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Fig. 1: Inference-time reward alignment results using our Noise-Tilted Reverse Kernels
(NTRK) across diverse reward-guided diffusion applications.

Abstract. We introduce the Noise-Tilted Reverse Kernel (NTRK), a
reward-guided diffusion sampler that injects reward gradients through the
noise term, leaving the pretrained reverse kernel unchanged and requiring
only a single sample per step. Reward-guided sampling at inference time
has greatly expanded the versatility of pretrained diffusion models. Yet ex-
isting methods face a trade-off. Gradient-based guidance shifts the reverse
mean, steering generation but pushing intermediate states outside the
region that the model was trained on and degrading quality. Search-based
methods preserve quality but gain no gradient signal. No prior method
achieves both. NTRK resolves this by keeping the reverse mean fixed and
biasing the noise term toward high reward. This is enabled by a whitening
operator, the central mechanism behind NTRK, which converts reward
gradients into noise-compatible perturbations without losing their guiding
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signal. Across various reward alignment tasks, NTRK outperforms recent
state-of-the-art baselines without losing sample quality. Remarkably, on
aesthetic generation, NTRK surpasses the reward of the best baseline at
500 NFEs using only 25 NFEs, a 20x reduction in compute.

Keywords: Noise-Tilted Reverse Kernel - Whitening Operator - Reward
Alignment - Inference-Time Scaling

1 Introduction

Inference-time scaling has become one of the most powerful levers for expanding
the capabilities of pretrained generative models, enabling alignment to user- and
task-specific preferences without costly retraining. In particular, diffusion models,
which underpin state-of-the-art image and video generation [4, 33,48, 64], are well
suited for inference-time scaling thanks to their iterative denoising process. When
preferences can be expressed as a reward function, this iterative procedure offers
a model-agnostic mechanism to reshape the sampling distribution toward high-
reward regions. As a result, reward-guided sampling at inference time has been
applied broadly, including deblurring [5,7,11,16,51,56,68], super-resolution [7,
8,56, 68], aesthetic image generation [28,41,69], spatial alignment [1,69], text-
image alignment [27,28], and controllable video generation [25,39,40,44,71]. As
illustrated in Figure 1, the same sampler can be applied across these diverse
reward-guided generation settings.

Behind all these applications lies the same question: how should each denoising
step be steered toward high-reward outcomes? Existing methods broadly fall
into two paradigms, distinguished by how they modify or utilize the reverse
Gaussian kernel. The first, mean-shifted gradient guidance methods, pioneered
by DPS [7], augment the mean of the reverse Gaussian kernel with reward
gradients, steering the trajectory toward high-reward regions. MCMC-based
and particle-based extensions further build on this principle [1, 28, 57,69, 70].
The second, search-based methods [27,36,41], draw K candidates from the
stochastic reverse kernel and select among them by a reward criterion such as
argmax or importance sampling, without gradients or kernel modification.

The two paradigms represent opposite ends of a fundamental trade-off between
gradient guidance and noise compatibility. Mean-shifted methods gain the former
but introduce a critical mismatch: adding reward gradients to the reverse mean
displaces sampled states outside the noise-compatible regime, the narrow region
where the pretrained model was trained to operate, with the displacement growing
as the gradient magnitude increases. This can drive intermediate states out-of-
distribution, degrade generation quality, and make optimization prone to reward
hacking [15]. Search-based methods preserve the latter but forgo gradient guidance
entirely, relying on random sampling to find reward-improving directions. To
the best of our knowledge, no prior method achieves both, and our work
addresses this gap.

