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Abstract

The new paradigm of test-time scaling has yielded remarkable breakthroughs in
Large Language Models (LLMs) (e.g. reasoning models) and in generative vision
models, allowing models to allocate additional computation during inference to
effectively tackle increasingly complex problems. Despite the improvements of this
approach, an important limitation emerges: the substantial increase in computation
time makes the process slow and impractical for many applications. Given the
success of this paradigm and its growing usage, we seek to preserve its benefits
while eschewing the inference overhead. In this work we propose one solution to
the critical problem of integrating test-time scaling knowledge into a model during
post-training. Specifically, we replace reward guided test-time noise optimization
in diffusion models with a Noise Hypernetwork that modulates initial input noise.
We propose a theoretically grounded framework for learning this reward-tilted
distribution for distilled generators, through a tractable noise-space objective that
maintains fidelity to the base model while optimizing for desired characteristics.
We show that our approach recovers a substantial portion of the quality gains from
explicit test-time optimization at a fraction of the computational cost. Code is
available at https://github. com/ExplainableML/HyperNoise.

1 Introduction

Recently, inference-time scaling has made remarkable breakthroughs in Large Language Models [24,
36, 78] and generative vision models, enabling models to spend more computation during inference
to solve complex problems effectively. Drawing from the success and growing usage of test-time
compute in LLMs, several methods have attempted to apply similar ideas in the context of diffusion
models for generation [6, 18, 55, 61, 62, 75, 82, 84, 86, 87, 91]. The goal of this process is to spend
additional compute during inference to obtain generations that better reflect desired output properties.

Diffusion model test-time techniques that optimize the initial noise or intermediate steps of the
diffusion process, often guided by feedback from pre-trained reward models [44, 50, 95, 96, 97, 101],
have demonstrated significant promise in improving critical attributes of the generated outputs, such
as prompt following, aesthetics, quality and composition [9, 18, 40, 55, 61, 62, 91]. These methods
generally fall into two broad categories: gradient-based optimization, which typically requires
substantial GPU memory for backpropagation through the full model [6, 18, 42, 62, 91], and gradient-
free optimization, which often necessitates a very large number of function evaluations (NFEs),
sometimes thousands, of the computationally expensive denoising network [40, 55, 87]. While

*Equal Supervision

Preprint. Under review.


https://github.com/ExplainableML/HyperNoise

Figure 1: The same initial random noise is used for the base generation and the initialization of noise
hypernetwork HyperNoise signi cantly improves upon the initially generated image with respect to
both prompt faithfulness and aesthetic quality for both SANA-Sprint and FLUX-Schnell.

both strategies can effectively boost output quality, they introduce considerable latency (exceeding
10 minutes for one generation), severely limiting their practical utility, particularly for real-time
applications. This is an instantiation of a global problem of test-time scaling methods that we seek to
tackle in this work. The core hypothesis of our work is whethés, possible to capture a portion of
test-time scaling bene ts by integrating this knowledge into a neural network during training time?

To address this, one might consider directly ne-tuning the diffusion model using reward sid@fals [
12,15, 49, 69, 83, 85, 107 or with Direct Preference Optimization (DPC)({, 41, 48, 72, 92]. The
objective here can be formulated as learninitad distribution (Equation 4), which upweights
samples with high reward while maintaining delity to a base model's distribution. These methods
are usually expensive to train due to the need for backpropagation through the sampling process.
Instead, one might consider directly ne-tuning a step-distilled generative model to learn this target
distribution. However, this approach typically involves a KL regularization to the base model that

is intractable for distilled models. An imbalance or poor estimation of this can lead to the model
"reward-hacking,'super cially maximizing the reward metric while signi cantly deviating from the
desired underlying data distribution, thus not achieving the genuine desired improvements.

