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S1. EXTENDED RELATED WORK

This supplement expands the literature discussion, documents the
prediction and evaluation conventions, and reports supporting analy-
ses and visual comparisons. Condition and model names follow the
main paper.

S1.1. Reconstructing Lost Dynamic Range

Learning-based inverse tone mapping combines preservation of vis-
ible image content with inference in regions affected by clipping.
Eilertsen et al. [1] reconstruct HDR from a single exposure with a
CNN, emphasizing saturated highlights. ExpandNet [2] combines
features at multiple spatial scales to predict HDR, while Santos et
al. [3] use feature masking and perceptual supervision to reduce ar-
tifacts and synthesize missing detail. Liu et al. [4] explicitly decom-
pose reconstruction into stages that reverse the camera pipeline. An
alternative is to predict exposure brackets and merge them: Endo et
al. [5] synthesize virtual exposures, and Lee et al. [6] use adversarial
learning for recursive exposure generation.

These methods establish synthetic degradation and reconstruc-
tion as a training strategy for recovering information lost to limited
dynamic range. Randomized clipping levels are themselves part of
that strategy: Eilertsen et al. [1] set the exposure of each training
crop so that clipping removes a uniformly drawn 5–15% of the im-
age information, using a percentile of the image histogram to fix the
scaling. Dynamic Clipping Synthesis (DCS) samples clipping levels
at both ends independently, over ranges spanning near-unclipped to
heavily clipped inputs, with thresholds taken from percentiles of the
per-pixel channel minima and maxima, and rescales the surviving in-
terval to the full range. It couples the resulting guidance with spatial
conditioning and a perceptual prediction domain. The comparison
between ExpandDiff-P and ExpandDiff-B studies how the training
degradation relates to performance under different test conditions.

S1.2. Diffusion-Based Inverse Tone Mapping

Dalal et al. [7] formulate LDR-to-HDR conversion with conditional
diffusion. Goswami et al. [8] use semantic guidance for diffusion-
based inverse tone mapping. LEDiff [9] preserves a pretrained
LDR latent space, trains dedicated highlight and shadow denoisers
to generate exposure brackets, and combines the resulting codes
with learned fusion and an HDR decoder. Its formulation addresses
both directions of dynamic range expansion separately. Our eval-
uation reports the released highlight and shadow configurations as
LEDiff-HL and LEDiff-SH; each treats the input as one end of the
exposure bracket and synthesizes the rest with its own denoiser.
ExpandDiff uses one conditional network to predict an HDR RGB

target directly, with both clipping directions handled within the same
sampling trajectory.

ExpoCM [10] uses exposure-aware consistency trajectories to
treat overexposed, underexposed, and well-exposed regions within
one inference step. It is related in its goal of handling different ex-
posure regimes jointly, but differs in its generative formulation and
exposure-dependent supervision. ExpandDiff uses Gaussian forward
diffusion, clean-target prediction, and 24-step DDIM sampling. Ex-
poCM is discussed as related work but is not included in the reported
quantitative comparison, as no implementation was available at the
time of writing.

Perceptual prediction domains also have precedents. Ke et
al. [11] study encodings for learning on RAW and HDR images.
X2HDR [12] uses perceptually uniform encodings to adapt pre-
trained diffusion models to HDR generation and RAW-to-HDR
reconstruction. Refusion-HDR likewise predicts PU21-encoded
HDR [13].

S1.3. Diffusion as a Restoration Framework

Diffusion models can serve as a general framework for condi-
tional image reconstruction. Refusion [14] demonstrates this on
four restoration tasks: shadow removal, dehazing, stereo super-
resolution, and bokeh transformation. The AIM 2025 Refusion-
HDR entry [13] uses a mean-reverting diffusion process with a
modified NAFNet backbone. We distinguish this HDR adapta-
tion from the original general-restoration method throughout our
comparison.

RAW-Diffusion [15] provides the backbone adopted by Expand-
Diff: RGB guidance, spatially adaptive normalization, clean-image
prediction, and a bounded output head. We repurpose it for three-
channel HDR reconstruction and train it on HDR-derived clipping
pairs. The diffusion machinery and conditioning modules are in-
herited; we change the target task, the training distribution, and the
prediction domain.

