduces MIRA, a method for improving the alignment of text-to-image diffusion mod-
els at inference time. We have considered the ethical implications of our research in accordance with
the ICLR Code of Ethics.

* Human Subjects: Our research involved focused user studies with 100 anonymous online par-
ticipants to evaluate image preferences. The task was low-risk, involving viewing and selecting
between safe Al-generated images based on personal aesthetic preference and prompt faithfulness.
No personally identifiable information was collected, and the study was designed to be brief to
respect participants’ time.

* Intended Use and Misuse: The intended purpose of MIRA is to make generative models more
reliable and faithful to user intent, which is a positive alignment goal. By mitigating reward
hacking, our method reduces the likelihood of models producing bizarre or unintended artifacts.
However, like all powerful generative technologies, the underlying models can be misused for
creating harmful or misleading content. MIRA itself does not introduce new misuse capabilities

10
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but rather improves the control of an existing technology. We advocate for the responsible use of
generative models and the continued development of robust safety and alignment techniques.

* Bias in Models and Data: MIRA is an inference-time method that operates on pre-trained,
frozen-backbone models (e.g., Stable Diffusion). As such, it does not retrain or modify the un-
derlying model weights and will therefore inherit any social or demographic biases present in the
original models and their training data. Our work does not address these inherent biases, which
remains a critical and open area of research for the community.

8 REPRODUCIBILITY STATEMENT

To promote reproducibility, we provide detailed documentation throughout the paper. MIRA is
training-free and runs at inference time. The core mathematical formulations for MIRA’s KL sur-
rogate and MIRA-DPQO’s preference optimization are derived in App. and App. We
document all hyperparameters (optimization iterations, learning rate, sampler, DDIM steps, 7, CFG,
£) in §5|and App. We detail the exact GPT-40 evaluation prompt in App. and cite the ap-
propriate datasets for our prompts. Additionally, we describe the user study protocols in App.
We will release, upon acceptance, (i) source code, (ii) scripts to reproduce tables with fixed seeds.
Baselines are cited and run with public configs; hardware and runtime details are in App.

REFERENCES

Kevin Black, Michael Janner, Yilun Du, Ilya Kostrikov, and Sergey Levine. Training diffusion mod-
els with reinforcement learning. In ICML 2023 Workshop on Structured Probabilistic Inference
& Generative Modeling, 2023.

Gabriel Cardoso, Yazid Janati El Idrissi, Sylvain Le Corff, and Eric Moulines. Monte carlo guided
diffusion for bayesian linear inverse problems. arXiv preprint arXiv:2308.07983, 2023.

Souradip Chakraborty, Soumya Suvra Ghosal, Ming Yin, Dinesh Manocha, Mengdi Wang, Am-
rit Singh Bedi, and Furong Huang. Transfer g-star: Principled decoding for llm alignment. Ad-
vances in Neural Information Processing Systems, 37:101725-101761, 2024.

Junsong Chen, Jincheng Yu, Chongjian Ge, Lewei Yao, Enze Xie, Yue Wu, Zhongdao Wang, James
Kwok, Ping Luo, Huchuan Lu, and Zhenguo Li. Pixart-a:: Fast training of diffusion transformer
for photorealistic text-to-image synthesis, 2023.

Lichang Chen, Chen Zhu, Davit Soselia, Jiuhai Chen, Tianyi Zhou, Tom Goldstein, Heng Huang,
Mohammad Shoeybi, and Bryan Catanzaro. Odin: Disentangled reward mitigates hacking in rlhf.
arXiv preprint arXiv:2402.07319, 2024.

Kevin Clark, Paul Vicol, Kevin Swersky, and David J Fleet. Directly fine-tuning diffusion models
on differentiable rewards. In The Twelfth International Conference on Learning Representations,
2024.

Fei Deng, Qifei Wang, Wei Wei, Tingbo Hou, and Matthias Grundmann. Prdp: Proximal reward
difference prediction for large-scale reward finetuning of diffusion models. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 7423-7433, 2024.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis. Advances
in neural information processing systems, 34:8780-8794, 2021.

Zehao Dou and Yang Song. Diffusion posterior sampling for linear inverse problem solving: A
filtering perspective. In The Twelfth International Conference on Learning Representations, 2024.

Luca Eyring, Shyamgopal Karthik, Karsten Roth, Alexey Dosovitskiy, and Zeynep Akata. Reno:
Enhancing one-step text-to-image models through reward-based noise optimization. In A. Glober-
son, L. Mackey, D. Belgrave, A. Fan, U. Paquet, J. Tomczak, and C. Zhang (eds.), Advances in
Neural Information Processing Systems, volume 37, pp. 125487—-125519. Curran Associates, Inc.,
2024. URL https://proceedings.neurips.cc/paper_files/paper/2024/
file/e31bdeala93741c2157eea705dd219%9eb-Paper-Conference.pdf.

11


https://proceedings.neurips.cc/paper_files/paper/2024/file/e31bdea0a93741c2157eea705dd219eb-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/e31bdea0a93741c2157eea705dd219eb-Paper-Conference.pdf

Under review as a conference paper at ICLR 2026

Ying Fan, Olivia Watkins, Yuqing Du, Hao Liu, Moonkyung Ryu, Craig Boutilier, Pieter Abbeel,
Mohammad Ghavamzadeh, Kangwook Lee, and Kimin Lee. Reinforcement learning for fine-

tuning text-to-image diffusion models. Advances in Neural Information Processing Systems, 36,
2024.

Yi Gu, Zhendong Wang, Yueqin Yin, Yujia Xie, and Mingyuan Zhou. Diffusion-rpo: Aligning dif-
fusion models through relative preference optimization. arXiv preprint arXiv:2406.06382, 2024.