To resolve this trade-off, we propose the Noise-Tilted Reverse Kernel (NTRK),
a drop-in alternative that leaves the reverse-kernel mean entirely unchanged
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Fig. 2: Typical vs. atypical noise. We show noise vectors (latent visualizations) and
the corresponding samples obtained when using them as injected noise. Typical noise
produces high-quality outputs, whereas atypical noise induces artifacts.

and routes reward information through the noise term at each step. The central
challenge is that any signal injected through the noise term must still be typical
Gaussian noise [22,23], a multi-faceted property encompassing norm concentration,
spatial uncorrelatedness, and collective Gaussian statistics. A raw reward gradient
is usually highly structured, carrying spatially correlated patterns and localized
features rather than the typical statistics of Gaussian noise; injecting it directly
through the noise channel produces atypical noise and again drives states out-
of-distribution, as illustrated in Figure 2. Inspired by whitening in statistical
learning [24,26], we introduce a whitening operator that processes the reward
gradient before injection, suppressing structured components incompatible with
the pretrained model while preserving the directional information of the gradient.
Whitening is therefore not an auxiliary step but the core mechanism of NTRK.
Accordingly, the effectiveness of reward alignment depends directly on the quality
of this whitening operator.

In our experiments, we demonstrate the effectiveness of NTRK, which can
also be combined with multi-particle strategies such as Best-of-N (BoN) [59].
Across aesthetic image generation, text-aligned image generation, VLM-based
reward alignment, and preference-aligned video generation, NTRK paired with
simple BoN outperforms recent state-of-the-art approaches that employ more
complex techniques such as trajectory rollback [70], particle filtering [27, 28, 36],
and initial-point search [69]. In particular, for aesthetic image generation, our
method surpasses the reward achieved by the state-of-the-art baseline with 500
NFEs using only 25 NFEs (i.e., 5%), while maintaining image quality.

2 Related Work

We review prior work on reward alignment for diffusion models at inference
time. Fine-tuning-based approaches include direct backpropagation [9,43| and
reinforcement learning [3, 14,45, 63]; we focus on inference-time methods that
operate directly on pretrained models without additional training, and can further
be applied on top of fine-tuned models [35,38]. We organize these methods into two
threads: methods that modify or exploit the per-step reverse kernel, summarized
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Table 1: Comparison of reverse-kernel guidance mechanisms. NTRK is the only
approach satisfying all three properties simultaneously.

Base Mean-Shifted Search-Based Hybrid Noise-Tilted

Examples — DPS [7] SVDD |[36] DAS [28] NTRK
Gradient guidance X v X v v
Pretrained-compatible v X v X v
Draws / step 1 1 K K 1

in Tab. 1, and methods for making reward gradients noise-compatible, which
underpin our whitening operator.

2.1 Reverse Kernel Methods

Rather than manipulating attention maps [6,17,18,31,42], which tend to be
task- and model-specific, we focus on methods that modify the reverse kernel
using a differentiable reward. A separate line that treats the injected noise as an
optimization variable [13,60] is covered below.

Mean-shifted reverse kernels. A foundational method in this line is DPS [7], which
incorporates reward information directly into diffusion sampling by shifting the
mean of each reverse kernel using gradients derived from the reward model via
Tweedie’s formula [47]. By leveraging the pretrained diffusion prior, this approach
can be applied to diverse tasks and has become one of the most widely adopted
frameworks for inference-time alignment. Numerous extensions have since been
proposed to improve sampling efficiency, accuracy, and applicability: FreeDoM [70]
incorporates additional Monte Carlo sampling, other works develop more advanced
solvers [16,51,56,57,65], and the framework has been extended to latent diffusion
models [49,50] and applied across image and video generation [1,10,32,34,68|.
As shown in Tab. 1, however, shifting the kernel mean pushes samples outside
the noise-compatible Gaussian regime that pretrained models are trained on.

Search-based methods. Rather than modifying the kernel mean, search-based
methods exploit the stochasticity of the reverse diffusion process by drawing
K candidates from the unmodified base kernel and selecting those with higher
rewards [41,46,55]. These methods trade additional computation for improved
sample quality while strictly preserving the native reverse kernel. SVDD [36] is a
representative example that selects the highest-reward sample at each denoising
step; RBF [27] improves efficiency by dynamically allocating the sampling budget
across timesteps. These methods remain noise-compatible but forgo gradient
guidance and require K draws per step.