In this work, we propose a different path to realize the bene ts of the target tilted distribution
(Equation 3), particularly for step-distilled generative models. Our core hypothesis is that instead
of modifying the parameters of the base generator, we can achieve the desired output distribution
by learning to predict an optimal initial noise distribution. We rst show that such an optiltead

noise distributionp] exists (characterized by Equation 5). When samples fronpghise passed
through the frozen generator, they naturally produce outputs that are distributed according to the
target data-space tilted distribution. To learn this tilted noise distribution, we introduce a lightweight
network,f , that transforms standard Gaussian noise into a modulated, improved noise latent. The



crucial advantage of this approach lies in its optimization objective. In particular, the regularization
term, a KL divergence between the modulated noise distribution and the standard Gaussian prior,
is de ned entirely in the noise space. We show that this noise-space KL divergence can be made
tractable and effectively approximated bylanpenalty on the magnitude of the noise modi cation.

This lightweight network forms the core of our approach, which we tdoise Hypemetworks. It
functions akin to a hypernetwork [26, 27, 35, 59, 67, 89, 99 as rather than generating the nal
image, it produces a speci ¢, optimized starting latent for the main frozen generative model. This
effectively guides the output of the base model without any changes to its parameters. Broadly, a
hypernetwork is an auxiliary model trained to generate crucial inputs or parameters of a primary
model. Ouf embodies this concept by learning to predict the optimized initial noise as input to the
frozen generator. Consequenthyr proposed approach is effectively training a Noise Hypernetwork

to perform the task of test-time noise optimizatioy learning to directly output an optimized noise
latent in a single step sidestepping the need for expensive, iterative test-time optimization.

Our practical implementation of the noise hypernetwork utilizes Low-Rank Adaptation (LoRA),
ensuring it remains parameter-ef cient and adds negligible computational cost during inference. We
apply our method to text-to-image generation, conducting evaluations with an illustrative "redness"
reward task to demonstrate core mechanics, as well as complex alignments using sophisticated
human-preference reward models. We demonstrate the ef cacy of our approach by applying it
to distilled diffusion models SD-Turbd’[], SANA-Sprint [11], and FLUX-Schnell. Overall, our
experiments show that we can recover a substantial portion of the quality gains from explicit test-time
optimization at a fraction of the computational inference cost. In summary, our contributions are:

1. We introduce HyperNoise, a novel framework that learns to predict an optimized initial noise for a
xed distilled generator, effectively moving test-time noise optimization bene ts and computa-
tional costs into a one-time post-training stage.

2. We propose the rst theoretically grounded framework for learning the reward tilted distribution
of distilled generators, through a tractable noise-space objective that maintains delity to the base
model while optimizing for desired characteristics.

3. We demonstrate through extensive experiments signi cant enhancements in generation quality
for state-of-the-art distilled models with minimal added inference latency, making high-quality,
reward-aligned generation practical for fast generators.

2 Background

Preliminaries. Recent generative models are based on a time-dependent formulation between a
standard Gaussian distributi@g pg = N (0;1) and a data distributior;  pgata - These models
de ne an interpolation between the initial noise and the data distribution, such that

Xt = Xo+ X1, (1)

where . is a decreasing and is an increasing function df2 [0; 1]. Score-based diffusior2p, 39,

43,79, 80] and ow matching 3, 51, 52 models share the observation that the proegssan be
sampled dynamically using a stochastic or ordinary differential equation (SDE or ODE). The neural
networks parameterizing these ODES/SDEs are trained to learn the underlying dynamics, typically by
predicting the score of the perturbed data distribution or the conditional vector eld. Generating a
sample then involves simulating this learned differential equation startingXgom po.

Step-Distilled Models. The iterative simulation of such ODEs/SDEs often requires numerous steps,
leading to slow sample generation. To address this latency, distillation techniques have emerged
as a powerful approach. The objective is to train a "student" model that emulates the behavior of
a pre-trained "teacher" model (which performs the full ODE/SDE simulation) but achieves this
with drastically fewer, or even a single, evaluation step(s). Prominent distillation methods such as
Adversarial Diffusion Distillation T 7] or Consistency Modelsol, 81] have enabled the development

of highly ef cient few-step or one-step generative models, like SD/SDXL-Turb® &nd SANA-

Sprint [L1]. In this work, we denote such a distilled generatorgoy The signi cantly reduced
number of sampling steps in these distilled models makes them more amenable to various optimization
techniques and practical for real-time applications, which is why they are the focus of our work.