Xiefan Guo, Jinlin Liu, Miaomiao Cui, Jiankai Li, Hongyu Yang, and Di Huang. Initno: Boosting
text-to-image diffusion models via initial noise optimization. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 9380-9389, 2024.

Kaiyi Huang, Kaiyue Sun, Enze Xie, Zhenguo Li, and Xihui Liu. T2i-compbench: A compre-
hensive benchmark for open-world compositional text-to-image generation. Advances in Neural
Information Processing Systems, 36:78723-78747, 2023.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint
arXiv:2410.21276, 2024.

Sadeep Jayasumana, Srikumar Ramalingam, Andreas Veit, Daniel Glasner, Ayan Chakrabarti, and
Sanjiv Kumar. Rethinking fid: Towards a better evaluation metric for image generation. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 9307—
9315, 2024.

Zhiwei Jia, Yuesong Nan, Huixi Zhao, and Gengdai Liu. Reward fine-tuning two-step dif-
fusion models via learning differentiable latent-space surrogate reward.  arXiv preprint
arXiv:2411.15247, 2024.

Sunwoo Kim, Minkyu Kim, and Dongmin Park. Test-time alignment of diffusion models without
reward over-optimization. arXiv preprint arXiv:2501.05803, 2025.

Yuval Kirstain, Adam Polyak, Uriel Singer, Shahbuland Matiana, Joe Penna, and Omer Levy. Pick-
a-pic: An open dataset of user preferences for text-to-image generation. In Acvances in Neural
Information Processing Systems, 2023.

Kimin Lee, Hao Liu, Moonkyung Ryu, Olivia Watkins, Yuqing Du, Craig Boutilier, Pieter Abbeel,
Mohammad Ghavamzadeh, and Shixiang Shane Gu. Aligning text-to-image models using human
feedback. arXiv preprint arXiv:2302.12192, 2023.

Gen Li, Zhihan Huang, and Yuting Wei. Towards a mathematical theory for consistency training in
diffusion models. arXiv preprint arXiv:2402.07802, 2024a.

Tianhong Li and Kaiming He. Back to basics: Let denoising generative models denoise, 2025. URL
https://arxiv.org/abs/2511.13720.

Yafu Li, Xuyang Hu, Xiaoye Qu, Linjie Li, and Yu Cheng. Test-time preference optimization:
On-the-fly alignment via iterative textual feedback. arXiv preprint arXiv:2501.12895, 2025.

Yanyu Li, Xian Liu, Anil Kag, Ju Hu, Yerlan Idelbayev, Dhritiman Sagar, Yanzhi Wang, Sergey
Tulyakov, and Jian Ren. Textcraftor: Your text encoder can be image quality controller. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 7985—
7995, 2024b.

Buhua Liu, Shitong Shao, Bao Li, Lichen Bai, Zhiqiang Xu, Haoyi Xiong, James Kwok, Sumi
Helal, and Zeke Xie. Alignment of diffusion models: Fundamentals, challenges, and future.
arXiv preprint arXiv:2409.07253, 2024.

Yuchun Miao, Sen Zhang, Liang Ding, Rong Bao, Lefei Zhang, and Dacheng Tao. Inform: Mit-

igating reward hacking in rlhf via information-theoretic reward modeling. In The Thirty-eighth
Annual Conference on Neural Information Processing Systems, 2024a.

12


https://arxiv.org/abs/2511.13720

Under review as a conference paper at ICLR 2026

Zichen Miao, Jiang Wang, Ze Wang, Zhengyuan Yang, Lijuan Wang, Qiang Qiu, and Zicheng
Liu. Training diffusion models towards diverse image generation with reinforcement learning. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 10844-10853, June 2024b.

Christian A Naesseth, Fredrik Lindsten, Thomas B Schon, et al. Elements of sequential monte carlo.
Foundations and Trends® in Machine Learning, 12(3):307-392, 2019.

Reiichiro Nakano, Jacob Hilton, Suchir Balaji, Jeff Wu, Long Ouyang, Christina Kim, Christo-
pher Hesse, Shantanu Jain, Vineet Kosaraju, William Saunders, et al. Webgpt: Browser-assisted
question-answering with human feedback. arXiv preprint arXiv:2112.09332, 2021.

William Peebles and Saining Xie. Scalable diffusion models with transformers. In Proceedings of
the IEEE/CVF international conference on computer vision, pp. 4195-4205, 2023.

Angus Phillips, Hai-Dang Dau, Michael John Hutchinson, Valentin De Bortoli, George Deligianni-
dis, and Arnaud Doucet. Particle denoising diffusion sampler. arXiv preprint arXiv:2402.06320,
2024.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Miiller, Joe
Penna, and Robin Rombach. Sdxl: Improving latent diffusion models for high-resolution image
synthesis. arXiv preprint arXiv:2307.01952, 2023.

Mihir Prabhudesai, Anirudh Goyal, Deepak Pathak, and Katerina Fragkiadaki. Aligning text-to-
image diffusion models with reward backpropagation. arXiv preprint arXiv:2310.03739, 2023.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model. Advances
in Neural Information Processing Systems, 36, 2024.

Christoph Reich, Biplob Debnath, Deep Patel, and Srimat Chakradhar. Differentiable jpeg: The
devil is in the details. In 2024 IEEE/CVF Winter Conference on Applications of Computer Vi-
sion (WACV), pp. 4114-4123. 1EEE, January 2024. doi: 10.1109/wacv57701.2024.00408. URL
http://dx.doi.org/10.1109/WACV57701.2024.00408.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR), pp. 10684-10695, June 2022.