S2. METHOD DETAILS

S2.1. Target Scale and Dynamic Clipping Synthesis

The HDR target is display-referred. After rescaling each training
image to a median luminance of 20 cd/m2, values above 1000 cd/m2

are clipped and the image is divided by 1000. A normalized target
value y thus represents an absolute linear intensity of 1000y cd/m2

on the chosen display scale.
Dynamic Clipping Synthesis (DCS) draws new lower and up-

per clipping percentiles for every training pair, from ranges that are



fixed throughout training; each HDR target is paired with three in-
dependently clipped guidance images. The lower and upper thresh-
olds are percentiles of the per-pixel channel minima and maxima, re-
spectively, and apply to every channel; the surviving interval is then
rescaled affinely. A pixel therefore counts as clipped if any channel
reaches a boundary; it need not be uniformly white or black. Mea-
sured clipping fractions can differ from the nominal percentiles after
quantization or when many pixels share the same intensity.

S2.2. Guidance and Prediction Domain

The EDSR [16] guidance encoder has four residual blocks with 64
channels and no upsampling head. At each conditioned U-Net block,
its feature map is resampled to the block resolution. A shared 3× 3
convolution with 128 hidden channels precedes the prediction of the
spatial γ and β maps [17]. These maps modulate group-normalized
activations without learned affine normalization parameters. The
conditioning is spatial at the bottleneck and decoder resolutions;
self-attention acts at the two coarsest resolutions and the bottleneck.

The PU21 curve [18] is calibrated in absolute luminance, so it is
applied to L = 1000Y rather than to the normalized target Y itself:

Ũ(L) = p7

[(
p1 + p2L

p4

1 + p3Lp4

)p5

− p6

]
, (S1)

where p1, . . . , p7 are the published banding_glare coefficients.
The result is then renormalized by its value at the peak, giving
x0 = 2U(1000Y )/U(1000)−1 with U(L) = Ũ(max{L, 0.005}),
which is zero at black. The display scale of Sec. S2.1 is therefore
undone before the curve and reimposed after it, and both endpoints
are preserved: Y = 0 maps to x0 = −1 and Y = 1 to x0 = 1.
Applying the transform per channel retains an image-space RGB
representation. The inverse maps the prediction back to normalized
linear HDR, which is multiplied by 1000 when expressed in absolute
display units.

The bounded-head argument concerns local output sensitivity.
At a desired output a = tanh(z), the derivative with respect to the
preactivation is 1−a2. A linearly encoded intensity of 0.5 cd/m2 cor-
responds to a = −0.999 and a derivative of approximately 0.002;
under PU21 the same intensity maps to a = −0.894, where the
derivative is 0.20, a hundredfold increase. Encoding also changes
the relative weighting of intensity errors in the reconstruction loss.
The ablation measures their combined effect.

S2.3. Training Configurations and Sampling

ExpandDiff-P and ExpandDiff-B use the same four HDR sources,
batch size 32, PU21 target, and SNR-weighted L1 + L2 loss. Clip-
ping thresholds are computed on each full 512 × 512 image, and
training draws random 256 × 256 crops with random rotations and
flips. ExpandDiff-P samples qlo ∼ U [0, 10] and qhi ∼ U [0, 30].
ExpandDiff-B samples qlo = 0 and qhi ∼ U [3, 7], applies the
randomized two-parameter camera response of Eilertsen et al. [1],
also used by LEDiff [9], then performs an 8-bit round trip. The re-
ported ExpandDiff-P and ExpandDiff-B checkpoints use 150k and
75k training steps at learning rates 2 × 10−4 and 10−4, respec-
tively. The four target/head ablation configurations each use the
ExpandDiff-P setup for 150k steps. All checkpoints use AdamW
without weight decay, cosine learning-rate decay to zero, and T =
1000 diffusion steps with a linear noise schedule.

