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Abstract

Reconstructing High Dynamic Range (HDR) video from
alternately exposed Low Dynamic Range (LDR) frames is
challenged by large motion, exposure-induced photometric
inconsistency, and information loss in saturated or under-
exposed regions. Prior HDR video pipelines typically fol-
low an alignment—reconstruction paradigm, which is lim-
ited by the precision of alignment and the performance
of the fusion module. We propose a new reconstruction
framework called Learning Representation-enhanced HDR
Video Reconstruction (LRHDR), which is built around two
novel components: an Amalgamated Cross-exposure Con-
sistent Representation (ACCR) network and an Adaptive
Pixel-wise Sparse Weighted Fusion (APSWF). The ACCR
includes an Exposure-aware Interleaved Context (EIC) en-
coder and a Representation Mapper (RM). The EIC couples
a large-field path with a high-fidelity sub-pixel path and an
exposure gate to produce exposure-aware features. The RM
avoids explicit cross-exposure alignment by mapping fea-
tures from different exposures into a unified representation
via per-pixel, per-channel linear modulation and decoding
into the calibrated linear HDR domain. The APSWF treats
fusion as pixel-wise candidate selection, producing sparse
weighted masks to form a normalized fusion in the linear
HDR domain, thereby suppressing artifacts. Extensive ex-
periments on standard benchmarks demonstrate that our
LRHDR outperforms previous methods.

1. Introduction

High dynamic range (HDR) imaging aims to reproduce the
true dynamic range of natural scenes with higher luminance
contrast and richer details. Standard cameras capture only a
narrow dynamic range, yielding low dynamic range (LDR)
measurements. While dedicated HDR hardware (e.g., spe-
cialized sensors, multi-aperture optics) directly samples a
wider range [3, 5, 12, 25, 37, 45], the wide application
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of these sensors has been constrained by the necessity for
specifically tailored hardware components. Thus, multi-
exposure HDR fusion stands as a pragmatic alternative for
HDR capture, owing to its inherent convenience, versatil-
ity across diverse scenarios, and freedom from specialized
hardware requirements. By capturing multiple exposures,
scene information across different dynamic ranges can be
collected, thereby facilitating HDR synthesis.

Nevertheless, reliance on multi-frame fusion leads to de-
graded reconstruction quality in dynamic scenes. Moreover,
misalignment and photometric inconsistency among multi-
exposure frames pose additional challenges for multi-frame
alignment and fusion. Most existing HDR video methods
adopt a reference-centered alignment paradigm. Some ap-
proaches perform patch-based matching[15], optical-flow-
driven warping[2, 6, 14, 39], or attention-based feature
alignment[4] to explicitly register neighboring frames to a
reference. Others rely on two-stage alignment[34], feature-
level bidirectional alignment[ 18], or state-space models that
propagate information from the reference frame to adjacent
frames[19]. In all cases, the reconstruction pipeline is de-
signed either to align frames from different exposure modes
into the reference frame or to use the reference frame to at-
tenuate mismatched information in neighboring frames.

The information loss by over-exposure and under-
exposure, along with inter-frame photometric inconsis-
tency from varying exposures, renders pixel-level alignment
highly ill-posed. Furthermore, pixel misalignment and in-
formation loss pose significant challenges to existing fusion
and reconstruction methods, which have to deal with the
misalignment and uninformative regions during the fusion.

To address these challenges, we tailor all sub-modules
for HDR video reconstruction to tackle inter-frame motion
and exposure variations, with three optimized novel designs
spanning feature extraction, representation, and fusion. The
Exposure-aware Interleaved Context (EIC) encoder, opti-
mized for feature extraction, enhances feature quality. The
Representation Mapper (RM) refines cross-exposure fea-
tures by avoiding explicit cross-exposure alignment and
mapping them into a unified representation, thereby reduc-
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Figure 1. From an alternately exposed LDR stream, we first en-
code the frames, mapping them from the LDR domain to a cross-
exposure-consistent unified representation, which collapses pho-
tometric gaps. The calibrated features generate a compact set of
HDR candidates. APSWF then performs pixel-wise weighting
with sparse masks and carries out normalized fusion in the lin-
ear HDR domain to produce the final HDR frame. This pipeline
avoids explicit cross-exposure alignment, suppresses ghosting un-
der large motion, and maintains clean edges in both saturated and
under-exposed regions.