Hybrid methods. A third group combines gradient guidance with multi-particle
sampling, gaining the directionality of gradient guidance and the diversity of
multiple draws. DAS [28] incorporates reward gradients within a Sequential Monte
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Carlo framework [12], and ¥-Sampler [69] additionally reshapes the initial particle
distribution toward the reward-aligned posterior. However, because these methods
still shift the kernel mean to inject gradient guidance, they inherit the noise-
compatibility issue of mean-shifted kernels. Across all three groups, no existing
approach simultaneously achieves gradient guidance and noise compatibility.

2.2 Noise-Compatible Perturbations

Our work addresses this gap with NTRK, which routes reward information through
the stochastic noise term rather than the mean and is the only approach satisfying
all three properties in Tab. 1. The central challenge is that the injected noise
must remain noise-compatible, a property more demanding than simply matching
a Gaussian norm [22,23]. Inspired by statistical whitening [24, 26], our whitening
operator processes the reward gradient into a noise-compatible direction before
injection.

Regularization-based methods. Several prior works have studied how to encourage
Gaussian typicality in vectors involved in diffusion inference, each from a different
context: earlier approaches apply norm-based regularization to keep optimized
noise or latent vectors near the Gaussian concentration shell [2,13,52|, while
DNO [60], MPGR [22], and StressDream [54] additionally regularize higher-
order spatial statistics alongside norm, in the respective contexts of noise-space
optimization, gradient guidance stabilization, and video world model steering. All
of these impose soft constraints for specific properties of Gaussian noise, however,
and cannot guarantee those properties.

Projection-based methods. WGNC [23] is the first to reframe noise compatibility as
a projection problem, directly mapping the reward gradient onto a white Gaussian
noise feasible set defined by hard blockwise norm constraints in the Fourier
domain. However, its hard equality constraints can distort noise that is already
noise-compatible. Our whitening operator upgrades this projection approach:
by replacing hard equality constraints with confidence-interval projections, it
strongly suppresses atypical structure while leaving genuine Gaussian noise nearly
unchanged; a detailed comparison is provided in the supplementary document.

3 Overview

We formalize the reward alignment problem and analyze design choices for the
per-step reverse kernel. The central question is how reward information can be
incorporated at each denoising step without violating the noise-compatible regime
that the pretrained model relies on.

3.1 Problem Definition

Given a pretrained diffusion model that maps a source noise distribution, py =
N(0,I), to a data distribution pg, our objective is to generate high-reward
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Fig. 3: Reverse-kernel guidance mechanisms. The green annulus indicates the
noise-compatible regime; blue dots show the induced sample distribution. Mean-shifted
guidance injects reward information by shifting the reverse mean, pushing samples
outside the noise-compatible regime. Search-based guidance preserves the base mean by
selecting the best among K candidate noise draws. NTRK also preserves the base mean
but constructs a single reward-tilted noise draw, achieving reward alignment without
leaving the noise-compatible regime.

samples x(, a task generally known as reward alignment. Formally, this objective
is formulated as finding a target distribution pf [30,61,62] such that:

po = arg max Eaqng [r(0)] — B Dxe [gllpo] (1)
which maximizes the expected reward r(xo) while the KL divergence prevents
deviation from the pretrained data distribution. The temperature S > 0 controls
this trade-off: smaller 8 produces stronger reward tilting, while larger 3 stays
closer to the pretrained distribution.

The optimal reverse kernel pj(a;—1 | ;) required to sample from this target
distribution can be approximated as follows:

Pi(@e1l@n) o< polai-fae) exp (Ve ) @)

where the exact value function Vi(a;) is intractable and is approximated using
Tweedie’s posterior mean [47]: Vi(x;) =~ 7(Zo)¢), where o), := E[zo | z;]. The
design of the per-step reverse kernel determines how this approximation is realized
in practice, and whether the resulting updates remain noise-compatible.

3.2 Diffusion Reverse Kernel

A diffusion model [19, 58] progressively denoises an initial Gaussian noise by se-
quentially applying a Markovian reverse kernel, modeled as a Gaussian transition
from x; to x4_q:

po(Ti—1 | ) = N (@i—1; po(xe, 1), 071). (3)

To generate a sample in practice, ;1 is drawn using the standard reparameteri-
zation trick:
Ti_1 :M9($t,t)+0t€t, €4 NN(O,I) (4)
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Since the reverse kernel is Gaussian, any valid transition between consecutive
latent states should have a standardized perturbation that behaves as standard

Gaussian noise: ( )
L1 — po(Tt, 1t
Mi=——"""" (5)
Ot
Under the base reverse process, 17y = €; holds trivially, so the standardized

perturbation is standard Gaussian noise.