Inference runs one 24-step DDIM [19] trajectory, i.e., 24 de-
noiser evaluations, for both clipping directions. At 512 × 512, the
measured runtime is 3.19 s on an NVIDIA A100 80 GB. Reflection

padding to multiples of 64 permits other input dimensions within
memory limits. For ExpandDiff-P on C95, increasing the step count
to 48 and 100 changes gain-aligned PU21-PSNR by a paired −0.17
and −0.23 dB (95% CIs [−0.38,+0.03] and [−0.54,+0.08]; mea-
sured on the floating-point rather than the 8-bit input), so additional
steps give no evidence of improved accuracy.

S2.4. Linearizing the Inference Input

The guidance I of Eq. (1) in the main paper is linear, so an 8-bit
input must be linearized before it can be used. We apply the inverse
sRGB transfer function [20] to v/255 for each 8-bit value v,

I =


v/255

12.92
, v/255 ≤ 0.04045,(

v/255 + 0.055

1.055

)2.4

, otherwise,
(S2)

which is piecewise rather than a single power law; the linear segment
near black mirrors the encoding function, whose pure-gamma form
would have unbounded slope at the origin. The same 8-bit input is
used for every method and every condition. Our pipeline linearizes
that 8-bit image with Eq. (S2), regardless of the original response
that produced it.

This is an approximation whenever the true camera response
differs from sRGB, and a single 8-bit image does not determine
that response. ExpandDiff-B is trained through this mismatch rather
than around it: its LDR guidance is formed with a randomized two-
parameter response and an 8-bit round trip, and is then linearized
with Eq. (S2) rather than with the response that produced it.

S3. SUPPORTING EXPERIMENTS

S3.1. Evaluation Conditions and Metric Interpretation

All conditions use the same 181 SI-HDR references and the
same 512 × 512 center crop and box-filter resize, applied to the
benchmark-supplied C95 images as well. The clipping fractions
below are measured on the resulting 8-bit inputs, after that resam-
pling and after quantization, so they need not match the nominal
percentiles. A pixel counts as clipped when any channel reaches a
boundary, as in Sec. S2.1. C95 averages 8.17% highlight clipping
and zero shadow clipping. The constructed Cp inputs use fixed
percentiles (qlo, qhi) = (5, 15), yielding averages of 5.87% shadow
clipping and 15.40% highlight clipping, with every one of the 181
images clipped at both ends.

SI-HDR emphasizes the sensitivity of objective scores to tone
and color differences [21, 22]. We fit the brightness gain using only
pixels clipped at neither boundary, then apply the benchmark’s 20-
parameter tone-and-color correction on top of it for full-reference
scoring. Correcting after the gain favors the competing methods
rather than ours (Sec. S3.5). PIQE and FID-R are reported on the
gain-only basis. Both alignments use the HDR reference and are
part of evaluation, not inference.

Competing methods are run from their released weights on the
same 8-bit input at 512 × 512. From AIM 2025 [13], we evalu-
ate Refusion-HDR and DITM, the two highest-ranked entries with
released code, which placed third and fifth.

LEDiff’s pipeline requires a text prompt, which their paper does
not specify for inverse tone mapping; in correspondence, the authors
confirmed that they generated one per input image with LLaVA, so
we caption every image with LLaVA-1.5-7B [23] under a single de-
terministic strategy. Additionally, LEDiff carries its own published



post-process, a saturation-gated soft-mask blend of the generated
content with the input under a fitted gamma and exposure. We re-
tain it because it is part of their method, and we use the constants
from their supplementary material rather than those in their released
code, since these are the values their paper describes. The shared
alignment is then applied on top, as it is for every method.

PU21-encoded metrics use the banding_glare coefficients
on absolute luminance clamped to [0.005, 10000] cd/m2, the con-
vention of the reference implementation [18]; this differs from the
target encoding of Sec. S2.2, which additionally normalizes by
U(1000). HDR-VDP-3 [24] (v3.0.7, quality task, rgb-native)
assumes a 24-inch display at 1920 × 1080 viewed from 1m with a
1000 cd/m2 peak, identically for every method and condition.