D Consistent Representation

ing distortion from forced alignment and enabling comple-

mentary information from different exposures to be used

more reliably. The Adaptive Pixel-wise Sparse Weighted

Fusion (APSWF) improves reconstruction reliability by

casting fusion as pixel-wise candidate selection. It produces

sparse weights and forms a normalized fusion in the lin-
ear HDR domain, ensuring physical plausibility while sup-
pressing artifacts. This step-by-step design substantially al-
leviates the adverse effects of motion and exposure incon-
sistency in multi-exposure HDR video reconstruction.

Our contributions are concluded as:

* We propose an ACCR network that consists of EIC and
RM for extracting exposure-aware features and then map-
ping the features into a unified representation, and de-
codes them in the calibrated linear HDR domain.

* We propose APSWF, which improves reconstruction reli-
ability by formulating fusion as pixel-wise candidate se-
lection with sparse weighting. It performs normalized fu-
sion in the linear HDR domain, ensuring physical plausi-
bility while suppressing artifacts.

» Extensive experiments are conducted to demonstrate the
effectiveness of the proposed method.

2. Related Work

Multi-exposure HDR image reconstruction. HDR im-
age reconstruction has been widely studied, and most meth-
ods consider multiple images with different exposures over
time to reconstruct an HDR image, without specialized sen-
sors. To avoid artifacts of ghosting and blurring, most meth-
ods take alignment into account. Early works [9, 33] re-
duce artifacts in a patch-based way. Learning-based multi-
frame HDR then replaced hand-crafted rules with deep fu-
sion. Kalantari et al. [13] introduced the first deep-learning
method for HDR fusion of temporally multi-exposed im-

ages using optical flow. Wu et al. [38] propose to formu-
late HDR imaging as an image translation problem without
optical flow based on an encoder-decoder network. Yan et
al. [40, 42] adopt a spatial attention module instead of op-
tical flow to discard the interference from motion. Be-
sides, Yan et al. [41] attempt to handle the large motion,
via extracting global information through non-local mod-
ule. Further, [20, 35, 36, 43] use transformer-based mech-
anisms instead of optical flow to enhance alignment. Hu et
al. [10] use frequency domain processing to reconstruct
the HDR image. Kong er al. [16] guide fusion with ex-
posure priors. Li et al. [17] use deep unfolding paradigm
for HDR image reconstruction. Related candidate-selection
and reliability-aware fusion ideas have also been explored
in HDR deghosting, including hard-voting based fusion and
uncertainty-aware HDR merging [1, 29]. However, most
HDR image rendering pipelines assume a fixed-exposure
reference frame, which does not carry over to HDR video
where the reference exposure alternates over time.
Multi-exposure HDR video reconstruction. HDR video
reconstruction has received relatively less attention and
exploration, compared with HDR image reconstruction.
Kalantari et al. [14] adopt a multiscale optical flow net-
work to align neighboring frames and U-Net [32] to fuse
multi-exposure frames, which is the first work for video
HDR reconstruction based on deep learning. Chen et al.
[2] propose to align by stages, which first coarsely aligns
via optical flow and then utilizes the deformable convolu-
tion [44] for fine alignment. Chung et al. [4] propose a
Luminance-based Alignment Network that combines the at-
tention and hallucination modules for the alignment. Xu
et al. [39] propose a lightweight flow network with multi-
size large kernel convolutions to efficiently model large mo-
tions. Shu et al. [34] propose a two-stage strategy to per-
form alignment sequentially to handle complex motion. Cui
et al. [6] propose an exposure completing method which
completes the missing exposure information by interpolat-
ing LDR frames to render HDR videos. Lin et al. [19]
propose a state-space—model method, modeling long-range
dependencies across both spatial and temporal dimensions
to handle ghosting artifacts. Lin er al. [18] propose a
lightweight method that employs a bidirectional progressive
propagation scheme, combined with adaptive alignment and
attention-based fusion. Different from them, we propose a
framework that maps inputs from different exposures into a
unified representation to make full use of each other’s infor-
mation instead of explicit alignment.

