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Pretrained diffusion models generate realistic images, but their outputs remain constrained by the statistical
biases of their training data, limiting their ability to produce high dynamic range (HDR) content. In this
work, we introduce LumaGuide, a training-free framework for distribution shaping in diffusion models. Instead
of modifying model parameters, LumaGuide steers the sampling process to match target feature distributions
via differentiable energy-based guidance. We instantiate this framework for HDR generation by controlling
luminance distributions in perceptually uniform PQ space. Our results show that aligning luminance his-
tograms can induce HDR-consistent behavior, including coherent highlights and preserved shadow detail,
while maintaining semantic fidelity. Beyond HDR, LumaGuide enables flexible specification of target distribu-
tions through data-driven presets, reference images, or text-driven predictors, and extends naturally to video
generation with temporal consistency constraints. More broadly, our work demonstrates that controllable
generation can be achieved by directly shaping output distributions at sampling time, without retraining
diffusion models.
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1 Introduction
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Figure 1 LumaGuide steers a pretrained diffusion model toward HDR-consistent luminance distributions at sampling
time, without modifying any model weights. Generated outputs preserve semantic content (top row) while producing
structured highlights and faithful shadow detail under exposure adjustment (bottom row), matching target HDR
statistics in PQ space.

Pretrained diffusion models (Ho et al., 2020; Song et al., 2020; Rombach et al., 2022; Saharia et al., 2022;
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Ramesh et al., 2022) have demonstrated remarkable abilities to generate realistic images from text prompts,
yet their outputs remain implicitly constrained by the statistical properties of their training data. In par-
ticular, models trained on internet-scale corpora of images that are typically quantized and compressed
for legacy 8-bit displays internalize a Standard Dynamic Range (SDR) prior. This limits their ability to
represent the inherently wide dynamic range of natural light, which spans several orders of magnitude in
luminance (Reinhard et al., 2010; International Telecommunication Union, 2025). As a result, even highly
realistic text-to-image diffusion models often fail to synthesize physically plausible high-intensity highlights
or coherent HDR luminance structure. Existing approaches to HDR generation typically rely on additional
reconstruction pipelines or modifications to the generative model itself. Prior work has explored multi-stage
reconstruction or exposure expansion pipelines (Eilertsen et al., 2017; Marnerides et al., 2018, 2021), while
more recent diffusion-based approaches operate in perceptually uniform domains such as PQ or PU21 (In-
ternational Telecommunication Union, 2025; Azimi et al., 2021). For example, X2HDR (Wu et al., 2026)
shows that pretrained VAEs can faithfully encode HDR signals in perceptually uniform space, but still relies
on fine-tuning the diffusion backbone, e.g., via LoRA (Hu et al., 2022), to overcome SDR-biased generation.
Other diffusion-based HDR methods synthesize exposure brackets or fuse latent exposures to recover HDR
content (Bemana et al., 2025; Wang et al., 2025; Yu et al., 2026). These approaches are effective, but they of-
ten introduce additional training, inference, or architectural complexity, reducing flexibility across backbones
and tasks.

In this work, we take a different perspective. In-
stead of modifying model parameters, we directly
control the output statistics of a pretrained dif-
fusion model at sampling time. We formalize
this as distribution shaping, in which sampling is
steered toward target output statistics via differen-
tiable energy guidance. This perspective relates to
guided sampling methods in diffusion models, such
as classifier- and classifier-free guidance (Dhari-
wal and Nichol, 2021; Ho and Salimans, 2022),
as well as broader training-free guidance methods
that steer diffusion models using arbitrary differen-
tiable objectives or energy functions (Bansal et al.,
2023; Chung et al., 2022; Yu et al., 2023; Park
et al., 2023). However, our method differs in that
it shapes low-level perceptual distributions rather
than semantic, class-conditional, or task-specific
reconstruction signals. We instantiate this frame- -
work for text-to-HDR image generation. Given Figure 2 Per-pixel PQ-luminance surface for an identi-
a text prompt, our goal is to synthesize an im-  cal seed and prompt. The Flux.l (Black Forest Labs,
age whose luminance statistics are consistent with 2024) baseline (top) overshoots into clipped highlights;
HDR appearance while preserving the semantic LumaGuide (bottom) redistributes mass into mid-tones
content and spatial coherence produced by the pre- and preserves the highlight gradient, matching the target
trained diffusion prior. We observe that luminance HDR distribution.