Axel Sauer, Dominik Lorenz, Andreas Blattmann, and Robin Rombach. Adversarial diffusion dis-
tillation. In European Conference on Computer Vision, pp. 87-103. Springer, 2024.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman, Mehdi
Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-5b: An
open large-scale dataset for training next generation image-text models. Advances in Neural
Information Processing Systems, 35:25278-25294, 2022.

Anuj Singh, Sayak Mukherjee, Ahmad Beirami, and Hadi Jamali-Rad. Code: Blockwise control for
denoising diffusion models. arXiv preprint arXiv:2502.00968, 2025.

Raghav Singhal, Zachary Horvitz, Ryan Teehan, Mengye Ren, Zhou Yu, Kathleen McKeown, and
Rajesh Ranganath. A general framework for inference-time scaling and steering of diffusion
models, 2025. URL https://arxiv.org/abs/2501.06848.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In Interna-
tional Conference on Learning Representations, 2021a.

Jiaming Song, Qinsheng Zhang, Hongxu Yin, Morteza Mardani, Ming-Yu Liu, Jan Kautz, Yongxin
Chen, and Arash Vahdat. Loss-guided diffusion models for plug-and-play controllable generation.
In International Conference on Machine Learning, pp. 32483-32498. PMLR, 2023.

Yang Song, Jascha Sohl-Dickstein, Diederik P. Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations. In Interna-
tional Conference on Learning Representations, 2021b. URL https://arxiv.org/abs/
2011.13456l

13


http://dx.doi.org/10.1109/WACV57701.2024.00408
https://arxiv.org/abs/2501.06848
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2011.13456

Under review as a conference paper at ICLR 2026

Zhiwei Tang, Jiangweizhi Peng, Jiasheng Tang, Mingyi Hong, Fan Wang, and Tsung-Hui Chang.
Inference-time alignment of diffusion models with direct noise optimization. arXiv preprint
arXiv:2405.18881, 2024.

Masatoshi Uehara, Yulai Zhao, Tommaso Biancalani, and Sergey Levine. Understanding rein-
forcement learning-based fine-tuning of diffusion models: A tutorial and review. arXiv preprint
arXiv:2407.13734, 2024.

Masatoshi Uehara, Xingyu Su, Yulai Zhao, Xiner Li, Aviv Regev, Shuiwang Ji, Sergey Levine, and
Tommaso Biancalani. Reward-guided iterative refinement in diffusion models at test-time with
applications to protein and dna design. arXiv preprint arXiv:2502.14944, 2025a.

Masatoshi Uehara, Yulai Zhao, Chenyu Wang, Xiner Li, Aviv Regev, Sergey Levine, and Tom-
maso Biancalani. Reward-guided controlled generation for inference-time alignment in diffusion
models: Tutorial and review. arXiv preprint arXiv:2501.09685, 2025b.

Bram Wallace, Meihua Dang, Rafael Rafailov, Lingi Zhou, Aaron Lou, Senthil Purushwalkam,
Stefano Ermon, Caiming Xiong, Shafiq Joty, and Nikhil Naik. Diffusion model alignment using
direct preference optimization. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 8228-8238, 2024.

Gregory K Wallace. The jpeg still picture compression standard. Communications of the ACM, 34
(4):30-44, 1991.

Luhuan Wu, Brian Trippe, Christian Naesseth, David Blei, and John P Cunningham. Practical and
asymptotically exact conditional sampling in diffusion models. Advances in Neural Information
Processing Systems, 36, 2024a.

Xiaoshi Wu, Yiming Hao, Keqiang Sun, Yixiong Chen, Feng Zhu, Rui Zhao, and Hongsheng Li.
Human preference score v2: A solid benchmark for evaluating human preferences of text-to-
image synthesis. arXiv preprint arXiv:2306.09341, 2023.

Xiaoshi Wu, Yiming Hao, Manyuan Zhang, Keqiang Sun, Zhaoyang Huang, Guanglu Song, Yu Liu,
and Hongsheng Li. Deep reward supervisions for tuning text-to-image diffusion models. In
European Conference on Computer Vision, pp. 108—124. Springer, 2024b.

Xin Xie and Dong Gong. Dymo: Training-free diffusion model alignment with dynamic multi-
objective scheduling. arXiv preprint arXiv:2412.00759, 2024.

Kai Yang, Jian Tao, Jiafei Lyu, Chunjiang Ge, Jiaxin Chen, Weihan Shen, Xiaolong Zhu, and Xiu Li.
Using human feedback to fine-tune diffusion models without any reward model. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 8941-8951, 2024.

Jiwen Yu, Yinhuai Wang, Chen Zhao, Bernard Ghanem, and Jian Zhang. Freedom: Training-free
energy-guided conditional diffusion model. In Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, pp. 23174-23184, 2023.

Huizhuo Yuan, Zixiang Chen, Kaixuan Ji, and Quanquan Gu. Self-play fine-tuning of diffusion mod-
els for text-to-image generation. In The Thirty-eighth Annual Conference on Neural Information
Processing Systems, 2024. URL https://openreview.net/forum?id=g3XavKPorV.

Zikai Zhou, Shitong Shao, Lichen Bai, Shufei Zhang, Zhigiang Xu, Bo Han, and Zeke Xie. Golden
noise for diffusion models: A learning framework, 2025. URL https://arxiv.org/abs/
2411.09502.