Test-Time Noise Optimization Test-time optimization techniques aim to improve pre-trained
generative models on a per-sample basis at inference. One prominent gradient-based strategy is



test-time noise optimizatiors| 25, 42, 62, 84, 91]. Given a pre-trained generatgr (which could
be a multi-step diffusion or ow matching model), this approach optimizes the initial n@iser
each generation instance. The objective is to nd an improggethat maximizes a given reward
r(g (xp)), often subject to regularization and can be formulated as

xg = argmax(r(g (xo)  Reg(xo)); (2)

0

whereReg(xo) is a regularization term designed to keepwithin a high-density region of the
prior noise distributionpg, thus ensuring the generated sangléx3) remains plausible. ReNCQ §]
adapted this framework for distilled generatgrs enabling more ef cient test-time optimization
compared to full diffusion models. However, this per-sample optimization still incurs signi cant
computational costs at inference, involving multiple forward and backward passes, and increased
GPU memory. This inherent latency and computational burden motivate the exploration of methods
that can imbue models with desired properties without per-instance test-time optimization.

Reward-based Fine-tuning and the Tilted Distribution To circumvent the per-sample inference
costs associated with test-time optimization, an alternative paradigm is to directly ne-tune the
generative modey to align with a reward function. We consider the pre-trained base distilled
diffusion modelg , which transforms an initial noise samplg into an output sample = g (Xo).

The distribution of these generated output samples is the pushforwpggfy , which we denote
aspP@e= (g )]po. Giveng and a differentiable reward functiorix) : R ! R that quanti es the
preference of samples our objective is to learn the so callétied distribution

p(x) /1 pP*Yx) exp(r(x)): ®3)

This target distribution is de ned to upweight samples with high rewards urggrwhile staying
close to the originap®®gx). We would like to learrp’(x) by minimizing the KL divergence
Dk (p kp?). Here,p is the distribution generated by modifying the base process using trainable
parameters. e.g. could correspond to a ne-tuned version of This objective can be decomposed
such that

min Dic(p kp?) = min D (p kp®®9  E, , [r(X)]; @)

where we omit the normalization constantp3{x) which is constant w.r.t. (see Appendi?).
This objective encourages the learned maueio generate high-reward samples while regularizing
its deviation from the original base distributipffse

Challenges in Direct Reward Fine-tuning of Distilled Models Directly optimizing Equation 4

by ne-tuning the parameters of a distilled, e.g. one-sgepposes signi cant challenges. The

term DL (p kp°®9 requires evaluating the densitiespf andp®®€ For typical neural network
generators, these densities involve Jacobian determinants through the change-of-variable formula,
which are often intractable or computationally prohibitive to compute for high-dimensional&digta [
Previously, a line of work has analyzed ne-tuning DiffusidiB[ 85] and Flow matching]5] models

based on Equation 4 through the lens of Stochastic Optimal Control. However, this formulation relies
on dynamical generative models (SDESs) and its application to distilled models is not straightforward,
as these often lack the explicit continuous-time dynamical structure (e.g., an underlying SDE or ODE)
that these ne-tuning techniques leverage.

3 Noise Hypernetworks

Given the challenges in directly ne-tunirgy, we introduce Noise HypernetworkidyperNoise), a
novel theoretically grounded approach to lepfrfor distilled generative models. The core idea is to
learn a new distribution for the initial noisg,, such that samplek,  p,, when passed through
the xed generatog , produce outputs = g (Ro) that are effectively drawn from the target tilted
distributionp?(x) (Equation 3). Instead of modifying the parameters the base generator, we keep
g xed. This requiresp, to approximate an optimal modulated noise distributjg, This tilted
noise distributiopwhich precisely steerg to p?, can be characterized by (Appendix A.2)

Po(X0) /' Po(x0) eXp(r(g (xo))): (5)

To realize the modulated noise distributipg, we parameterize it using a learnable noise hyper-
networkf (with parameters). This network de nes a transformatidn that maps initial noise



Figure 2: lllustration of our proposed HyperNoise approach. During training, the LORA parameters
are trained to predict improved noises and are optimized by reward maximization subject to KL
regularization. During inference, the noise hypernetwork directly predicts the improved noise
initialization which is used for the nal generation.