distributions in perceptually uniform PQ space capture a key aspect of HDR appearance (International
Telecommunication Union, 2025; Mantiuk et al., 2011; Azimi et al., 2021). This motivates luminance his-
togram alignment as a natural objective for encouraging HDR-consistent rendering.
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To this end, we introduce LumaGuide, a training-free framework for HDR, distribution shaping in diffusion
models. During sampling, LumaGuide computes a differentiable soft histogram of the predicted image in PQ
space and minimizes a Wasserstein-1 distance (W) (Arjovsky et al., 2017) to the target distribution. The
resulting gradient is backpropagated through the VAE to steer the diffusion trajectory in latent space. Since
the histogram constraint is permutation-invariant, it does not explicitly impose spatial structure, allowing
the diffusion prior to preserve geometry and semantics while adjusting global luminance statistics. This
decoupling of semantic generation and distribution control also makes LumaGuide naturally applicable to
video generation. By applying the same distribution shaping principle to pretrained video diffusion mod-
els (Ho et al., 2022; Blattmann et al., 2023; Yang et al., 2024), we enable zero-shot HDR video synthesis. To



maintain temporal consistency under distribution shaping, we introduce a Temporal Luminance Coherence
(TLC) term that penalizes highlight ickering across frames, inspired by prior work on temporal consistency
in video synthesis (Lai et al., 2018). This results in a training-free framework for controllable HDR video
generatlon that maintains motion and structural delity. In summary, our contributions are as follows:
" Distribution Shaping Framework: We propose a training-free framework for controlling output feature
distributions in di usion models via di erentiable energy guidance at sampling time.

LumaGuide for Text-to-HDR Generation: We instantiate this framework for HDR image synthesis, show-
ing that luminance histogram alignment in perceptually uniform space provides an e ective mechanism
for inducing HDR-consistent outputs. We further extend the framework to video generation, introducing
a TLC term to improve temporal stability without additional training.

Theoretical Guarantees: We show that energy-guided distribution shaping admits controlled energy de-
scent (Theorem 1), that permutation-invariant feature constraints do not explicitly impose spatial rear-
rangements (Proposition 1), and that global a ne brightness adjustments cannot generally reproduce
target HDR luminance distributions (Theorem 2).

Empirical Validation: Extensive experiments across image and video backbones (e.g., Flux.1 (Black Forest
Labs, 2024), SD3 (Esser et al., 2024), SDXL (Podell et al., 2023), and CogVideoX (Yang et al., 2024))
demonstrate signi cant improvements in distribution alignment and HDR delity over existing methods.

2 Distribution Shaping in Diffusion Models

We formalize distribution shaping as the problem of steering a pretrained di usion model so that a designated
low-dimensional feature of its output matches a prescribed target distribution, without any modi cation to
model weights. We then establish that this objective admits a principled energy-guided solution with provable
guarantees on energy descent and on preservation of spatial structure.

2.1 Problem Formulation

Let p denote the implicit distribution of a pretrained ow-matching model with velocity eldv ~ : Z [0; 1]!

Z and decoder Dec : Z! X, where X = R ¢HW |etf: X!R N be a pixel-wise feature map, i.e.
fx)i = '(x ;) for some scalar map ' acting on the channel vector at spatial location i 2 f1;:::;Ng,
N=HW. The empirical feature distribution of x2 X under f is the random measure (Empirical feature
distribution):

X!
Pr) = & 1w, 2 PR (1)
i=1

Given a target P 2P(R) and a metric D on P(R), distribution shaping seeks to reduce
E(z) := D P; (Dec(2)); P ()
along the sampling trajectory induced by the pretrained model, without modifying v or Dec.

Equation (2) diers sharply from posterior sampling or classi er guidance (Chung et al., 2022; Ho and
Salimans, 2022; Saini et al., 2025b): the constraint is imposed on a statistic of the output, rather than on
its identity. This distinction allows us to retain the pretrained prior as the source of semantic and spatial
structure while shaping marginal output behavior. In practice, Ps (x) is approximated using a di erentiable
soft histogram.