14


https://openreview.net/forum?id=q3XavKPorV
https://arxiv.org/abs/2411.09502
https://arxiv.org/abs/2411.09502

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 IMPLEMENTATION DETAILS

We demonstrate results of MIRA on multiple reward functions, including Aesthetic Score, HPSv2,
PickScore, and image brightness and darkness. The first three are human-aligned, whereas the last
two are useful for easily visualizing reward hacking. We set 8 = 0.2 for Aesthetic Score, 3 = 0.5 for
HPSv2 and PickScore, 5 = 1 for brightness, and 5 = 0.8 for darkness. For the single-step SDXL-
Turbo experiments (HPSv2), we set 3 = 0.05. For JPEG compressibility, a non-differentiable
reward, we use 5 = 1. HPSv2 and PickScore use ViT-H/14 as the backbone, and Aesthetic Score
uses ViT-L/14.

We implement MIRA with a learning rate of 0.01 and the AdamW optimizer in all experiments.
Our method runs on a single A100 Nvidia GPU. For DNO, we use noise regularization (i.e. PRNO)
unless otherwise stated. Other baselines use their default configurations.

User Study Details. We obtain these results from anonymous volunteers who respond using an
online form. We ask these participants: “Which of the below images would you personally pre-
fer getting given the above prompt (based on your personal trade-off between prompt faithfulness
and aesthetics)?” We adopt this from ReNO. Given side-by-side images (prompt-matched, order-
randomized), participants have the option to choose the left image, the right image, or neither/both.
In the case of the last option, we assign a score of 0.5 to that image pair. Due to computational
restrictions, we limit the number of participants to 100. We further limit the number of images to 50
to respect the participants’ time.

A.2 ALGORITHMS

For the reader’s reference, we provide our loss for non-differentiable rewards as follows. Given
prompt c,
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Algorithm 2 MIRA for Non-differentiable Rewards

Require: Initial noise z:(()l)7 z(()2) ~ N(0,TI), prompt ¢, reward function r, sampling process Gy,

optimization steps Ko, learning rate «, regularization hyperparameter 5 > 0

- Initialize z() « z(()l), 2 z(()z)
cfork=1,..., Ky do

1
2
3: xél) — Go(zM¢) // Generate images
4
5

x(()2) — Gy (2(2), c)

if r(x(()l), c) > T(Ié2), ¢) then // Choose preferred image; assign winner and loser

1 2
xﬁ(—xé)7m6<—xé)

2% ¢ 2D 2t 22

1 2
zfj’ezé),zé(—zé)

6: else ) )
g <—x(() )7:rf) <—xé)

2% 23 2 ()

2 1

zy z(() ),Zé — zé )

l

7: Lwmra-ppo < compute_loss(zy, xé, Y, 2t 2, z(l)) // Compute loss according to eq.

8  z¥ « 2% — aV.w LMIRA-DPO // Update noise vectors (also updating 2 and 2(2))
9: Zl — Zl — Oévzl,CMIRA_Dpo
10: end for

11: return z%
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A.3 ADDITIONAL QUALITATIVE RESULTS

Brightness and darkness reward hacking in MIRA vs DNO

Here, we show reward hacking on image brightness and darkness. We prompt the diffusion model
with “generate an image of a black [ANIMAL]” or “generate an image of a white [ANIMAL]”
respectively. The contrast between the prompt and the reward provides a clear visualization of
reward hacking.

"Generate an image of a black horse” | Reward: Image Brightness

Ny ’ ~ i \
\\ L4
4 Y
‘ \ b
\ A \ {‘ \
4 v ‘ Y 9
/ I
Step 0 L Step 50
Optimization Steps >

Figure 1: MIRA vs DNO in reward hacking. On the Image Brightness reward, we demonstrate that
MIRA is able to effectively mitigate reward hacking and generate better, more realistic images while
maintaining prompt fidelity, when compared to the state-of-the-art baseline on the same seed. In the
top row, after 50 optimization steps, DNO completely hacks the brightness reward and generates an
image that is overly white and unrealistic. In contrast, in the bottom row, MIRA is able to mitigate
reward hacking and produce much better images, while aligning with the target reward.
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Qualitative results: MIRA vs ReNO on SDXL-Turbo

In Figure[2] we compare our method (left) and ReNO (right) on SDXL-Turbo with identical prompts
and an HPSv2 objective. Under equivalent sampling settings, MIRA tends to produce cleaner, more
literal interpretations with stable composition and style consistency (e.g., large-scale scene layout,
totem-like geometry, and concept blending), whereas ReNO often introduces extra flourishes or al-
ternative readings. These examples math our quantitative trends that MIRA delivers stronger align-
ment than noise-only regularization.

MIRA (SDXL-Turbo) : ReNO (SDXL-Turbo)

A Wojak looking over a
sea of memes from a cliff
on 4chan

Link fights an octorok in a
cave in a Don Bluth-style
from The Legend of Zelda

Totem pole made of cats

Groot depicted as a flower

Figure 2: Qualitative comparison on SDXL-Turbo (left: MIRA, right: ReNO), optimized for
HPSv2. Prompts (top to bottom): “Wojak looking over a sea of memes from a cliff on 4chan,”
“Link fights an octorok in a cave in a Don Bluth style,” “Totem pole made of cats,” “Groot depicted
as a flower.” Across these cases, MIRA offers crisper compositions and more literal, prompt-faithful
structure (e.g., coherent large-scene layout, pole-like stacking, integrated concept depiction), while
ReNO reflects plausible but looser interpretations. Images are shown at equal inference settings for
both methods.
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A.4 ADDITIONAL QUANTITATIVE RESULTS

In this section, we present additional results comparing MIRA to baselines.
Win rates of all methods against SDv1.5

In Table[T|below, we present the win rates of several methods including MIRA against SDv1.5 using
Animal prompts. The results demonstrate that our method achieves the highest win rate in three
rewards: Aesthetic Score, brightness, and darkness. We also represent this in the bar plot diagram
in Figure 3] MIRA consistently outperforms baselines in win rates despite lower average rewards.