samplexy  po to modulated sample, via a residual formulation such that
Ro=T (Xo0) = X0+ f (Xo): (6)

The distribution of these modulated sampleg, is thus the pushforward qgip by T , i.e.,
Po = (T )Ipo. We propose to train the parametersf the noise modulation netwofk by mini-
mizing the KL divergenc® «. (p,kpg). This can be shown to be equivalent to minimizing the loss

function
Lnoise( ) = Dku(Pokpo) By [r(9 (Ro)l: (7

Analogously to Equation 4, this objective encouraggqand thusf ) to produce initial noise
sampleXq that effectively steer the xed generatgr towards high-reward outputs The KL term
Dk (pykpo) regularizes this steering by ensuripgremains close to the original noise distribution
Po. Next, we show that in contrast to Equation4gise can be made tractable.

3.1 KL Divergence in Noise Space

The resulting KL divergence terBg, (pykpo) is derived in detail in Appendix A. The derivation
involves the change of variables formula, simpli cation of Gaussian log-PDF terms, and an application
of Stein's Lemma. This leads to the following expression for the KL divergence:

Dk (PoKpo) = Ex, pol3kf (X0)K?+ Tr(Js (xo)) logjdet(l + Jr (Xo))il; 8
whereJs (Xo) is the Jacobian df with respect tocg. LetE(A) = Tr(A) logjdet(l + A)j. Then

Equation 8 can be rewritten & (pykpo) = Ex, po[%kf (X0)k? + E(Js (X0))]. To simplify this
expression, we analyze the error telBfd; (X)) . The following Theorem provides a bound on this
term under a Lipschitz assumption bn.

Theorem 1 (Bound on Log-Determinant Approximation ErrofletA = J; (Xo) be thed d
Jacobian matrix of (Xg). Assuméd is L-Lipschitz continuous, such that its Lipschitz constant
L < 1. This implies that the spectral radiugA) L < 1. Then, the error ternE(A) =
Tr(A) logjdet(l + A)jis bounded by

JE(A)j d( log(1 L) L): 9)
See Appendix A.3 for the full proof. Theorem 1 shows that if the Lipschitz con&tanftf is
suf ciently small (speci cally,L < 1), the error termE(A)j is bounded. For small, log(1 L)

L L2=2, making the bound approximatetly >=2. Thus, the expected err&, p,[E(Jr (X0))]
becomes negligible if is kept small. Under this condition, we can approximate the KL divergence

with
DrL(Pokpo)  Exo polzkf (Xo)K°I: (10)



This approximation simpli es the KL divergence term in our objective to a computationally tractable
L, penalty on the magnitude of the noise modi cation(x ). Substituting it into our initial noise
modulation objective (Equation 7), we arrive at the nal loss to minimize

Lnoise( ) = Exo pol3Kf (x0)k?* r(g (xo+ f (xo)))]: (11)

Connection to test-time noise optimization.Our proposed method addresses the same fundamental
goal as Noise Optimization (Equation 2) of steering generation towards high-reward outputs while
maintaining delity to the base distribution. However, instead of performing iterative optimization for
each sample at inference time, we amortizes this optimization into a one-time post-training process.
By learning the noise modulation netwafrk, we effectively pre-computes a general policy for
transforming any initial noisgo. Consequently, steered generation with HyperNoise remains highly

ef cient at inference, requiring only a single forward pass throfigland therg .

Theoretical Justi cation via Data Processing Inequality. The KL divergence ternd . (py kpo) in

our objective (Equation 7) provides a principled way to regularize the output distribution in data space.
The Data Processing Inequality (DP1)J states that for any function, such as our xed genergtor

the KL divergence between its output distributions is upper-bounded by the KL divergence between
its input distributions. In our context, whepg = (T )]po is the distribution of modulated noise

R0 = T (Xo) andp®®se= (g )]po is the base output distribution, the DPI implies

DiL(Pokpo)  Dxi((9)Ipok(g )Ipo): (12)

Thus, by minimizingD k. (py kpo) in the noise space, we effectively minimizes an upper bound on
the KL divergence between the steered output distribu@pyip, and the original base distribution
p°2¢ This offers a theoretically grounded mechanism for controlling the deviation of the generated
data distribution, complementing the empirical reward maximization, even when direct computation
of data-space KL divergences (as in Equation 4) is intractable.