2.2 Energy-Guided Sampling

We adopt a soft histogram approximation h (x)2R X of P (x), with bin centers fb gf_, and Gaussian kernel
of bandwidth :

1 X f(x) i b )2 X b o)
[h (X)]k = W exp (()2'72” =7 Zi = exp w : (3)
i=1 KO



The energy used in our framework is
EX) =D h x;h ; (4)

where h is the target histogram and D is the Wasserstein-1 distance (Arjovsky et al., 2017) on K-bin
distributions (Section 3). Because the clean output is unavailable during sampling, we evaluate E on the
ow estimate (Chung et al., 2022; Efron, 2011; Kim and Ye, 2021) ®(z;) := Dec z tv (z;;t) . The guided
velocity is

Vg(ze;t) = v (ze;t) + sOr 2 ERo(z1)); ®)

with time-dependent guidance scale s : [0;1] ! Ro . Since the sampler steps asiz, =z, +(tnsr t n)vg
with t .11 <t,, the added velocity term induces a negative-gradient step on E.

The next result establishes that this update is a descent method on E in expectation, with a quanti able
noise term controlled by the di usion model's own velocity error.

Theorem 1 (Energy descent). Assume z 7! E(R ¢(z)) is L-smooth and the velaocity error has bounded second
moment, Ekv v k? 2. Let :=jtnpa t njs(t) be the e ective guidance step size. If ; 2 (0;2=L], then

E E(z ) ¢ 1 5t Ekr ,EK? + C 2t t; (6)

where E(z {) = ER o(zt+t )) E®R o(zt)) and C is a constant depending only on the decoder. The deter-
ministic term is maximized at = 1=L.

The rst (negative) term is the guidance benet, proportional to the squared gradient. The second (pos-
itive) term is the noise penalty, growing with the velocity-prediction error 2 and the timestep t. The
energy decreases on average whenever the gradient signal exceeds the noise oor set Bf. Full proof in

Appendix

2.3 Why Distribution Shaping Preserves Semantics

The most striking empirical phenomenon in LumaGuide is that, despite applying a strong global energy
gradient, semantic content and geometric layout remain largely intact. We now formalize the structural
reason for this: such gradients do not explicitly encode spatial rearrangement, but act through local feature
values and global histogram statistics.

Proposition 1 (Spatial decoupling). Let E(x) = D(h (x); h ) for a pixel-wise feature f(x); ='(x ). Then:

(i) Permutation equivariance. For any spatial permutation 2S N, E( X) = EX)andr E( x) =
r <EX).

(i) Pixel-wise gradient form. The gradient at site i depends only on the feature value f(x); and on the
global histogram h (x):

FxEQ) ;=1 '(x ) g'x )i h (ih (@)

for a scalar function g.

(iii) No spatial ordering information. E depends on x only through the multiset ff(x) gl , and therefore
cannot distinguish images that di er only by a spatial permutation.

See Appendix for proof. Algo. 1 shows the full algorithm. It requires only a forward pass, the standard
ow estimate, one backward pass through the decoder per step, and no additional model training.

3 LumaGuide for HDR Generation

We instantiate the framework using three deliberate design choices: PQ encoding, Wasserstein-1 distance,
and a constant guidance schedule, supported by ablations in Section 4 and the analysis below.



Algorithm 1 LumaGuide: Energy-Guided Distribution Shaping

Require: Pretrained ow model v , VAE decoder Dec, target histogram h 2 K1 | schedule s(t), discretiza-
tion ft ,gl_, With tne <t,, soft-histogram bandwidth .
1: Sample z, N(O;1)

3: Ro Dec z, t Vv (z,;th) . ow decode (R is RGB)
4 Y PQLum® o)) . Per-pixel PQ luminance
5: h  soft-histogram of Y via Eq. (3)

6: E W ¢(h ;h) . Wasserstein-1 distance, perceptually weighted
7 G r 2, E . Backprop through Dec and PQ Lum
8: Zt,y, Z t, *(tner tn) V(Zt,5tn) +S(tn)0

9: return R o(zt, )

3.1 PQ-Space Feature Map

We take ' = PQ Lum where Lum(x) = 0:2627R + 0:6780G + 0:0593B is BT.2020 luminance and PQ :
Ro ![0;1] is the SMPTE ST.2084 OETF.