3. Learning Representation HDR Network

In this paper, we propose an algorithm for reconstruct-
ing an HDR video {H;|t = 1,2,...} from an LDR video
{L|t = 1,2, ...} captured with a conventional camera op-
erating in alternating exposure modes. Let the exposure
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modes be {e; };co, where ¢; is the i-th mode exposure time,
© ={0,1,..., N, — 1} and N, denotes the number of ex-
posure levels in each cycle. Each LDR frame L; is acquired
under one exposure mode, and the modes repeat cyclically
throughout the sequence.

In practice we use N. € {2,3} to cover high- and
low-luminance regions. For N, = 2, the cycle alternates
between EV-3 and EV+0, and for N, = 3, the cycle is
EV-2, EV+0, EV+2. For clarity and brevity, this paper de-
tails the algorithm for two-exposure alternating mode and
defers the treatment of the three-exposure case to the Sup-
plementary Material.

Overview. The overall architecture of the proposed frame-
work is shown in Fig. 2. The framework consists of a
pretrained Interpolator FILM [31], a trainable ACCR, a
trainable APSWF. At time ¢, a three-frame sliding win-
dow L7°,, L*, Ly, is fed into the framework, where L;*
serves as the reference frame. We obtain a non-reference
exposure intermediate L from L |, L7, using the pre-
trained Interpolator, providing reference-free motion infor-
mation. Then {L¢*, L%} are fed into ACCR to obtain

the unified representation linear HDR frames { H¢*, HE°}.
Then APSWF fuses the original inputs after transforming
them to the linear HDR domain. The transformation is de-
fined as

(L) =L"/e, (1)

where L is the LDR input, e is the exposure time, and v =
2.2. APSWF then performs fusion in a voting manner on
these linear HDR inputs.

3.1. Amalgamated Cross-exposure Consistent Rep-
resentation.

Forcing inputs from different exposure modes to explicitly
align to a single reference frame can intensify ghosting arti-
facts and place greater strain on subsequent reconstruction
modules. To avoid explicit cross-exposure alignment, we
propose ACCR, which maps each exposure stream into an
exposure-independent unified representation domain.

EIC Encoder. EIC is an encoder tailored for HDR video re-
construction from alternately exposed frames. Its goal is to
extract exposure-aware features that retain useful fine struc-
tures and provide stable spatial context. Given a pair of dif-
ferently exposed frames {L¢*, L} containing a reference
frame and an interpolated frame, the EIC encoder extracts
features via two branches and a scalar exposure gate «(e;),
where ¢ € {0,1} indexes the exposure mode. The fused
feature output is

Fft = LF(L{") + ale;) - HF(L{Y). )

As shown in Fig. 2 (a), the Large-Field (LF) branch ap-
plies a typical convolutional layer with stride 2. The High-
Fidelity (HF) branch is composed of the pixel unshuffle

layer, channel splitting operation, the dot product and a con-
volutional layer with stride 1. Furthermore, we design an
Exposure Gate (EG) as

ale;) = J(w log(e; +¢) + b), 3)

where ¢ = 1078 avoids numerical issues, w, b are learned
scalars and o (+) is the sigmoid function. A global exposure-
dependent gate modulates per-pixel features, refined via
spatial convolutions for exposure-aware, spatially adaptive
fusion. LF and HF with EG jointly introduce an exposure-
aware multi-scale information exchange mechanism.

The fused features Fy* are then fed into the RM module,
which maps them into a unified representation consistent
across exposures.