For FID-R, we compute FID [25] on 60 crops of 128×128 from
each Reinhard-tone-mapped [26] prediction, giving 10,860 predic-
tion crops. The reference distribution contains 20,000 crops sam-
pled at independent locations from the same target images. We av-
erage scores over seeds {1234, 7, 99}. This follows the use of tone-
mapped FID in LEDiff [9].

S3.2. Training Distribution and the Earlier ExpandDiff-D
Checkpoint

At the reported checkpoints, the gain-aligned PSNR of ExpandDiff-
B relative to ExpandDiff-P changes from +1.20 dB on C95 to
−8.08 dB on Cp, a 9.28 dB change in relative performance. Because
the reported ExpandDiff-P checkpoint was trained twice as long and
at twice the learning rate, we also compare at matched steps: a 75k-
step snapshot of ExpandDiff-P’s 150k run gives 21.38 dB on C95,
1.23 dB below ExpandDiff-B (paired; 95% CI [0.50, 1.96]). This
supports the advantage of the benchmark-oriented training regime
on that condition.

For completeness, Table S1 retains ExpandDiff-D, an earlier
checkpoint trained on HDR+’s 8-bit JPEG data [27]. ExpandDiff-
D samples its clipping thresholds in stops below white (U [−12,−6]
for shadows, U [−4, 0] for highlights) rather than as percentiles, and
uses a linear target, an additional logarithmic error term, batch size
8, and 150k training steps. It obtains 20.97 dB on C95 and 25.61 dB
on Cp. Sec. S3.3 reports a further checkpoint trained on a different
degradation, evaluated under two additional input conditions and on
C95 and Cp.

The unprocessed input remains an informative baseline. On
C95, all three ExpandDiff checkpoints in Table S1 exceed its gain-
aligned PU21-PSNR, whereas none of the six competing configu-
rations do. ExpandDiff-P and ExpandDiff-D improve all eight re-
ported scores over the input, and ExpandDiff-B improves seven, with
a PIQE 0.07 higher than the input’s. Under Cp, two competing mod-
els, MaskHDR and ExpandNet, also exceed the input in gain-aligned
PU21-PSNR.

S3.3. Additional Input Conditions

C0 applies LEDiff’s capture model [9]: per-scene HDR-FLIP ex-
posures [28] with their randomized camera response, taken at the
middle exposure E0. It blows 13.43% of pixels and crushes 5.33%,
close to Cp on average, but only 27 of the 181 images exceed 1%
at both ends, whereas every Cp image is clipped at both; similar av-
erage fractions do not imply equivalent reconstruction tasks. Chard

p

applies Eq. (1) of the main paper at qlo = 10 and qhi = 30, the upper
end of ExpandDiff-P’s training ranges rather than their midpoints,
blowing 27.99% and crushing 10.42%, with every image clipped at
both ends.

Table S1. Table 1 of the main paper with ExpandDiff-D added: re-
sults on 181 SI-HDR references under two input conditions. PSNR,
VSI, and PIQE use PU21; VDP-3 is in JOD. All scores include
brightness alignment; CRF additionally applies the benchmark’s
tone-and-color correction. FID denotes FID-R. Best values per con-
dition are bold and second-best values underlined.

PSNR ↑ VSI ↑ VDP-3 ↑ PIQE FID

Method gain CRF gain CRF gain CRF ↓ ↓

C95

ExpandDiff-B 22.61 30.15 .9866 .9897 9.06 9.46 28.22 8.76
ExpandDiff-P 21.41 28.65 .9801 .9867 8.77 9.35 27.32 9.99
ExpandDiff-D 20.97 28.88 .9802 .9872 8.73 9.34 27.33 9.90
LDR input 20.47 27.93 .9756 .9826 8.44 9.15 28.15 10.00
ExpandNet 19.17 28.09 .9743 .9840 8.37 9.12 28.60 10.65
DITM 19.06 27.64 .9767 .9857 8.52 9.00 30.43 10.70
LEDiff-HL 18.95 26.45 .9722 .9803 8.33 8.97 29.17 12.98
MaskHDR 18.77 28.51 .9767 .9874 8.59 9.37 29.20 11.92
LEDiff-SH 18.75 26.16 .9708 .9781 8.33 8.84 27.76 12.19
Refusion-HDR 16.85 27.77 .9555 .9804 8.10 9.08 45.24 9.58