3.3 Mean-Shifted Reverse Kernel [7]

For efficient reward alignment, first-order reward information can be injected
directly into the reverse transition by adding a reward gradient to the mean:

xi1 = po(Te,t) + MV, (Zo) + or€s, (6)

where €, ~ N (0, 1), \; > 0 is a guidance hyperparameter, and detailed derivations
are provided in the supplementary document. As illustrated in Figure 3, this
injects reward guidance by shifting the reverse-kernel mean while keeping the
injected noise term unchanged.

Despite its practical success, a closer look at the standardized perturbation
reveals a mismatch with the base reverse dynamics:

A .
Ny = € + ;:thr(mo|t)~ (7)

The added reward-gradient term in Equation (7) is generally structured, so the
standardized perturbation is no longer typical Gaussian noise assumed by the
pretrained reverse kernel. Consequently, repeated reverse updates can drift away
from the learned intermediate distributions.

3.4 Search-Based Reverse Kernel

To approximate the optimal reverse transition in Equation (2), search-based
methods draw K candidates from the base reverse kernel, all centered at the
pretrained mean:

o\ = g, t) + oel”, €Y ~ N(0,1), (8)

where ¢ = 1,..., K. As a representative search-based method, SVDD [36] selects
the candidate whose predicted reward score is highest:

1* = argmax r<:i:(()l|3571> , Ty = wgiz (9)

ie{l,...,K}

Reward information therefore appears through the selected stochastic perturba-
tion eim rather than through a deterministic mean shift. Search-based guidance
can thus be interpreted as an implicit form of noise tilting. However, when
high-reward samples lie in low-density regions of the pretrained distribution, this
strategy becomes inefficient because it requires a prohibitively large number of
samples. The goal of NTRK is to retain this mean-preserving view of search-based
guidance while replacing exhaustive sampling with a single, gradient-informed
noise draw.
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3.5 Noise-Tilted Reverse Kernel (NTRK)

Our key idea is to preserve the pretrained reverse mean pg (¢, t) and inject reward
information only through the noise, thereby avoiding the noise-compatibility
mismatch of mean-shifted kernels. Unlike search-based selection, which requires
drawing K candidates per step, our approach achieves this with a single noise
draw.

The remaining challenge is that a raw reward gradient is not typical Gaussian
noise: it often contains spatially correlated and localized structures induced by
the reward model and the current sample. Thus, simply moving the gradient from
the mean term to the noise term is not sufficient; the reward-gradient signal must
first be converted into a noise-compatible form. This requirement is precisely the
role of our whitening operator W, which maps the reward gradient to a whitened
reward direction; we define w; := W(Vg,7(Zop)).

To incorporate w; into the noise term while preserving the form of typical
Gaussian noise, we use a basic Gaussian mixing identity as a design principle: if
€1, € ~ N(0,I) are independent, then for any p € [0, 1],

VperL+/1—pe ~N(0,I). (10)

Since whitening makes w; noise-compatible, we define the guided injected noise
by mixing this whitened reward direction with unbiased Gaussian noise:

Et:\/,cTtwt—l—\/l—ptet, (1].)

where € ~ N(0,I) and p; € [0,1] controls the guidance strength. The first
term injects reward-gradient information through the whitened reward direction,
while the second term preserves unbiased Gaussian noise. Using Equation (11),
we replace the base sampling rule in Equation (4), resulting in our noise-tilted
reverse kernel:

L1 = l,llg(wt,t) + O'tgt. (12)

Most importantly, the standardized perturbation relative to the base mean

becomes

,r';loise — LTi—1 — ll’e(mtﬂt) —&. (13)

gt

The kernel is therefore noise-tilted: reward guidance is expressed through the
noise term rather than the mean, while the pretrained reverse-kernel structure
is preserved. Specifically, Equation (12) uses the same base mean pg(x,t) and
the same nominal noise scale o, as the pretrained reverse kernel in Equation (3).
This construction hinges on whitening: without it, the reward signal would still
enter the sampler as structured, atypical noise even though it appears in the
noise channel. In Sec. 4, we formalize the whitening operator YW that makes
noise-tilted guidance practical in high dimensions.