Representation Mapper. We aim to learn a unified rep-
resentation R;(z) that maintains exposure-independence at
the position of pixel x at time ¢, and a normalized mapping
II° that projects any exposure feature onto that unified rep-
resentation as

Ff(z) = 1I° (F{(z)) = Re(x), e€{en,e1}. (4
We aim to map input features from different exposures to-
ward a shared representation R;(x). To model the form of
normalization mapping I1¢, we begin with the fundamen-
tal model of imaging, the output LDR frame is controlled
by the s = loge. In locally well-exposed regions and
under a common monotonically differentiable camera re-
sponse function, the derivative of the observation X with
respect to s at pixel x can be approximated as

0Xe

0.X° = —Z—e~ A(2)X* + B(a), (5)

where A(x) is an intensity-dependent term and B(zx) ab-
sorbs bias terms such as black level and dark current. For
encoder E(-), expanding along the direction of s gives

0sE(x) ~ a(z, s)E(x) + b(x, s). (6)

Integrating along the path from s, to sp, the solution is in
affine formas E(X®)(z) = k(x)E(X°)(z)+b(x), which
motivates a pixel-wise, channel-wise linear modulation in
feature space. Feature-wise affine modulation has appeared
in broader conditioning and feature-statistics alignment lit-
erature [11, 27], here we use it for cross-exposure represen-
tation normalization guided by radiometric cues and super-
vised in the calibrated HDR domain.

Based on the above theory, we define the unified map-
per 1I¢ as an element-wise linear modulation, thus, we de-
signed the Representation Mapper module as the II¢ shown
in Fig. 2,

Ff(z) = K{(z) © F{(x) + B (v), (7N
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Figure 2. Overview of the proposed LRHDR. We take a three-frame LDR window with alternating exposures and interpolate a same-
exposure middle frame using pre-trained FILM [31]. EIC encodes reference frame and interpolated middle frame with a large-field branch,
a high-fidelity sub-pixel branch, and an exposure gate. We compute cross-exposure cues in the linear-radiance domain. RM applies per-
pixel, per-channel linear modulation, guided by the cues, to map the features into a cross-exposure-consistent unified representation, and
then decodes them into linear HDR outputs. APSWF receives all linear HDR domain candidates and predicts sparse, normalized masks for
pixelwise weighting. The final HDR frame is the masked fusion of the candidates in the linear HDR domain.

where © is Hadamard product, = denotes the index of each
pixel. II® maps features from different exposures toward
a coarse shared representation. However, in areas of over-
saturation and those overwhelmed by dark noise, it is diffi-
cult to reliably map a single path to the correct R;. Thus,
we use the cues Cy, C°2, which are defined as

Co=T(L§") =T (L),

C2=C 00, ®)
to guide the estimation of K and B, where I'(+) is defined
in Eq. (1) and ® stands for the Hadamard product. C;
serves as a signed cue for cross-exposure discrepancy and
indicates whether a region tends to require enhancement or
suppression, while C¢? provides a magnitude and reliabil-
ity cue that helps estimate the confidence and modulation
strength. After completing these operations, we decode the
exposure-normalized features to the image domain to pro-
vide supervision for the normalization mapping II¢. Thus,
with the input of the features obtained from the EIC encoder
{Fer, Ffo} and the cues {Cy, C92},the total RM module as
shown in Fig. 2 (b) is as follows

Fteoszo@Fteo"‘Bteoﬂ 9
Ff' = K{* @ F{* + By,

To better supervise ACCR training, we decode the rep-
resentation information learned by the RM into the linear
HDR domain for supervision following

Hi* = D(E),
H;' = D(F}").