Cp

ExpandDiff-P 31.21 33.52 .9913 .9917 9.62 9.68 39.31 4.78
ExpandDiff-D 25.61 29.58 .9835 .9860 9.20 9.48 37.92 7.40
MaskHDR 23.88 28.72 .9806 .9884 9.28 9.65 38.78 7.88
ExpandDiff-B 23.13 28.27 .9754 .9845 8.98 9.42 39.06 8.99
ExpandNet 22.74 28.34 .9781 .9828 8.76 9.20 40.17 6.89
LDR input 22.23 27.37 .9699 .9754 8.49 9.00 40.11 6.75
LEDiff-HL 20.99 25.18 .9633 .9771 8.29 8.90 37.81 12.41
DITM 20.50 25.98 .9727 .9799 8.36 8.79 36.83 11.66
Refusion-HDR 19.46 25.82 .9629 .9757 8.34 9.04 44.24 11.89
LEDiff-SH 19.14 25.37 .9659 .9733 8.45 8.80 37.90 9.73

ExpandDiff-S is a fourth checkpoint, reported only here. It
matches ExpandDiff-P in target, objective, batch size, training steps,
learning rate and data sources, and differs only in its training degra-
dation: LEDiff’s capture model, with the E−, E0 and E+ exposures
emitted as separate training pairs. ExpandDiff-S is therefore in
distribution at C0 and out of distribution at Chard

p .
At C0 (Table S2), ExpandDiff-S leads every column except

gain-aligned PSNR and PIQE. In gain-aligned PSNR, ExpandDiff-
B is ahead of ExpandDiff-S by 0.62 dB and exceeds the strongest
competing model, DITM, by a paired 2.44 dB; in corrected
PSNR, ExpandDiff-S exceeds the strongest competing model there,
MaskHDR, by 2.32 dB. At Chard

p , ExpandDiff-P leads by a paired
4.76 dB PU21-PSNR and takes every column except PIQE. An
ExpandDiff checkpoint is best in every column of both conditions
except PIQE, and the checkpoint trained on the matching degra-
dation takes most columns. Every ExpandDiff variant, including
those evaluated outside their training distribution, exceeds the un-
processed input and at least four of the six competing configurations
in gain-aligned PSNR under both conditions.

On C95 and Cp, ExpandDiff-S reaches 18.99 and 21.47 dB
gain-aligned PU21-PSNR, below both ExpandDiff-B (22.61 and
23.13 dB) and ExpandDiff-P (21.41 and 31.21 dB). ExpandDiff-B
outperforms it in every column on C95, as does ExpandDiff-P on
Cp.

S3.4. Paired Reconstruction Results

Table S3 collects the paired mean PU21-PSNR differences and con-
fidence intervals for the comparisons reported above and in the main



Table S2. Results under the two additional input conditions, 181
images each against the same references. Columns and emphasis
follow Table S1; the two blocks are separate comparisons.

PSNR ↑ VSI ↑ VDP-3 ↑ PIQE FID

Method gain CRF gain CRF gain CRF ↓ ↓

C0

ExpandDiff-B 24.53 30.07 .9835 .9865 8.79 9.04 39.66 7.61
ExpandDiff-S 23.91 30.57 .9860 .9891 8.93 9.28 39.85 6.97
DITM 22.10 26.86 .9803 .9834 8.49 8.67 38.24 10.81
Refusion-HDR 19.14 26.93 .9675 .9810 8.29 8.98 45.65 10.35
ExpandDiff-P 18.21 28.04 .9771 .9857 8.32 9.14 40.22 7.89
ExpandDiff-D 18.11 27.24 .9765 .9838 8.34 9.00 38.45 11.60
LEDiff-HL 17.70 26.41 .9689 .9786 8.13 8.87 40.43 8.33
MaskHDR 17.38 28.25 .9751 .9864 8.24 9.19 40.82 7.59
LDR input 16.96 27.87 .9700 .9800 7.83 8.77 42.24 7.75
LEDiff-SH 16.18 26.32 .9682 .9785 8.19 8.87 41.42 9.42
ExpandNet 15.93 26.33 .9595 .9793 7.54 8.55 45.02 9.72