Method (vs SDv1.5) \ Aesthetic T Brightness 1 Darkness 1

DDPO 51.11 80.00 71.11
Diffusion-DPO 48.89 77.77 66.67
D3PO 53.33 71.22 71.11
BoN (V = 30) 5111 80.11 62.22
BoN (N = 40) 55.55 77.77 63.33
BoN (N = 50) 55.55 75.55 61.11
DNO 4222 75.56 66.67
Ours 60.00 91.11 88.89

Table 1: Win rates of all methods against SDv1.5. The table reports the percentage of pairwise
comparisons between all methods (including MIRA) vs SDv1.5 on three objectives: Aesthetic Score,
Brightness, and Darkness with GPT-40 as the judge. We sample Best-of-N (BoN) with base SDv1.5.
Across all objectives, our method consistently achieves higher win rates than SDv1.5. These results
demonstrate that our method not only outperforms previous baselines in terms of win rates over
various target objectives, but is also able to generate better images while more effectively optimizing
the target reward functions.

Brightness
Win Rate vs SDv1.5
Darkness
Win Rate vs SDv1.5

Aesthetic Score
Win Rate vs SDv1.5

s
QO QO QO ] & o] QO Q ] & o] QO QO ] &
N f Q S N L f Q S > L f Q s >
& .009 NG 9 S ) (\,0 Y Q O & .0(\9 Y Q O
& mmm Reward & mmm Reward & mmm Reward
o\(\ mmm Win Rate 6\6 mmm Win Rate 6\6 mmm Win Rate

Figure 3: Win rates (vs. SDv1.5) and average rewards across methods. We evaluate our method,
MIRA, on Aesthetic Score (left), brightness (middle), and darkness (right), comparing against
DDPO, Diffusion-DPO, D3PO, and DNO. MIRA consistently outperforms baselines in win rates
despite lower average rewards. Notably, higher rewards can indicate overoptimization, resulting in
lower win rates.
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Overall rewards across methods and reward functions. Table 2| presents the mean rewards of
images generated by different methods (including MIRA). Rewards are averaged across all images
generated from the Animal prompts.

Method \ Training Time \ Inference Time \ Aesthetic  HPSv2  PickScore Brightness Darkness
SDvl1.5 - 0.04 min 5.367 0.278 20.390 -0.123 0.087
DDPO 12h - 5.623 0.307 20.120 0.570 0.782
Diffusion-DPO 2h - 5.930 0.302 21.086 0.485 0.159
D3PO 24 h - 6.027 0.297 20.030 0.715 0.982
BoN (N = 30) - 0.9 min 6.044 0.318 21.404 0.006 0.329
BoN (N = 40) - 1.31 min 6.080 0.320 21.427 0.094 0.339
BoN (IV = 50) - 1.64 min 6.111 0.321 21.365 0.105 0.353
InitNO - 0.5 min 5.259 0.286 20.120 -0.041 0.113
DyMO - 0.85 min 5.720 0.322 21.220 0.320 0.008
DNO - 5 min 9.044 0.287 25.568 0.945 1.044
Ours - 5 min 5.646 0.285 21.161 0.805 0.894

Table 2: Overall rewards across methods and reward functions. The above table compares our
method with other baselines across various reward metrics and runtime. These rewards include
Aesthetic Score, HPSv2, PickScore, brightness, and darkness. The leftmost column contains all
methods. The second column (runtime) lists the approximate time needed to fine-tune or optimize
each method (for a single image). We note DDPO, Diffusion-DPO, and D3PO take several hours due
to fine-tuning. Though our method does not generate images with the highest rewards, we observe
higher rewards compared to SDv1.5 after just five minutes of optimization with less reward hacking
as discussed in the main paper. Inference times are measured using a single A100 GPU.

CLIPScores on the Simple Animals dataset. We optimize several key methods (including fine-
tuning methods) for Aesthetic Score on the Simple Animals dataset, evaluating CLIPScore as a
prompt fidelity check. We observe that strong reward gains may come with weaker prompt ad-
herence. Our method, MIRA, achieves the highest CLIPScore while remaining competitive on the
actual target reward. We emphasize that these results should not be considered in a vacuum, and
win rate is a more holistic metric.

Method \ CLIPScore Aesthetic Score
DDPO 24.898 5.623
Diffusion-DPO 25.340 5.930
D3PO 23.298 6.027
BoN (N = 50) 24.070 6.044
InitNO 24.555 5.720
DyMO 25.397 5.720
DNO 22.959 9.044
MIRA (Ours) 25.964 5.646

Table 3: Comparison of CLIPScores according to method used, optimizing for Aesthetic Score.
We report CLIPScores, measuring prompt fidelity, and Aesthetic Score for various methods. MIRA
achieves the best CLIPScore with comparable Aesthetic Score, whereas DNO achieves substantially
higher Aesthetic Scores at the cost of prompt adherence.

Hybrid feasibility (MIRA + FK Steering). We implemented a simple hybrid combining MIRA
with FK Steering to test complementarity. Concretely, we run multiple denoising trajectories in
parallel and, at periodic intervals, select the candidate that maximizes the MIRA objective. The
backbone remains frozen and configurations are fixed. This check is not wall-clock matched and
serves only as a feasibility probe. On Simple Animals (45 prompts), optimizing for Aesthetic Score
with 6 = 0.1, MIRA with FK Steering achieves a 55.56% win rate over FK Steering alone
(same backbone/GPU).