4 Whitening Operator

Our goal is to transform the reward-gradient signal used by NTRK into typical
standard Gaussian noise. Although N/(0, I) has nonzero density everywhere in RV,
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in high dimensions almost all probability mass concentrates on a narrow typical
region. Pretrained generative models are trained on trajectories whose injected
noise lies in this typical region; consequently, injected noise that drifts away from
it can act as an out-of-distribution input to the learned reverse dynamics. (See
Figure 2.) We therefore design a whitening operator W : RN — R that moves
the reward gradient toward typical standard Gaussian noise while preserving its
guiding direction for the noise-tilted kernel.

The typical set is difficult to characterize exactly in closed form. Instead,
we approximate it using a collection of high-confidence constraints induced by
known statistics of the standard normal distribution. Concretely, we precompute
99.99% confidence bounds and define W as a sequence of projections onto the
corresponding confidence sets. A key building block is a two-level order-statistic
projection (208S), which we describe next.

Two-level order statistics. Let © € RY be the vector to whiten and reshape it
into a tile matrix Y € RM*P (so N = M D). The 20S statistic is obtained by
sorting within each tile and then sorting across tiles at each within-tile rank:

Z = sortg (sort1 (Y)), (14)

where sort; sorts each row of Y and sorty sorts each column. Intuitively, Z
captures a ‘rank-of-rank” summary: Z, ; is the r-th smallest value among the
j-th order statistics collected from all tiles. For standard Gaussian noise, each
entry Z,; concentrates sharply, allowing tight confidence bounds for each (r, 7).

Confidence bounds for the 208 statistic. Fix a small probability level a (we use
a =107%) and let @ denote the cumulative distribution function (CDF) of the
standard normal distribution. For each tile rank r € {1,..., M} and within-tile
rank j € {1,..., D}, we compute the nested quantile bounds:

L, ;= ¢_1<Beta_1(Beta_1(%; rM —r+ 1); 4D —j+ 1)), (15)
U = @*1(Beta*1(Beta*1(1 S M—r+1);5,D—j+ 1)) (16)
These bounds specify a 1 — a confidence set for the doubly-sorted matrix Z:

Coos = {Y eRM*D . [, < (sorto(sortl(Y)))m <U,,, Vr,j}. (17)

208 projection via sort—clip—unsort. Given' Y, we compute Z as in Equation (14),
clip each element to its confidence interval

Z,-,j — min{Um' 7III&),X{LT,]‘ s Z,-J‘}}, (18)

and then invert the two sorting permutations to map the clipped Z back to
the original tile layout. We prove in the supplementary document that this
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Fig. 4: Effect of Y. As we apply the components of W to a structured latent (left to
right), it becomes more similar to typical Gaussian noise with more realistic samples.
For typical Gaussian noise, W(z) changes negligibly (two rightmost columns).

sort—clip—unsort operation equals the Euclidean projection onto Coos, and we
therefore call it the 20S projection.

The 20S projection prevents extreme values from concentrating in a few
tiles. Because clipping is applied to each rank pair (r,j) of the doubly-sorted
statistic, each tile contains a balanced spread of small-to-large values consistent
with typical standard Gaussian noise. This is the core mechanism by which
the operator suppresses localized structure and pushes the input toward typical
Gaussian noise.

The same principle is applied beyond raw vector values. We also apply 20S
projections to tile-wise mean and centered-energy statistics, which prevents a small
subset of spatial blocks from carrying unusually large bias or energy. In addition,
we repeat the projection pipeline in several orthogonally transformed domains,
so that structured correlations that are weakly visible in the value domain can
still be exposed and suppressed after a change of basis. These components are
complementary: value-level 20S controls the marginal distribution within and
across tiles, moment-level 20S controls blockwise statistics, and transformed-
domain projections capture nonlocal correlation patterns.