ACCR Loss. To guide the ACCR in learning accurate uni-
fied representation, we design a dedicated multi-term loss

(10)

function. This loss targets the two linear HDR output Hfo
and H;' by ACCR, enforcing consistency with the ground-
truth HDR frame H}. The ACCR Loss is defined as

£ACCR = ALt - ELl + )\grad . ﬁgrada (11)

where A1 = 1.0 and Agraq = 0.01 are hyperparameters
selected via cross-validation to balance the two objectives.
To enhance perceptual quality [39], we formulate the loss in
the tonemapped HDR domain using a simple differentiable
p-law function as the tonemapping function 7

~ log(1+ pH)
TH) = log(1 + 1)

where p is set to 5000. The Lr; is defined as

) 12)

)

Lo = [T — ()

| [T - T

;
13
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Figure 3. Effectiveness of ACCR. Compared to recent methods
that rely on explicit cross-exposure frame aligning, our ACCR re-
construction produces intermediate results with significantly less
distortion. This enables us to achieve higher-fidelity HDR final
outputs. Right three columns: Row 1 shows the aligned interme-
diate frames from HDRFlow [39], NECHDR [6] exposure com-
pletion, and our decoded unified representation, and Row 2 shows
the corresponding HDR results.

where 7 = 0.7 is a reduced weight for the interpolated
frame. This design mitigates over-constraining the inter-
polated stream. To preserve structural details and avoid ar-
tifacts, we define Lgraq as a robust multi-scale gradient fi-
delity loss, adapted to HDR-specific challenges

Loraa = Ly (T(H), T(H}))+ws- Ly (T(H), T(H)),

(14)
where Ly is a top-down multiscale approach gradient loss
with the resolution of 1x,0.5%,0.25X, defined as

L‘v:E[\/(Gw—G;)Q—i—(Gy—G;)Q—i—e, (15)

where E denotes the spatial average and G stands for gra-
dient, e = 1079 prevents division by zero. The multi-scale
weights w, are normalized to ensure balanced contribution
across resolutions and set as ws = (1.0,0.5,0.25) the same
as the resolution scales.

3.2. Adaptive Pixel-wise Sparse Weighted Fusion

APSWF treats fusion as pixel-wise candidate selection.
Rather than asking how much to average from each source,
APSWEF learns sparse, exposure-aware weights that adap-
tively activate only reliable candidates at each pixel. The
final estimate is a normalized weighted fusion in the linear
HDR domain, which reduces artifacts.

Concretely, based on the ACCR stage, the orig-
inal LDR frames and the interpolated LDR frame
(L, L5, L9 LE°},  together with the unified

{Hf*, H} obtained by ACCR and the linear-radiance
candidates {H°,, H;*, H;?, H{°} obtained via I'(-) in
Eq. (1), are fed into APSWE. APSWF learns a sparse mask
tuple M (z) for each pixel ©

M(z) = Mi(z),..., Ms(z)), (16)

and for every pixel z, with
6

i=1
thus, the HDR estimate is fused by

~ 6
He=) MH, (18)

and (Hi,...,He) = (H®,, H{' HY  Hi° H* H®).

As shown in Fig. 2, APSWF adopts a U-Net [32] archi-
tecture augmented with triplet attention (TA) blocks [24],
thereby providing per-pixel information that reliably guides
learning sparse pixel weights. The backbone produces fea-
tures at four scales (1/8, 1/4, 1/2, 1x). At each scale,
we attach a lightweight six-channel head that predicts per-
candidate weighting logits £(*). Coarse scales capture long-
range context. The 1x head refines the boundaries of the
masks. We upsample and fuse the multi-scale logits in a
top-down manner to obtain the final weighting logits. A
critical measure of APSWF is to map ¢ to sparse probabil-
ity masks so that only a few candidates remain active at any
pixel. We therefore use a-entmax [28] to project logits onto
the 6-simplex {p € RS, : 3", p; = 1}, and we set v = 1.75
for both training and inference to obtain winner-takes-most
masks with exact zeros while keeping gradients smooth.
Vote Loss. To supervise APSWF, we derive oracle votes to
find the candidate that best matches the ground-truth HDR.
We also use Eq. (12) to enhance perceptual quality, based
on this, we define the per-candidate error as