3.2 Effective Implementation

To implement Noise Hypernetworks ef ciently and ensure stable training, we adopt several key
strategies for the noise modulation netwérkand the training process, summarized in Algorithm 1.
Note that our training algorithm (Equation 11) does not require target data sampleg’frpi#re,

NOr Pgata - It ONly requires: (1) base noise sampkgs po, (2) the xed generatog , and (3) the
reward functiorr (). For conditionaf (xjc), it additionally requires the conditiores

Lightweight Noise Hypernetwork with  Algorithm 1 HyperNoise
LoRA. The noise modulation netwofk _
is instantiated by reusing the architecturel”

of the pre-trained generatgr and mak- _ /.= . =
ing it trainable via Low-Rank Adaptation 2: Initialize Noise Hypgrnetworlk ()= O through
LoRA weights applied on top ofy

(LoRA) [31]. The originalg weights are i -3

frozen, and only the LoRA adapter param-3: While trainingdo _

eters inf are learned. This approach is% ~ Sample nois&o N (0;1),c= ?
parameter-ef cient, reducing memory and>  iIf Cthen )

computational overhead as we only need: Sample condition cC .

to keepg in memory once. It also allows Predict modulated noisexo = f (Xo; ¢)

f to inherit useful inductive biases from & ~ Generat&; = g (xo +  xg;¢)

g 's architecture. For conditional mod- 9 ~ COMPUte LOS& ngise( ) = 2K Xok®  r(x1)
elsg (jo),f (xojc) can similarly leverage 10:  Gradientstepon L noise( ) .
learned conditional representations by apl eturn Noise Hypernetwork LORA weights
plying LoRA to conditioning pathways, e.g.

the learned text-conditioning of a text-to-image model.

Initialization. We initialize f such that its output () = 0. For LoRA, this is achieved

by setting the second LoRA matrix (often denotBd to zero. This ensures that initially
Ro=Xo+ f (Xo) Xo, makingp, po. This is crucial for training stability and supports the
validity of theL » approximation foD k. (pyjpo) (Equation 10) from the start of training. We modify
the nal layer off to output only the LoORA-generated perturbation, not adding to any frozen base
weights such that at initializatioh () = 0, which signi cantly stabilizes training.

Input: g (distilled generative Modely, (reward
fn), OptionalC= fc gl\; (condition dataset)




Figure 3: An illustrative example of optimizing for learning the tilted distribution with an image
redness reward. We show direct LORA ne-tuning of SANA-Spriht][in comparison to training

a noise hypernetwork with our proposed objective. Notably, when training with our objective, the
model optimizes the desired reward while staying considerably clogBf¥as showcased by the
model not diverging from the image manifold, unlike in direct LORA ne-tuning.

4 Experiments

Our experimental evaluation is designed to assess the ef cacy of our objective for the popular setting
of text-to-image (T21) models. We benchmark the noise hypernetwork against established methods,
primarily direct LORA ne-tuning of the base generative mod&?]| and investigate its capacity

to match or recover the performance gains typically associated with test-time scaling techniques
like ReNO [Lg], but through a post-training approach. To clearly delineate these comparisons, we
structure our experiments as follows: We rst present an illustrative experiment emploYiedress
reward". This controlled setting is designed to demonstrate the advantages of our training objective,
particularly its ability to optimize for a target reward while mitigating divergence from the base
model's learned data manifofif®s¢ Subsequently, we extend our evaluation to more complex and
practical scenarios, focusing on aligning generative modelshwithan-preference reward models

4.1 Redness Reward

We begin our evaluation with the goal of
learning the tilted distribution (Equation 3)
given a redness reward. This metric helps
showcase the potential underlying issue of
directly ne-tuning the generation model
g (a ne-tuned variant of the base model
g ). For this experiment, the redness re-
wardr (x) is de ned as the difference be-
tween the red channel intensity and the av-
erage of the green and blue channel inten-

sities:r(x) = x°  i(x!+ x?), wherex' _. .
denoteg t?]d}th colozr(channel)of the gener_Flgure 4: Trade-off between the redness reward objec-

ated images and is used to train the recentive and an image quality metric, ImageReward, for di-