Chard
p

ExpandDiff-P 26.22 27.85 .9781 .9788 8.73 8.83 39.99 8.09
ExpandDiff-S 21.69 25.98 .9650 .9756 8.41 8.79 40.41 12.10
ExpandDiff-D 21.61 25.37 .9668 .9716 8.18 8.59 38.82 11.58
MaskHDR 21.48 25.30 .9647 .9751 8.40 8.71 38.61 11.24
ExpandDiff-B 20.89 24.38 .9546 .9657 7.99 8.32 39.79 13.69
ExpandNet 20.67 24.78 .9596 .9659 7.74 8.11 40.14 11.62
DITM 19.06 23.18 .9559 .9646 7.67 7.96 37.99 14.98
LEDiff-HL 18.61 22.75 .9485 .9641 7.64 8.17 37.45 17.53
Refusion-HDR 17.87 22.61 .9434 .9540 7.48 7.94 44.84 17.45
LDR input 17.57 22.64 .9383 .9485 6.79 7.47 41.36 11.46
LEDiff-SH 17.00 22.23 .9440 .9544 7.57 7.86 37.50 16.40

paper. Each difference is computed per image against the compet-
ing method with the highest mean PU21-PSNR for that condition,
then averaged over the 181 images. The confidence intervals quan-
tify variation across the evaluated images, not across independently
trained models. The corresponding full metric columns appear in
Tables S1 and S2.

Table S3. Paired gain-aligned PU21-PSNR improvements over the
strongest competing model on each condition. All comparisons use
181 images. CI denotes a 95% confidence interval; wins count the
images on which the ExpandDiff checkpoint scores higher.

Condition Model Against ∆ dB 95% CI Wins

C95 ExpandDiff-B ExpandNet 3.43 [2.54, 4.33] 130
C95 ExpandDiff-P ExpandNet 2.24 [1.50, 2.98] 121
C95 ExpandDiff-D ExpandNet 1.80 [1.08, 2.52] 106
Cp ExpandDiff-P MaskHDR 7.34 [6.52, 8.17] 175
C0 ExpandDiff-B DITM 2.44 [1.46, 3.42] 107
Chard

p ExpandDiff-P MaskHDR 4.76 [4.21, 5.30] 173

S3.5. Effect of Brightness and CRF Alignment

Table S4 summarizes the gain fitted to predictions on C95. The
median is computed over | log2 s| and measures deviation from
unit gain; the interquartile range is computed over signed log2 s.
ExpandDiff-B and ExpandDiff-P have the smallest values for both
statistics, indicating that their predicted brightness scale is closer to
the reference under this protocol.

Table S4. Brightness alignment on C95, in stops. The median uses
absolute gain offsets; the IQR uses signed offsets.

Method Median | log2 s| IQR of log2 s

ExpandDiff-B 0.41 0.72
ExpandDiff-P 0.48 0.72
ExpandNet 0.75 1.71
ExpandDiff-D 0.96 1.96
Refusion-HDR 1.03 1.29
MaskHDR 1.62 2.00
DITM 2.27 2.43
LEDiff-HL 2.60 1.65
LEDiff-SH 2.86 1.70

CRF correction improves the mean PU21-PSNR of ExpandDiff-
B and ExpandDiff-P by 7.54 and 7.24 dB, respectively, compared
with 9.74 dB for MaskHDR and 10.92 dB for Refusion-HDR, the
two largest among competing methods, and ExpandDiff-B retains
the highest corrected PSNR. The gain-only advantage is thus partly
reduced by a more flexible tone-and-color fit, but does not disappear.