Trade-offs with compute. We examine how reward changes as we vary the sampling budget while
keeping the optimization procedure fixed. We sweep the number of DDIM sampling steps (NFE)
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and compare MIRA to DNO under the same backbone and guidance. If the reward for a method
increases significantly with additional sampling computation, this is indicative of reward hacking
rather than genuine improvement. As shown in Fig. [} DNO’s reward increases drastically with
more DDIM steps, whereas MIRA remains comparatively stable. This is consistent with MIRA’s
regularization that prevents the sampler from drifting toward high-score but unnatural solutions.

Reward vs. DDIM steps

- MIRA . T ‘
111 % pno _ . \ O
| 1 1
@ 10 N
—
o
@]
A 9
(@]
=
9 8q
= N
0 1
g5
6_
50 100 150 200 250

DDIM Sampling Steps

Figure 4: Reward vs DDIM Steps (sampling compute) on Simple Animals dataset. Mean
Aesthetic Score vs. number of DDIM sampling steps (7 = 1, same backbone/CFG; optimization
iterations fixed). DNO’s reward grows steadily with more steps, a hallmark of reward hacking;
MIRA stays nearly flat (slight decline), indicating robustness to additional sampling compute. Error
bars show variability across prompts. The takeaway: extra sampling compute disproportionately
benefits noise-only optimization (DNO), while MIRA’s image-space regularization curbs this effect.

A.5 EMPIRICAL VALIDATION OF KL SURROGATE

To empirically validate the theoretical derivation of our score-based regularizer (Eq. 4), we con-
ducted a controlled experiment in a low-dimensional setting, as calculating the true KL divergence
in high-dimensional image spaces is intractable. We train a 1D UNet diffusion model (dimension 32,
no downsampling) on a standard Gaussian N (0, I) for 3000 steps using Adam with a learning rate
of 1073, We then optimize the noise over 50 steps with a learning rate of 0.1 to shift the generated
distribution toward a target mean of © = 2.5. At each step, we computed the “True KL” (approx-
imated by Kernel Density Estimation on 5000 samples) and our KL surrogate. We note that while
Kernel Density Estimation (KDE) provides a near-exact estimate in this 1D setting, it is infeasible
to apply in high-dimensional image manifolds due to the curse of dimensionality, necessitating the
use of our score-based surrogate.

As shown in Figure [5] we observe a strict monotonic correlation between our MIRA KL surrogate
(dashed blue) and the “True KL’ (solid red). The difference in absolute scale is expected due to
their mathematical definitions; the KL divergence integrates log-probability ratios (log %) whereas

our surrogate sums squared score vectors (||V log p||?). Crucially, this strong correlation persists
throughout the optimization process as the distribution changes. This confirms that minimizing our
score-based surrogate effectively minimizes the true distributional divergence, providing a stable
gradient signal regardless of the specific noise schedule encountered during inference.
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5Correlation: True Image KL vs. MIRA Surrogate
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Figure 5: Empirical validation of the MIRA surrogate on a 1D diffusion toy problem. We
compare the Data-Space “True” KL divergence (red, estimated via KDE) against our score-based
MIRA surrogate (blue) over the course of 50 noise optimization iterations. The strong monotonic
correlation confirms that our tractable score-based objective acts as a valid proxy for actual KL
divergence even as the distribution deviates significantly from the prior.

A.6 ABLATION ANALYSIS

Impact of 3 on CLIPScores and Rewards

We justify our choice of hyperparameter 3 by evaluating results across five different seeds, plotting
the mean curves for CLIPScore and reward against optimization steps. CLIPScore is a metric which
scores how well an image aligns with a given prompt. For our results, we use CLIPScore with a
ViT-L/14 vision backbone and optimize for image darkness. As shown in Figure [f]increasing 3 in
our method leads to lower rewards but higher CLIPScores. We note that “early stopping” would
yield higher CLIPScores but lower rewards.

A.7 ANIMAL PROMPTS LIST

We use the following set of Animal DDPO prompts.

cat dog horse | monkey | rabbit | zebra spider bird sheep

deer cow goat lion tiger bear raccoon fox wolf
lizard | beetle ant | butterfly | fish shark whale dolphin squirrel
mouse rat snake turtle frog | chicken duck goose bee

pig turkey fly llama camel bat gorilla | hedgehog | kangaroo
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Figure 6: Effect of different 5 on CLIPScores (left) and rewards (right). We obtain CLIPScores
and rewards for all entries in the animals list in Appendix Curves depict the average result of
five different seeds. The curves depict that lower 8 exhibits higher rewards but lower CLIPScore.

Higher (3 tends to inadequately optimize for the reward.

A.8 GPT-40 EVALUATION

We compute the win rate of generated images from our method and baselines, employing GPT-40
as the judge. The instruction prompt is as follows, where “PROMPT” and “TARGET REWARD”

are placeholders.

System Prompt

You are a helpful, impartial, and precise assistant tasked with evaluating two images based
on a given text prompt, a reward criterion, and specific quality guidelines. The text prompt
is: generate an image of a “PROMPT”. The reward criterion is: “TARGET REWARD.”
Please compare the two images and evaluate them based on the following:

Choose

AN W

1.

prompt.
L.

8.

In the end, only output 1 if the first image is selected, or else output 2, and nothing else.

Adherence to the text prompt: Assess which image better satisfies the intent of the
text prompt by being meaningful and directly relevant to the described subject. Do
not use the reward criterion to determine adherence to the prompt.

. Satisfaction of the reward criterion: Determine which image more effectively meets

the reward criterion.

the image that maximizes the reward without compromising adherence to the
With a lower priority, also ensure that:

The image does not have overly vibrant colors or extreme sharpening.