The full whitening operator W is composed of 20S projections applied to
various tile-wise statistics across multiple transformed domains, as described in
supplementary document. We visualize this progression in Figure 4. Since
all constraints are derived from 99.99% confidence intervals under the reference
distribution, typical standard Gaussian noise passes through with negligible
modification in practice (cosine similarity > 0.99999; see the two rightmost
columns in Figure 4), whereas structured inputs are substantially whitened into
noise-compatible directions.
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5 Experiments

In this section, we present experimental results demonstrating the effectiveness
of NTRK compared to prior baselines, with the experimental setup described
in Section 5.1. We first evaluate aesthetic image generation and text-aligned
image generation in Section 5.2 and Section 5.3, respectively. We then extend the
evaluation to preference-aligned video generation in Section 5.4. Finally, we show
that our method can also be applied on top of fine-tuned models in Section 5.5. In
the supplementary document, we provide (i) additional applications, including
counting tasks and VLM-based reward alignment, and (ii) alignment results using
a different diffusion model [4].

5.1 Experiment Setup

Tasks. We evaluate NTRK across three reward-guided generation settings: aesthetic
image generation, text-aligned image generation, and preference-aligned video
generation. For aesthetic image generation, we use 45 animal prompts from
previous work, DDPO [3]. For text-aligned image generation, we use 100 prompts
in complex category of T2I-CompBench++ [20]. For preference-aligned video
generation, we use 200 prompts from VBench [21] animal and scenery categories.

For image and video generation applications, we use FLUX [33] and Wan2.1 [64]
as the base flow models, respectively. In all experiments, we fix the sampling
steps to 25. As a reference, we also include the results of the base models without
any guidance method applied.

Baselines. We compare NTRK against a range of inference-time reward-alignment
algorithms discussed in Sec. 2, including both gradient-based guidance methods
and search-based approaches. Specifically, we consider DPS [7] and FreeDoM [70]
as single-particle gradient-based methods, DAS [28] and ¥-Sampler [69] as multi-
particle gradient-based methods, and SVDD [36], RBF [27], and BON [59] as
search-based methods.

Note that multi-particle and search methods utilize multiple samples during
sampling, whereas single-particle methods produce only a single trajectory. For
fair comparison, we fix the total number of function evaluations (NFE) across all
methods. In particular, for single-particle sampling methods such as DPS and
FreeDoM, we augment sampling with Best-of-N (BoN) [59], which runs multiple
independent sampling processes and selects the highest-reward output, ensuring
that the overall NFE is comparable across methods. 3 For all quantitative results,
methods augmented with BoN are marked with . For NTRK, we report results
both with and without BoN to isolate the effect of the proposed method.

5.2 Aesthetic Image Generation

FEvaluation Metrics. In this work, we refer to the reward used for inference-time
optimization as the target reward, and to rewards not observed during optimization

3 FreeDoM [70] incorporates additional MCMC sampling, which increases the compu-
tational cost.
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Table 2: Quantitative comparison on image reward alignment. Left: aesthetic
image generation (target: Aesthetic Score [53]). Right: text-aligned image generation
(target: PickScore [29]). For single-particle methods we augment sampling with Best-of-N
to match the total NFE, denoted with . Dark green cells indicate the best result for
each metric, light green the second best.

‘ Aesthetic Image Generation ‘ Text-Aligned Image Generation
Method NFE l;tr::viitd Held-Out Reward l’{r::viitl Held-Out Reward

Aesthetic Pick Image VQA Pick Aesthetic Image VQA

Score U -Score T HPSv2 71 Reward T Score T -Score U Score T HPSv21 Reward T Score T