The order of the two alignments matters, and the order used
here is the less favorable one for ExpandDiff. On C95, fitting the
gain before the CRF correction raises the corrected PU21-PSNR
of every method relative to correcting its unaligned prediction, but
unevenly: by 0.09 and 0.15 dB for ExpandDiff-P and ExpandDiff-
B and a similar 0.13 dB for ExpandNet, against 0.22 to 1.40 dB
for DITM, Refusion-HDR and MaskHDR, and 4.15 and 8.00 dB
for LEDiff-HL and LEDiff-SH (paired means over the 181 im-
ages; Table S5). Correcting unaligned predictions would therefore
widen ExpandDiff-B’s lead in mean corrected PU21-PSNR over
the strongest competing method on C95 from 1.64 to 2.04 dB, with
ExpandNet replacing MaskHDR in that position.

Table S5. Effect of the alignment order on corrected PU21-PSNR
(dB) on C95. The benchmark’s 20-parameter correction is fitted ei-
ther to the unaligned prediction or, as in all reported CRF scores,
after gain alignment. ∆ is the paired gain from aligning first, over
181 images, with its 95% confidence interval; it can differ slightly
from subtracting the rounded columns.

Method Unaligned After gain ∆ 95% CI

ExpandDiff-P 28.56 28.65 +0.09 [+0.06,+0.12]
ExpandNet 27.96 28.09 +0.13 [+0.09,+0.17]
ExpandDiff-B 30.00 30.15 +0.15 [+0.10,+0.19]
DITM 27.42 27.64 +0.22 [+0.15,+0.28]
Refusion-HDR 27.50 27.77 +0.27 [+0.20,+0.34]
MaskHDR 27.10 28.51 +1.40 [+1.20,+1.61]
LEDiff-HL 22.30 26.45 +4.15 [+3.70,+4.61]
LEDiff-SH 18.16 26.16 +8.00 [+7.38,+8.61]

The benchmark’s CRF correction has 20 parameters: 4 for
luminance, a cubic f(P ) in PQ-encoded luminance P with basis
[P 3, P 2, P, 1], and 16 for chroma, a cubic g(u′, v′) in the CIE 1976
chromaticity coordinates (u′, v′) with basis [u′3, v′3, u′2, v′2, u′v′,
u′, v′, 1] for each of the two output channels. The luminance fit
is unregularized, whereas the chroma fit is regularized toward the
identity mapping. To measure how much the CRF correction must
change each method’s output, Table S6 reports the RMS deviation
of the fitted correction from identity, evaluated on each prediction’s
own pixels: for luminance, the change f(P ) − P ; for chroma,
the change g(u′, v′) − (u′, v′). Because the correction is applied



after gain alignment, this measures the tone and color mismatch
that a single gain cannot absorb. ExpandDiff-B requires the small-
est correction on C95 in both luminance and chroma, and on Cp

ExpandDiff-P needs less than a third of the luminance correction of
any competing method. The three competing methods that need the
largest luminance correction on C95, Refusion-HDR, ExpandNet
and MaskHDR, are also the three whose PSNR gains most from it.

Table S6. Size of the benchmark’s tone-and-color correction: RMS
deviation from identity of the fitted correction over each prediction’s
pixels, median over 181 images, multiplied by 100 for readability.
Luminance is in PQ-encoded units, chroma in CIE 1976 (u′, v′)
chromaticity. Lower means the prediction already matches the refer-
ence’s tone and color more closely. Best values per column are bold
and second-best underlined.

C95 Cp

Method Luma Chroma Luma Chroma

ExpandDiff-B 2.66 0.41 2.19 0.72
ExpandDiff-P 2.97 0.52 0.55 0.18
ExpandDiff-D 3.36 0.50 1.41 0.51
LDR input 3.58 0.63 2.60 0.95
ExpandNet 4.11 0.74 2.31 0.66
DITM 3.80 0.43 2.66 0.82
LEDiff-HL 3.92 0.71 2.50 1.17
MaskHDR 4.01 0.93 1.77 1.26
LEDiff-SH 3.45 1.20 3.46 1.65
Refusion-HDR 5.75 0.49 3.12 1.04

S3.6. Additional Qualitative Examples

Figs. S1–S4 show additional SI-HDR examples of highlight-only
and two-sided clipping. Each example occupies two rows: the input
and clipping mask, five competing configurations (all except LEDiff-
SH), ExpandDiff-B, ExpandDiff-P, and the HDR reference. The C0

examples in Fig. S3 add ExpandDiff-S, which is in distribution there.
The masks mark pixels with a channel at a clipping boundary and are
not inputs to ExpandDiff.