Proposition 2 (PQ-space gradient stability). Let L 2 [L  min;Lmax] denote scene luminance in nits with
L max =Lmin 10 4 (HDR range). For a xed bin grid in PQ space,

(i) PQ is monotone and smooth on [Lmin;Lmax], and PQO(L)L is bounded above and below by positive
constants. Hence per-pixel gradients converted through PQ are scale-balanced across the dynamic range.

(ii) In linear space, the inverse PQ Jacobian induces polynomially mismatched scales across luminance
ranges; for large L, the corresponding factor scales as (L™ 2), yielding gradient variance that
grows as (L 2G1m 2)),

(iii) Consequently, the noise-to-signal ratio of the histogram-shaping gradient in PQ space is bounded inde-
pendently of Linax , While in linear space it grows polynomially with the dynamic range.

See Appendix for proof. This proposition explains the dominant e ect of domain choice in Table
linear-space gradients exhibit scale mismatches across luminance ranges, making stable step-size selection
di cult.

3.2 Wasserstein-1 over KL and ~ »

The choice of distribution metric is important. HDR luminance histograms in PQ space are de ned by a
sparse high-percentile tail; a small fraction of pixels carry the highlights that distinguish HDR from SDR, and
the optimization signal must reach those bins. Standard distributional metrics di er sharply in whether they
pAn. On the real line, the Wasserstein-1 distance admits the closed-form CDF representation Mh; h ) =

ﬁzll (bev1 b WjFk F j (Arjovsky et al., 2017), where F; F are the discrete CDFs of h; h on the ordered
grid fo; < <b g g. The subgradient @W@h is therefore bounded and remains non-zero whenever the
relevant CDF gaps are non-zero. Crucially, its magnitude depends on the bin spacing and the CDF gap, not
on the bin probabilities themselves, so even whenh 1 in a sparse highlight bin, the gradient driving mass
toward that bin remains well-conditioned.

KL and ", fail in this regime, in opposite directions. The KL gradient @ KL(hkh )=@h = log(h«=h,)+1 can
become unbounded near sparse bins, producing unstable updates where reliable tail statistics are most needed.
The ", gradient 2(hy h ,) depends only on pointwise bin di erences and does not exploit the ordering of
luminance bins, making it less e ective at transporting mass toward sparse highlight regions. Neither metric
respects the ordering of luminance values; distant bins are treated as exchangeable rather than as a transport
problem on the line. Table 3 bears this out empirically.



Figure 3 HDR visualization under different exposure levels. In PQ space, Flux.1 (Black Forest Labs, 2024) often yields
over-exposed, non-HDR luminance distributions. LumaGuide steers the luminance distribution toward a target HDR
distribution while preserving scene structure.

3.3 Guidance Schedule

Following previous methods (Dhariwal and Nichol, 2021; Ho and Salimans, 2022; Yu et al., 2023; Black Forest
Labs, 2024), we adopt a constant guidance schedule s(t) =sthroughout sampling. We con rm this in our
setting (Table 8), where the constant schedule outperforms an SNR-weighted bell-shaped schedule and a
time-windowed variant on every reported metric. Appendix D discusses this in more detail.

3.4 Extension to Video Generation

The same distribution shaping principle extends to video by enforcing luminance constraints at each frame,
but naive frame-wise guidance may introduce temporal inconsistencies, particularly in high-luminance regions.
To reduce this e ect, we introduce a Temporal Luminance Coherence (TLC) term that penalizes abrupt
uctuations in these regions. Let h be the soft histogram of frame , and let  be a high-luminance mask.
We de ne

X X
Ltic = Y Y 1) o Evideo = Wi(h ;h )+ 1clmc: 8)
=2 =1
Uniform target speci cation: Distribution shaping admits three target-speci cation modes h 2 K1
within a single objective: (a) preset distributions, h  xed oine; (b) reference-based, h =h (X); (C)
text-driven, h =MLP CLIP(c) for caption c. All three plug into Algorithm 1 without altering sampling.
Since K?! is convex, their mixtures remain valid targets under the same objective.