Ei(z) = | T(Hi(x)) = T(H*(@))]5 (19)

where H* is the ground-truth HDR while z is the pixel,
and the oracle label is i*(z) = argmin;eqy .. 6} Fi(2).
Given weighting logits £(z) € R, we map logits to a sparse
probability simplex with c-entmax and minimize the corre-
sponding Entmax cross-entropy

1

£vote = ﬁ

3" CEentmax, o(U(z),i*(x)), =175,
zeQ
(20)

where (2 stands for image domain. This calibrated surrogate
aligns training with our winner-takes-most masks such that
the dominance of a single candidate leads to an optimal one-
hot solution, otherwise, a low-entropy mixture is permitted
while avoiding dense averaging.

The total loss consists of ACCR Loss £accr, Vote Loss
Lote and Frame Reconstruction Loss Lrecon. The LRecon
uses L1 loss as

Lrocon = | T(He) = T(H)1- 21
And the total loss L;,:4; is defined as
Liotat = MLRecon + A2Laccr + A3Lyotes (22)
where A\ = 1, Ao = 0.1, and A3 = 0.5.
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Figure 4. Qualitative comparisons on the Cinematic Video [8] dataset under 2-exposure setting. Left: scene with saturation and motion.

Right: scene with complex lighting and severe noise interference.
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Figure 5. Qualitative comparisons on the DeepHDRVideo [2] dataset under 3-exposure setting in the scenes with large motion.

4. Experiments

4.1. Experimental Setups

Datasets. We use the training data from the Cinematic
Video dataset [8], which is generated following the same
procedure as [2]. The proposed framework is evaluated
on two synthetic video sequences, POKER FULLSHOT
and CAROUSEL FIREWORKS, from the Cinematic Video
dataset, as well as on the DeepHDRVideo dataset [2]. The
Cinematic Video dataset includes diverse indoor and out-
door scenes, while the DeepHDRVideo dataset consists of
real-world dynamic scenes and static scenes augmented
with simulated global motion. Because the Kalantaril3
dataset [15] lacks ground truth, it is only used for qualitative
evaluation as [4].

Training details. We use the AdamW optimizer [22] with
B1 = 0.9 and By = 0.999. The initial learning rate is

10=* for APSWF and 10~ for the ACCR. A cosine an-
nealing schedule [21] is used to reduce both learning rates
for ACCR and APSWF to 106 over 300 epochs. The mini-
batch size is 8. All experiments are implemented in PyTorch
[26] and executed on four NVIDIA RTX 4090 GPUs with
24 GB of memory each. And we train LRHDR once and
evaluate the same frozen weights on all datasets.
Evaluation metrics. We use PSNR7, SSIMt, and HDR-
VDP-2 [23] as evaluation metrics. PSNR7 and SSIM are
computed in the p law tone mapped domain. For HDR-
VDP-2, the angular resolution is set to 30 pixels per visual
degree for all compared methods, following [4, 6].

4.2. Quantitative and Qualitative Comparisons

Quantitative comparisons. As shown in Tab. 1, we pro-
vide quantitative comparisons between our method and
prior state-of-the-art methods on the Cinematic Video [8]
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Table 1. Quantitative comparisons of our method with other state-of-the-art methods on both Cinematic Video [8] and DeepHDRVideo [2]
datasets under both 2-exposure setting and 3-exposure setting. The best and the second best results are highlighted in red and blue.

Dataset | Metric . Method
Kalantari [14] Yan [40] Prabhakar [30] Chen [2] LAN-HDR [4] HDRFlow [39] NECHDR [6] Ours

° PSNR 37.06 31.65 34.72 35.65 38.22 39.30 40.59 41.11
5| [8] SSIM 0.9053 0.8757 0.8761 0.8949 0.9100 0.9156 0.9241 0.9274
3 HDR-VDP-2 70.82 69.05 68.82 72.09 69.15 71.05 73.31 75.23
& PSNR 3991 40.54 40.21 42.48 41.59 43.25 43.44 43.49
E, [2] SSIM 0.9329 0.9452 0.9414 0.9620 0.9472 0.9520 0.9558 0.9630