SANA-Sprint [1] model, for full details rect ne-tuning and Noise Hypernetworks. As oppqsed
: ' to direct ne-tuning, our proposed method optimizes
see Appendix B.1. L2 X o .
. . _ the redness objective while not signi cantly dropping
The primary concern with directly ne-image quality as indicated by the ImageReward score.
tuningg to maximize a reward is the risk
of signi cant deviation from the original data distributiqis¢ This deviation can lead to a high



Table 1: Quantitative Results on GenEval Our Noise Hypernetwork combined with (1) SD-
Turbo [77] and (2) SANA-Sprint 0.6B 1], consistently improving results while maintaining 1-step
denoising, fast inference, and minimal memory overhead. Results from Refjl@rg greyed out to
provide a reference upper-bound in terms of applying optimization at inference.

Model Params (B) Time (s)# Mean" |Single’ Two" Counting" Colors" Position" Attribution "
SDv2.1[74] 0.8 1.9 0.50 | 0.98 0.51 0.44 0.85 0.07 0.17
SDXL [68] 2.6 6.9 055 | 0.98 0.74 0.39 0.85 0.15 0.23
DPO-SDXL [92] 2.6 6.9 059 | 099 0.84 0.49 0.87 0.13 0.24
Hyper-SDXL [73] 2.6 0.3 0.56 1.00 0.76 0.43 0.87 0.10 0.21
Flux-dev 12.0 23.0 0.68| 099 0.85 0.74 0.79 0.21 0.48
SD3-Medium [17] 2.0 4.4 0.70| 1.00 0.90 0.72 0.87 0.31 0.66
SD-Turbo [77] 0.8 0.2 049 | 099 051 0.38 0.85 0.07 0.14
+ HyperNoise 11 0.3 0.57 099 0.65 0.50 0.89 0.14 0.22

+ Prompt Optimization [4, 57] 0:8” 1150Y 0.59 0.99 0.76 0.53 0.88 0.10 0.28
+ Best-of-N [40] 0.8 10.0 0.60 | 1.00 0.78 0.55 0.88 0.10 0.29
+ ReNO [18] 0.8 20.0 0.63 | 1.00 0.84 0.60 0.90 0.11 0.36
SANA-Sprint [11] 0.6 0.2 0.70 | 1.00 0.80 0.64 0.86 0.41 0.51
+ HyperNoise 0.9 0.3 0.75 1.00 0.88 0.71 0.85 0.51 0.55

+ Prompt Optimizatio [4, 57])  0:6Y 1150" 0.75 0.99 0.91 0.82 0.89 0.36 0.56
+ Best-of-N [40] 0.6 15.0 0.79 | 0.99 0.92 0.72 0.91 0.53 0.65
+ ReNO [18] 0.6 30.0 0.81| 0.99 0.93 0.74 0.92 0.60 0.67
FLUX-schnell (4-step) 12.0 0.7 0.68] 0.99 0.88 0.66 0.78 0.27 0.48
+ HyperNoise 13.0 0.9 0.72 0.99 0.93 0.67 0.83 0.30 0.59

+ ReNO [18] 12.0 40.0 0.76 \ 0.99 0.94 0.70 0.86 0.39 0.65

Dk (p kpP2%9, wherep is the distribution induced by the ne-tuned modgl. Such a divergence

often manifests as a degradation in overall image quality or a loss of diversity, even if the target reward
(e.g. redness) is achieved. Figure 4 quantitatively illustrates this trade-off by plotting the redness
reward against a general image quality metric (ImageReward), comparing our Noise Hypernetwork
approach with LoRA ne-tuning, while Figure 3 visually corroborates these results.