Base [33] 25 6.0282 0.2144 0.2759 1.0538 0.9644 0.2054 5.4664 0.2316 0.1710 0.8011
BoN [59] 500 6.7310 0.2197 0.2890 1.1419 0.9597 0.2146 5.8582 0.2619 0.6883 0.8021
DPS' [7] 500 6.7647 0.2191 0.2861 1.0639 0.9624 0.2147 5.8073 0.2622 0.6310 0.8028
FreeDoM' [70] 533 6.8406 0.2185 0.2853 0.9941 0.9635 0.2133 5.8492 0.2572 0.5354 0.7990
SVDD [36] 500 7.1363 02177 0.2814  1.0256  0.9510 | 0.2204 5.8743 02699 [N0:75927 0.8201
RBF [27] 500 6.9900 0.2183 0.2826 1.0761 0.9689 0.2202 5.8618 0.2682 0.7583 0.8149
DAS [28] 500 6.9384 0.2183 0.2860 1.0568 0.9706 0.2139 5.8385 0.2568 0.5226 0.7990
w-Sampler [69] 500 7.0116 0.2188 0.2847 1.1235 0.2120 5.7329 0.2551 0.4590 0.8145
NTRK (Ours) 25 7.4510 0.2928 0.9728 0.2224 5.7720 0.2601 0.5257
NTRK' (Ours) 500 0.2197 1.1669 0.9609 0.7370 0.8017

as held-out rewards. In this task, the target reward is Aesthetic Score [53]. As held-
out rewards, we evaluate image quality using ImageReward [67] and HPSv2 [66],
and text-image alignment using PickScore [29] and VQA Score [37].

Results. The quantitative and qualitative results are presented in Tab. 2 and Fig-
ure 5, respectively. Overall, NTRK achieves the best target reward performance
across all methods, and even outperforms all baselines with only 1/20 of NFE. On
held-out rewards, NTRK also delivers the best image quality for both ImageReward
and HPSv2, while remaining comparable on text-image alignment metrics. The
qualitative examples in Figure 5 further support these trends. Across different
prompts, NTRK produces more visually appealing samples than the baselines,
achieving the highest rewards [53].

5.3 Text-Aligned Image Generation

Evaluation Metrics. The target reward used to align text-image is PickScore [29].
For held-out rewards, we evaluate text-image alignment using VQA Score [37],
and image quality using Aesthetic Score [53], ImageReward [67], and HPSv2 [66].

Results. The quantitative and qualitative results are presented in Tab. 2 and Fig-
ure 5, respectively. As in the aesthetic image generation task, NTRK achieves
the best target reward performance across all methods, with the same efficiency
trend that the 25-NFE setting already outperforms all baselines. These gains also
transfer to held-out rewards: NTRK with 500 NFE achieves the best Aesthetic Score
and HPSv2, while NTRK with 25 NFE attains the best VQA Score. Qualitatively,
NTRK produces samples that better align with the text prompts such as spatial
and logical relations than the baselines.

5.4 Preference-Aligned Video Generation

As done in the image generation task, we use 25 sampling steps for all methods
except FreeDoM [70], for which we use 13 steps due to its additional MCMC
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Base [33] BoN [59] DPS' [7] SVDD [36] w-Sampler [69] NTRK' (Ours)

“Sheep”

6.5477 6.649/ 6.9178 6.8442 7.0671 8.5842
“Frog”

Aesthetic Image Generation

6.0279 7.1517 6.9119 7.0071 7.1417 8.6239

“The yellow cone was suspended in mid-air near the orange pyramid and the green cylinder.”

»
b’ 1 hen

0.2190 0.2227 0.2235

Text-Aligned Image Generation

0.2070 0.2126 0.2122 0.2146 0.2055

Fig. 5: Qualitative comparison on image reward alignment. Top: aesthetic
image generation (target: Aesthetic Score [53]). Bottom: text-aligned image generation
(target: PickScore [29]). Scores shown in italics below each image. For single-particle
methods we augment sampling with Best-of-N to match the total NFE, denoted with T.

sampling, ensuring that the total NFE remains comparable. For video generation
task, we test the baselines and our method with a single particle.

Evaluation Metrics. In this task, the target reward is VideoReward [39], which
provides three component scores for Motion Quality (MQ), Visual Quality (VQ),
and Text Alignment (TA). We use the sum of these components (MQ + VQ
+ TA) as the target reward. For held-out evaluation, we report metrics from
VBench [21], grouped into six categories: Subject Consistency and Background
Consistency for text alignment, Motion Smoothness and Dynamic Degree for
motion quality, and Aesthetic Quality and Imaging Quality for visual quality.