HDR-VDP-2 71.11 69.67 70.27 74.80 71.34 77.29 79.20 80.68
© PSNR 33.21 34.22 34.02 34.15 35.07 36.65 37.24 37.64
5| 8] SSIM 0.8402 0.8604 0.8633 0.8847 0.8695 0.9055 0.9102 0.9120
& HDR-VDP-2 62.44 66.18 65.00 66.81 65.42 66.02 68.36 71.01
E PSNR 38.78 40.20 39.48 39.44 40.48 40.56 40.13 40.93
e | [2] SSIM 0.9331 0.9531 0.9453 0.9569 0.9504 0.9535 0.9550 0.9646

HDR-VDP-2 65.73 68.23 65.93 67.76 68.61 72.42 76.98 76.01

and DeepHDRVideo [2] test sets. Across both datasets
and both exposure settings, our method attains the high-
est PSNRy and SSIMy and delivers competitive or supe-
rior HDR-VDP-2. And on the Cinematic Video dataset [8],
our method improves HDR-VDP-2 over the second best by
1.92 in the two exposure setting and by 2.65 in the three
exposure setting.

/

LDRs

Our Tonemapped Results

LAN-HDR HDRFlow NECHDR Ours

Figure 6. Comparisons with previous state-of-the-art methods [4,
6, 39] on the Kalantaril3 dataset [15].

Qualitative comparisons. As shown in Figs. 4 and 5,
we compare our approach with recent state-of-the-art HDR
video reconstruction methods, including Chen et al. [2],
LAN-HDR [4], HDRFlow [39], and NECHDR [6], on
the Cinematic Video [8] and DeepHDRVideo [2] datasets.
Specifically, Fig. 4 illustrates results from scenes with sat-
uration and motion, as well as scenes with complex light-
ing and severe noise interference, on the Cinematic Video
dataset under the 2-exposure setting. In scenes with satura-
tion and motion, competing methods are more prone to ar-
tifacts and fine-detail loss, while LRHDR produces cleaner

boundaries and more stable highlight reconstruction. Under
complex lighting and severe noise interference, competing
methods tend to show stronger noise amplification and de-
tail degradation, while LRHDR yields more stable recon-
structions. As shown in Fig. 5, we further present results
under the three exposure setting on the DeepHDRVideo [2]
dataset, which contains scenes with large motion. In these
scenes, large displacements increase the difficulty of cross-
frame matching, and visible ghosting is more likely to ap-
pear in prior methods [2, 4, 6, 39]. By comparison, LRHDR
preserves cleaner contours and finer textures in this exam-
ple. Furthermore, as shown in Fig. 6, we also demonstrate
that our model outperforms existing models in reconstruct-
ing non-rigid motion.

4.3. Analysis

Ablation study. We conduct ablation studies on sequences
with two alternating exposures. The experiments assess the
contribution of each component on the Cinematic Video [8]
dataset and on the dynamic sub-dataset of DeepHDRVideo
[2], which contains large motion. Quantitative results are
reported in Tab. 2. We build a baseline that uses FiLM
[31] to synthesize the non-reference intermediate and em-
ploys APSWF for fusion. Training for this baseline uses
the frame reconstruction loss with our Vote Loss. Adding
the EIC encoder, which is tailored for alternately exposed
inputs, yields clear gains by providing exposure-aware fea-
tures. Introducing the RM module further improves all
metrics by mapping cross-exposure features into a uni-
fied representation and by complementing unreliable re-
gions across streams, which reduces mismatches. To en-
sure that RM learns the correct representation, we add the
ACCR loss, and this constraint delivers additional, con-
sistent improvements. Finally, we supervise candidate se-
lection with a Vote Loss that aligns the predicted masks
with oracle choices, this supervision outperforms the corre-
sponding variant without Vote Loss, giving the best overall
results in Tab. 2.
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Table 2. Ablation study of LRHDR on the dynamic scenes of DeepHDRVideo (DeepHDRVideo-D in the table) [2] and Cinematic Video
[8]. The Base uses FiLM [31] with our APSWF and Vote Loss. And ACCR has been decomposed into two parts: EIC and RM. Bold

indicates the best score.