4.2 Human-preference Reward Models

Implementation Details. We conduct our primary experiments on aligning text-to-image models
with human preferences using SD-Turb@’]; SANA-Sprint [L1] and FLUX-Schnell. Notably,
SANA-Sprint and FLUX-Schnell exhibit strong prompt-following capabilities competitive with
proprietary models, making them robust base models for our evaluations. For the reward signal
r( ) essential to our objective (Equation 11) and for the direct ne-tuning baseline, we utilize the
exact same composition of reward models proposed in RelS[xpnsisting of ImageReward{],
HPSv2.1 P9, Pickscore {4], and a CLIP-score. For the noise hypernetwork, we use a LGRA [
module on the base distilled model with the proposed initialization as described in Section 3.2.
Training for the noise hypernetwork is performed using ~70k prompts from Pick-a-Ridy2IRI-
Compbench train seBf], and Attribute Binding (ABC-6K) P1] prompts. Our evaluations of the
trained models are performed on GenE&i|[ ensuring that the training and evaluation prompts do

not have any overlap, measuring the generalization of the noise hypernetwork to unseen prompts. We
mainly compare HyperNoise with three different test-time techniques: Best-of-N samfliriaf],

ReNO [Lg], and LLM-based prompt optimizatiord.[57]. As detailed in Table 1, all of these incur

signi cantly increased computational costs at test-time, ranging fromt83%50« slower inference
compared to HyperNoise, making them impractical for large-scale deployment where ef ciency is
paramount. Full experimental details are provided in Appendix B.2.

Quantitative Results. We present our main quantitative results on the GenEval benchmark in Table 1.
Our Noise Hypernetwork training scheme consistently yields signi cant performance gains across
all model scales while maintaining near-baseline inference costs. When applied to SD-Turbo, our
method nearly recovers most of the improvements from inference-time noise optimization, achieving
an overall GenEval performance of 0.57 that even surpasses SDXL (whickx Inasr2 parameters

and 25 NFESs), clearly highlighting the bene ts from our noise hypernetwork training. With SANA-
Sprint, we observe consistent improvements (0.75 vs 0.70) over the base model, achieving the same
performance as LLM-based prompt optimization while being<3@@ter, and recovering about half of

the performance gains achieved by ReNO with minimal GPU memory overhead. Notably, we observe
similar trends for the larger 12B parameter FLUX-Schnell, where we again recover substantial
performance gains (0.71 vs 0.68) while maintaining the ef ciency advantages that make our approach



Figure 5: Qualitative comparison our proposed noise hypernetwork with popular distilled models
such as Flux-Schnell, SD3.5-Turbo, SANA-Sprint for 4-step generation. Both SANA-Sprint and
FLUX-Schnell share the initial noise for the base and HyperNoise generation.

practical for real-world deployment. The consistent ef ciency gains across model scales demonstrate
that our approach successfully amortizes the optimization cost during training, enabling high-quality
generation without the prohibitive test-time computational overhead of alternative methods.

Superiority over Direct Fine-tuning and Multi-Step Table 2: Mean GenEval results for
Generalization. In Tab. 8, we show the generalization 0§ ANA-Sprint highlighting generaliza-

our training on multi-step inference despite being trainéidn across inference timesteps of our
only with one-step generation. We obtain consistent iNeise Hypernetwork and failure of di-

provements over SANA-Sprint for one, two, and four stegct LORA ne-tuning.

generation. Notably, our model with one-step generation

noticeably outperforms SANA-Sprint with 4 steps. WeANA-Sprint [11] NFEs GenEval Meart

also illustrate how direct ne-tuning of the base modélne:step 1 0.70
. . . . . +LORA ne-tune [12, 69, 97] 1 0.67
with the samereward objective can lead to signi cantly: Hypernoise 2 0.75
worse results, highlighting the necessity of preventifngo-step 2 0.72
"reward-hacking” in a principled fashion. We visualizgLoRA ne-tune (12,6997 2 0.66
.. . L. HyperNoise 3 0.76
this in Appendix C.4, where we observe similar patteras " n 073
as previous works for reward-hacking [12, 49, 85]. +LoRA ne-tune[12,69,97] 4 0.62
+ HyperNoise 5 0.77

Qualitative Results. We illustrate examples of generated
images in Fig. 5 showing our method applied to both SANA-Sprint and FLUX-Schnell, alongside
comparisons to SD3.5-Turbo. Our noise hypernetwork demonstrates consistent improvements across
both base models. For SANA-Sprint, the improvements are substantial: we observe both correction of
generation artifacts and signi cantly enhanced prompt following for complex compositional requests.
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