14 J. Hwang et al.

Table 3: Quantitative comparison on preference-aligned video generation.
The target reward is VideoReward [39], and the held out rewards are the metrics
proposed in VBench [21]. Dark green cells indicate the best result for each metric across
all runs, while light green cells denote the second best.

Target Reward Held-Out Reward

Method NFE Motion Quality Visual Quality Text Alignment
VideoReward 1

Smooth.t Dynamict Aesthetict Imaging.t Subjectt Back.T

Base [64] 25 -0.399 0.9629 0.9300 0.6104 0.6791 0.9589

DPS [7] 25 -0.130 0.9621 0.9350 0.5867 0.6738 0.9398  0.9473
FreeDoM [70] 25 -0.211 0.6900 0.5880 0.9586  0.9570
NTRK (Ours) 25 0.9630 0.6870 0.9646

Base [64]

DPS [7]

FreeDoM |
[70]

NTRK
(Ours)

Fig. 6: Qualitative comparison on preference-aligned video generation using
VideoReward [39]. NTRK produces videos with better text alignment and visual quality,
where we present video results in the supplementary document.

Results. Table 3 and Figure 6 summarize the quantitative and qualitative compar-
isons, respectively. NTRK yields the highest VideoReward score and outperforms
all the baselines. Beyond the target reward, NTRK achieves the best results
on Dynamic Degree, Aesthetic Quality, and Subject Consistency, and remains
marginally runner-up on the other held-out metrics. The qualitative examples
further support this observation, with NTRK producing videos that better align
with the text prompts. In particular, NTRK generates videos that clearly captures
the elements (e.g., turkey and babies) described in the prompt.

5.5 Integration with Fine-Tuned Models

Fine-tuning and inference-time alignment improve reward alignment along orthog-
onal directions: the former adapts model parameters, while the latter guides the
sampling process without modifying them. Because of this orthogonality, NTRK
can be applied on top of a fine-tuned model whenever the goal is to maximize
a specific reward beyond what fine-tuning alone provides. In this section, we
integrate NTRK with MixGRPO [35], which fine-tunes the base FLUX model [33].
The target reward is PickScore [29], and we report the same held-out rewards
used in the text-aligned image generation task described in Section 5.3.
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Table 4: Quantitative comparison on text-aligned image generation with
fine-tuned model. We compare DPS [7] and NTRK integrated with a fine-tuned model,
MixGRPO [35]. For single-particle methods we augment sampling with Best-of-N,
denoted with T. Dark green cells indicate the best result for each metric across all runs,
while light green cells denote the second best.

Target Reward Held-Out Reward
Method NFE
. Aesthetic Image VQA
PickScore 1 Score T HPSv2 1 Reward T Score T
Base [33] 25 0.2054 5.4664 0.2316 0.1710 0.8011
MixGRPO [35] 25 0.2166 6.5245 0.2679 0.7605 0.8239
L Dpsft [7] 500 0.2235 6.6966 0.2840 1.0501 0.8376

TRk’ (Ours) 500|025 250 2240 26450 S408

Results. As shown in Tab. 4, MixGRPO [35] improves both the target reward
and all held-out rewards compared to the base model [33]. We further observe
that applying inference-time reward alignment remains highly effective on top
of the fine-tuned model, yielding additional improvements across all metrics. In
particular, NTRK consistently outperforms DPS on both the target reward and
all held-out rewards, achieving the highest overall scores. These results confirm
that NTRK complements fine-tuning: the two can be composed to push reward
alignment beyond what either approach achieves alone.

6 Conclusion

In this work, we identify a practical limitation of widely used inference-time
reward alignment techniques that steer the reverse diffusion kernel by directly
shifting its mean using the reward gradient. To address this limitation, we
propose NTRK, which keeps the reverse mean fixed and injects reward guidance
through a whitened, noise-compatible direction in the noise term. Experiments
demonstrate that our method consistently achieves stronger reward alignment
while maintaining sample quality.
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