2. The lighting is balanced and natural.
3.
4. The image appears realistic and natural, avoiding being overly saturated, sharpened,

The lighting is softer and more diffused.

or monochromatic.

. Shapes and objects are not overly simplified, distorted, or stylized.
. The image is not completely white or black, unless explicitly required.
. Relevant textures are present, and the image is not overly simplistic or missing

essential details.
The composition is dynamic, creating a sense of energy and movement.
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A.9 PROOF OF PROPOSITION 1

Proof. To make our point that the change in the image distribution is unbounded with respect to the
change in initial noise, we consider a simple setting with z := x, er, ..., €1 ~ N (0, 021), and the
following random process

Tp—1 = 0z + €,

which holds from ¢ = T to 1. Now, applying the recursive relation starting from x7 = z, we can
write

rr—_1 = 0z + €1

rr_9=0xr_ 1 +er_1 =020y +Oep +er_y

T
2o =0T2+ Y 0  er_ppa. )
k=1

This implies that the mean of z is
E [zo]2] = 67 2, (10)
and variance of xg can be written as

T T
Var($0|z) — Var (Z 0k_1€T}c+1> — Z 92k—20_2

k=1 k=1
6?7 —1
=T (1)

and for simplicity we assume |#| > 1. From egs. and , we note that zg ~

2T .
N<9TZ, o2 902:11 . Suppose that we have two noises 21,22 ~ N(0,I). Hence, for two close

noise z; and zo, we can write

2T (p2
dra ) ] = 5y (1 = )" (12)

which holds from the closed-form expression of KL divergence between two Gaussian distributions.

From the above expression in eq. (12)), we note that the rate of change is controlled by the term

%, which is controlled by the norm of neural network parameter # which can be arbitrarily

large in practice. For example, 2 ~ 1380000 for SDv1.5.

O
A.10 DERIVATION OF THE PRACTICAL OBJECTIVE FOR DIFFERENTIABLE REWARDS
Here, we derive the score function approximation of our Lagrangian objective,
IMIRA (25 €) = By mpo(-2.0) [1(20, €)] — Bk [pa(zolz, ) || po(2o|20,€)]. (13)
We consider the dyg; term in eq.
W = dxy[po(zolz, ¢) || po(wol20,c)]. (14)
We need to show that we can minimize V by minimizing
T—1
W S Erp (e | 30 (Isarla,)I? = Istarlz, 1) | 15
t=0

with expectation over reverse trajectories 7.
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Proof. We start with eq. (T4) and write it as follows:

p0($0|2,0)] (16)

W =E, ~pi(.l2.c)| 1O .
0 Pe(lJ{ gp0($0|2070)

Note that dkr. [po(2o|z, ¢)||lpe(zolz0,¢)] < dxv[pe(T|2,c)||lpe(T|20,¢)], establishing an upper
bound. Although this trajectory-based bound is formulated in the context of stochastic processes
(SDEs), we note that the Probability Flow ODE (Song et al.l |2021b) induces identical marginal
distributions p;(x) at every timestep. Consequently, our score-based objective at the end of the
derivation (eq. (26)) relies only on these marginals and remains valid for deterministic samplers
(e.g., SDXL-Turbo, DDIM with n = 0) which share the same score function. Therefore,

W < W = E7~p9(<|z,c) [1ng9(7'|2’, C) - long(T|Z07 C)] . )

By linearity of expectation, this is
W = Errpo(lz.0) [logpg(ﬂz, c)] —Erpo()z0) [logpg(7|zo, c)] (18)

Let us focus on the term E. _,,, (.|-.¢) [log pe (7|2, ¢)], which we can expand as

T—1
]ETNW('|Z7C) [log po(7|2,¢)] = ETNpe('\z,c) [IOg H Po(Te|T 41, 2, C)‘| . (19)
t=0

We can expand eq. (T9) as

Erpy (2,0 [log o (7|2, c)]

. | S e = poin 2 0
= Lr~pp(¢2,0) og | €Xp _Z 2(7t2 H Jt\/ﬁ

t=0 t=0

llzs — po(x t+1>Z c) ||
:ETNPQ('|ZC[ Z 207

+ 1 20
ZogatF (20)

where 119 (+) is the predicted mean of the Gaussian at each step of the reverse process. We also know
that for a Gaussian distribution,

[s(elz, Ol = IV, log p(ae|2, ¢) || = [[Va, log po(xi|zis1; 2, ¢, 21
1 |xt_ﬂ9(xt+l?t+1az’c)|2)>
s(xe|z,c)|| = [|Vg, log | ——==exp | — , 22
Istader )l = [V, tox ( —— e - @
Ty — Ter1,t+1,2,c
Istaer )] = |- Z e 120 3)
0i
Replacing eq. (23) in eq. (20), we get
1 T-1 1
Erp,12.00[l0 T|z,¢)] = Erropy(-]2,c s(xt|z, ¢) + lo . 24
po(-1z,0) [log pa (7|2, ¢)] po(:| >[ ZII il ; s @
Applying eq. (24) to eq. (I7), we get
1 T-1
W R Eepre [Z Is(zelzo, ) = l1s(zolz, ) o ] es)
t=0

24



Under review as a conference paper at ICLR 2026

We can use eq. (23) in eq. (I3). Our final objective is

T-1

leRA(Za C) :Ezowpg(-\z,c) IZT‘(CE(), C)} - /BETNPQ(-lz,C) |: Z 01,? (”S(xt'ZO? C)”2 - ||S(xt|27 C)||2) .
t=
(26)
O
A.11 DERIVATION OF DPO OBIJECTIVE
We begin with our original objective,
max Jmra(z,¢) = max [Eompo(-2,0) [T(@0, )] = Bdke [po(wo|z, ¢) | pa(wolz0,0)]] . (27)
Let R(xo.7, ¢) be the reward along the whole sampling trajectory such that
’I“(],‘o, C) = EIl;TNpg('léL’o,Z,C) [R(xO:Ta C)] . (28)