Model | ACCR APSWF ACCRLoss  Vote Loss | DeepHDRVideo-D | Cinematic Video

| EIC RM | PSNRy  SSIMy | PSNRy SSIMy
Base | | 4451 09699 | 40.01 09157
EIC v v v 44.86 09714 | 4027  0.9220
RM v v v 4511 09724 | 4047 09232
RM+ACCRLoss v v v v 4546 09725 | 4061  0.9260
ACCR+APSWF v oV v v 4557 09722 | 4099  0.9263
ALL w/o. Vote Loss | v v v v 4552 09733 | 4097  0.9246
ALL (Ours) v oY v v v 4589 09753 | 4111 09274

ACCR. We further analyze ACCR by comparing it with
explicit alignment-based reconstruction methods, as shown
in Fig. 3, explicit optical-flow alignment becomes less reli-
able for HDR video with alternating exposures, leading to
more noticeable distortions in the intermediate results. Such
intermediate distortions propagate to the final HDR recon-
struction and are especially noticeable in dynamic regions.
And in Tab. 3, we use Fusion Net in previous works [0, 39],
further supports this observation quantitatively. These re-
sults suggest that ACCR provides a more robust reconstruc-
tion strategy than motion-aligned alternatives under alter-
nating exposures.

APSWE. To study the effect of APSWF, we compare our
sparse weighted fusion with the dense fusion networks used
in prior methods [6, 39]. APSWF performs normalized
fusion in the linear HDR domain using sparse weighted
masks. As shown in Tab. 3, ACCR with APSWF consis-
tently achieves higher PSNR7 and SSIM7t scores on both
the Cinematic Video [8] dataset and the dynamic scenes of
DeepHDRVideo [2] than ACCR equipped with the dense
fusion network used in [6, 39].

Robustness to large motions. We evaluate our method
against recent state-of-the-art [4, 6, 39] across different mo-
tion magnitudes, as shown in Fig. 7. To build the evaluation
set, we apply [7] by using OpenCV on the dynamic scenes
from DeepHDRVideo [2] to estimate optical flow. We then

Table 3. Effectiveness of ACCR and APSWF in LRHDR. Bold
indicates the best score, and underline indicates the second score.

DeepHDRVideo-D  Cinematic Video

Model

PSNRy SSIMy PSNR7 SSIMp
HDRFlow [39] 45.50 0.9683 39.30 0.9156
NECHDR [6] 45.35 09713 40.59 0.9241
Ours’ 45.61 0.9729 4090 0.9264
Ours 45.89 0.9753 41.11  0.9274

T We use Fusion Net in [6, 39] instead of our APSWF.

manually crop images with reliable flow and partition each
crop into 128 x 128 blocks. For each block, we compute the
average motion magnitude and measure blockwise PSNR.
We finally report PSNR for blocks grouped by motion mag-
nitude. As shown in Fig. 7, LRHDR retains stronger PSNR
across different motion-magnitude ranges.
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Figure 7. Comparisons with previous state-of-the-art methods [4,
6, 39] across different motion magnitude ranges.

5. Conclusion

In this paper, we present LRHDR, an end-to-end frame-
work for HDR video reconstruction from alternately ex-
posed LDR inputs. ACCR learns a cross-exposure con-
sistent representation without explicit cross-exposure align-
ment, while APSWF performs sparse pixel-wise fusion us-
ing a-entmax masks and vote supervision. Together, these
components enable more effective use of complementary
information across input frames. Extensive experiments
on public benchmarks show that LRHDR consistently im-
proves reconstruction quality under alternating exposures,
especially in scenes with saturation and large motion.
Acknowledgement. This work was supported by the Na-
tional Natural Science Foundation of China No. 62522113
and the National Key Research and Development Program
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