4 Experiments

Our primary experiments are conducted using Flux.1-dev (Black Forest Labs, 2024), SD3 (Esser et al., 2024),
and SDXL (Podell et al., 2023), without modifying model parameters or architectures. For video generation,
we extend the same distribution shaping principle to CogVideoX (Yang et al., 2024). More detailed results
are provided in Appendices - and |. LumaGuide is plug-and-play for di usion-based image and video models.

4.1 Experimental Setup

Unless otherwise speci ed, all experiments are performed at a resolution of 512 512. We use 28 sampling
steps and a classi er-free guidance (CFG) scale of 3.5. All evaluations are conducted on a set of 100 HDR-
oriented prompts covering diverse luminance conditions. Luminance distributions are represented using
K = 32 histogram bins in PQ space. We employ di erentiable soft binning using a Gaussian kernel with
standard deviation = 0:5=K. Our default con guration uses a base guidance scale of g = 2000, together
with a perceptual-log Wasserstein-1 objective, a constant guidance schedule, and integral normalization. By
default, target luminance distributions are obtained using the text-driven regressor described in Appendix

For quantitative evaluation, we follow (Wu et al., 2026) and perform all comparisons in PQ-encoded space
using Q-Eval (Zhang et al., 2025) as a proxy for measuring perceptual quality and alignment for HDR image
generation. We use uW for unweighted Wasserstein-1 distance between generated and target PQ-luminance
histograms over K = 32 bins, p5Q;st and p9%;s: for absolute percentile errors in PQ space, and nitg for
the 99th-percentile luminance after inverse PQ conversion. DRops reports the robust luminance span in
exposure stops, while JOD is the Bradley Terry just-objectionable-di erence score from the subjective study.
We further discuss the details of HDR evaluation metrics in Appendix J. All experiments are conducted on a
single NVIDIA A100 GPU (40GB). For high-resolution generation (1024 1024), we employ VAE gradient
checkpointing and spatial tiling to enable memory-e cient backpropagation during guided sampling. Video
experiments are conducted on a single NVIDIA H200 GPU.

4.2 Distribution Control and HDR Emergence

We rst evaluate whether LumaGuide can e ectively control luminance distributions and induce HDR-
consistent rendering behavior. As shown in Figure 3, the proposed guidance consistently reshapes the gener-
ated PQ luminance histograms toward the target HDR distribution while preserving semantic structure and
spatial coherence.

Increasing the guidance scale generally improves Table 1 Effect of guidance scale § on distribution alignment
distribution alignment, with the Wasserstein-1 dis- and luminance statistics. We select § = 2000 as the default
tance decreasing substantially up to g = 3000 be-  trade-o point.

fore slightly degrading at so = 5000 (Table 1). Im- So uwi # p50aist # PO%ist # NitSeg

portantly, the guidance does not simply increase 0 3.79 0.116 0.207 4867
overall brightness. Instead, it redistributes lumi- 10 377 0.115 0.206 4861
nance mass from over-saturated highlight regions 100 3.42 0.104 0.198 4658
toward mid-tones, resulting in more balanced lumi- 500 2.16 0.071 0.153 3558
nance allocation and better preservation of high- 1000 1.25 0.045 0.105 2648
light structure. This e ect is particularly visi- 2000 0.58 0.024 0.053 1694

ble under exposure adjustment in Figure 3, where 3000 0.49 0.020 0.041 1425
baseline generations often exhibit clipped high- 5000 0.52 0.019 0.045 1496

lights and unstable luminance behavior when in-
terpreted in PQ space, while LumaGuide produces more coherent highlight roll-o and preserved shadow
detail characteristic of HDR content.

At excessively large guidance scales, the optimization may become over-constrained, leading to artifacts such
as banding and unnatural textures. Additional analysis of these failure cases is provided in Appendix
We select g = 2000 as the default trade-o point.
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