This means

max Jumra (2, ¢) = max
z z

E zo~pe(-]z,c) [R(ZE();T, C)] - BdKL [p@ (SCO|Z, C) Hp9 (xO|ZOa C)]]

z1.7~po (+|T0,2,C)

=min |~E < py(lze)  [R(wor,c)] + Bdke [pa($0|zvc)|pa($ozo7c)]]
z z1.7~po (-|T0,2,¢)
. I p@("zvc)
= min __Exwpe(-\z,c) _]Exl:TNPG('lz,C) [R(zo.7,c)] — Blog pe('|Zo’C)H
=min (E, . (-|z,¢) IOgM - lE ~po (- ) [R(l‘o-T C)]
= | To~pol(-[2,c po('\zmc) 6 T1:7~Po(|T0,2,C A
. [ pe(lz,e) 1
< By o lee | log 22029 2 pego o) 29
_mzln_ @o:r~po (-] ’)_nge('IZo,C) 3 (zo:r, ) (29)
max Jmira (2, ¢) <min |Egy po)z,0) log — pg(-|z7ci —logZ(c)|,
z z : Z(C)pg(-|2’0,c) eXP(ER(fEO:TaC))
(30)
1
where Z(c) = Zp9(~|z0,c) exp(BR(xg:T,c)). 31)
o
. pe(-|z,c)
max JImira(z,¢) < min |:EIO:TNP9('|Z7C) log m —log Z(c)|, (32)
1 1
h | 2* = ——py(- —R(xp. . 33
where py(-|2",¢) Z(c)pe( |20, €) exp(ﬁ (xo.1,0)) (33)
max JImra(z,¢) < lein [dxL[po(xo.T|2,¢) || po(zo.7|2", )] —log Z(c)]. (34)

Since Z(c) does not depend on z, the minimum is achieved when the KL term is zero, which holds
when the two distributions are identical, i.e.,

1 1
po(zo:r|2", ) = mpe(l“o:ﬂzoa c) eXP(BR(JUO:T,C)) (35)

Taking the logarithm on both sides and rearranging the terms, we get

po(zo:7|2, C)

. 36
p@(xO:T|207C) ( )

R(zo.r,c) = Blog Z(c) + Blog
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This means, from eq. (28),
po(To.7|2,€)

37
po(zo.7|20, C) G

r($0a C) = Blog Z(C) + BEH:TNPB('\IO,Z,C) log

Assume that we have access to a dataset { (z(), :U(()l)), (2 xo ) c}Y |, where the generated image

x(()l) is preferred over xéQ). Under the Bradley-Terry model, the human preference distribution can
be written as:
w (1 2 exp(r (w ,€))
Pr(ag) = 2|20, 27, 0) = ) ; @
exp(r*(zg *, ¢)) + exp(r*(zg ', c))
=o(r*(z{”, ) — @, 0)). (38)

Framing the problem as binary classification, we have the negative log-likelihood loss as:

Lyrapro(z1, 23 ) = _Exglmpe(.wlhc)[IOgU( “(a) e) = (@, 0))]. (39)

&P ~po (123 )

Using eq. (37) in eq. (39), we get

Lymrappo (2,2, ¢) =
1) ,(1) (2) (2)
FASING A AN
—E o 1,1 loga ﬂE (1) (1) _(1) log pe( OT| ) —10g pe( ) .
zp " ~po (2" ) r~pol-lzg ",z ) pg(l‘( ) B (1) c) pa(:l:(Q) (2) ¢)
I82>~p9(-|2(2), ) ( )Npe( ‘$(2),Z(2),C) 0:T 0 ? 0:T 0 ?
(40)
Since we assume :c( ) xé ), we know z§ = a:él) and zl) := xéQ). We can rewrite eq. ii as
Lyvira-ppo (2", 2, )=
po(xgir|2", ¢) po(@p.r|2', ) D
B apo(127.0) 10g0<5Ez;%T~pe<-|za”,zw,c> {log po(einl7e) 8 polad o1 o)
26~po (|2 ) alr~po(-lah,2" ) 0:T1%0 > o ori=o)
which can be conceptually understood as the standard DPO loss, £ = —E[log o (7 — *!)]. Here, we

define the implicit, regularized MIRA reward 7 as the log-ratio of the noise-optimized and reference
model probabilities, which is practically realized using our score-based surrogate. Hence, this is our
formulation in the main paper.

Practically, we can use our score function surrogate.

By Jensen’s inequality,

po(zir|2", ¢ po(xh. |2, c
£M[RA_Dp0(Zw,Zl7C) < _10g0<ﬂE131T~p9('z“’,C) [log ( O‘Tl ) — log ( O‘Tl ) .

@b.p~po (|2 5c) po(agrlzd’s ) pe(ﬂ(}f):ﬂzf),c)
(42)
Therefore,
Lyira-vpo(2”, 2! ¢) < —10g0<5dKL [peo(zgirl2", ¢) || po(xtir|zg’, c)]
-~ B (el ) | polehrlzh, ) )
As we have shown previously in[A.T0] we can approximate the KL terms. Our final loss is
Lyra-ppo (2", Zl» ¢)
T—1
= 102 (BB v | 3 (Islallaf 9l = (el )
=0 (43)
T—1

BBy it [Z o? (Ils(alj2, O - ||s<xé|zhc>||2>]).
t=0
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