To show the methods on subjects and lighting outside SI-HDR’s
range, Fig. S5 adds two hand-picked HDR+ captures [27]. Each cap-
ture’s final JPEG is linearized with the inverse sRGB transfer func-
tion, center-cropped and box-filtered to 512 × 512 as for SI-HDR,
clipped with Eq. (1) of the main paper at the Cp percentiles, and
passed through the same 8-bit round trip. All methods are run as in
the benchmark evaluation. An HDR+ image is already tone-mapped
by its capture pipeline, so the rightmost panel is the unclipped image
the input was derived from rather than an HDR reference.

S4. LIMITATIONS AND SCOPE

All four scored conditions degrade the same 181 SI-HDR refer-
ences, so they measure transfer across degradations over shared
scenes rather than generalization to independent scene collections;
the HDR+ captures of Fig. S5 are shown qualitatively only. Cp lies
within ExpandDiff-P’s training percentile ranges and Chard

p at their
upper edge, while the benchmark-supplied C95 and LEDiff’s C0

test degradations it was not trained on.
ExpandDiff predicts display-referred HDR up to 1000 cd/m2,

not unrestricted scene radiance, and, like other methods, cannot
know a scene’s absolute brightness. DCS varies clipping-related

information loss but omits other camera effects, including signal-
dependent sensor noise and spatially varying tone processing, and
inverse sRGB linearization only approximates an unknown camera
response.

Reconstruction in clipped regions is inherently ambiguous: a
plausible prediction need not reproduce the original scene detail, and
reconstructions weaken over large contiguous clipped regions. The
target/head ablation shows that the best full-reference scores need
not coincide with the best PIQE or FID-R. Reducing sampling cost
and evaluating these tradeoffs in HDR viewing studies are directions
for further work.
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Fig. S1. Additional C95 examples with 9.2% and 8.3% clipped highlights. Red marks highlight-clipped pixels. Each example occupies two
rows, with the same ordering of methods. Reconstructions use gain-only alignment.
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Fig. S2. Additional Cp examples, clipped over 20.6% and 21.4% of the frame. Red and blue mark highlight and shadow clipping. Each
example occupies two rows, with the same ordering of methods. Reconstructions use gain-only alignment.
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Fig. S3. C0 examples, which additionally include ExpandDiff-S, clipped over 6.1% and 43.4% of the frame. Red and blue mark highlight
and shadow clipping. Each example occupies two rows, with the same ordering of methods. Reconstructions use gain-only alignment.
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Fig. S4. Examples under Chard
p , with doubled clipping percentiles (10, 30), clipped over 35.1% and 39.6% of the frame. Red and blue

mark highlight and shadow clipping. Each example occupies two rows, with the same ordering of methods. Reconstructions use gain-only
alignment.
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Fig. S5. HDR+ examples under Cp, clipped over 20.4% and 18.1% of the frame. Red and blue mark highlight and shadow clipping. Each
example occupies two rows, with the same ordering of methods. Reconstructions use gain-only alignment.


	 Extended Related Work
	 Reconstructing Lost Dynamic Range
	 Diffusion-Based Inverse Tone Mapping
	 Diffusion as a Restoration Framework

	 Method Details
	 Target Scale and Dynamic Clipping Synthesis
	 Guidance and Prediction Domain
	 Training Configurations and Sampling
	 Linearizing the Inference Input

	 Supporting Experiments
	 Evaluation Conditions and Metric Interpretation
	 Training Distribution and the Earlier ExpandDiff-D Checkpoint
	 Additional Input Conditions
	 Paired Reconstruction Results
	 Effect of Brightness and CRF Alignment
	 Additional Qualitative Examples

	 Limitations and Scope
	 References

