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Abstract. High dynamic range (HDR) novel view synthesis (NVS) aims
to reconstruct HDR scenes from multi-exposure low dynamic range (LDR)
images. Existing HDR pipelines heavily rely on known camera poses,
well-initialized dense point clouds, and time-consuming per-scene op-
timization. Current feed-forward alternatives overlook the HDR prob-
lem by assuming exposure-invariant appearance. To bridge this gap, we
propose InstantHDR, a feed-forward network that initializes 3D HDR
scenes from uncalibrated multi-exposure LDR collections in a fast sin-
gle forward pass. Specifically, we design a geometry-guided appearance
modeling for multi-exposure fusion, and a meta-network for generaliz-
able scene-specific tone mapping. Due to the lack of HDR scene data,
we build a pre-training dataset, called HDR-~Pretrain, for generalizable
feed-forward HDR models, featuring 168 Blender-rendered scenes, di-
verse lighting types, and multiple camera response functions. Compre-
hensive experiments show that our InstantHDR delivers a single-forward
HDR initialization at ~ 700x the speed of SoTA optimization-based
methods, and reaches comparable quality in real settings after lightweight
post-optimization while remaining ~ 20x faster. All code, models, and
datasets: https://github. com/Bugjudger/InstantHDR.
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1 Introduction

High dynamic range (HDR) novel view synthesis (NVS) aims to reconstruct HDR
scenes from multi-view low dynamic range (LDR) images captured at varying
exposures. Unlike typical low dynamic range (from 0 to 255) imaging, which of-
ten suffers from detail loss in extreme lighting and color distortion due to sensor
limitations, HDR captures a broader spectrum of luminance (from 0 to +o0).
Through integrating advanced frameworks like NeRF [55] or 3D Gaussian Splat-
ting [28] with a tone mapper to model the camera response function (CRF), HDR
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Fig. 1: Comparisons of reconstruction time (yellow boxes), scenes (left) and rendered
views (right) between the GaussHDR [411] (top), original AnySplat [21] (middle) and
our InstantHDR (bottom). (i) GaussHDR [41] spends expensive 25 mins and produces
tearing artifacts, as its initial point clouds collapse under the sparse-view inputs. (ii)
AnySplat [21] naively fuses multi-exposure inputs, causing ghosting artifacts and lack-
ing exposure control. (iii) Our InstantHDR initializes 3D-consistent HDR scenes in few
seconds and renders clean LDR images with controllable exposure time.

task enables the re-rendering of photo-realistic novel views with controllable ex-
posure. Its ability to faithfully represent real-world light and shadow makes it
indispensable for multiple applications such as autonomous driving [16,67,71,87],
digital humans [15,43,98,99], and immersive image editing [32,45,606,92].

Existing HDR NVS methods [3,17,41] are predominantly optimization-based.
However, this paradigm is costly and generalizes poorly: it relies on precisely
calibrated camera poses and dense multi-view inputs for SfM-based point cloud
initialization, followed by time-consuming per-scene densification and optimiza-
tion. For example, as shown in Fig. 1, GaussHDR [11] struggles to reconstruct
scenes from only four LDR views, since exposure-induced appearance inconsis-
tencies degrade the reliability of SfM-based point cloud initialization in sparse-
view settings. Furthermore, their heavy computational overhead and strong data
dependency limit practical deployment in real-time scenarios.

Recently, 3D feed-forward models |21, 73] have revolutionized scene recon-
struction by inferring geometry in seconds, achieving impressive speed and bet-
ter generalization than optimization-based methods. Integrating this paradigm
into the HDR NVS tasks could boost model generalizability and inference speed.
However, directly applying the original feed-forward models to HDR reconstruc-
tion may encounter the following issues. (a) Exposure-induced Appearance
Inconsistency: Naive fusion leads to severe ghosting — as shown in Fig. 1. The
same white wall appears bright at = 32s but nearly black at = 0:125s, caus-
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ing visible artifacts in AnySplat [21]. (b) Pixel-level Geometric Alignment:
Establishing accurate pixel-level geometric correspondences remains a non-trivial
task under large brightness variations. (¢) Camera Response Functions In-
consistency: In real world, different camera and software apply distinct color
transformations (e.g., AgX, Filmic), making it difficult to learn a unified tone
mapping operator. (d) HDR Data Scarcity: Current publicly available HDR,
datasets [17,25] are insufficient (as shown in Tab. 1) to support the robust large-
scale pre-training required for feed-forward models.

To address these challenges, we propose InstantHDR, a novel feed-forward
3D reconstruction framework for HDR novel view synthesis. InstantHDR, com-
prises two key components. First, a geometry-guided appearance modeling module
normalizes multi-exposure LDR inputs into a unified exposure space and utilizes
geo-attention from the geometry encoder to fuse patch-level irradiance features.
Fine-grained texture details are further recovered by incorporating Difference
of Gaussians (DoG) high-frequency cues, lifting the representation to pixel-level
irradiance before predicting HDR 3D Gaussians. Second, a MetaNet takes the
predicted HDR Gaussians, LDR images, and exposure times as input to estimate
scene-specific tonemapper parameters, enabling generalizable HDR-to-LDR ren-
dering with controllable exposure time t. This fast single forward pass yields a
strong HDR initialization; a lightweight post-optimization stage then refines it
to quality comparable to SoTA, while together remaining orders of magnitude
faster than existing fully optimization-based pipelines.

Our contributions can be summarized as follows:

(i) We propose InstantHDR, the first feed-forward HDR novel view synthesis
method. It features a geometry-guided appearance module for exposure-robust
multi-view fusion and a meta-network for generalizable tone mapping, enabling
3D HDR initialization from uncalibrated multi-exposure LDRs in seconds.

(ii) We build HDR-Pretrain, a large-scale dataset of 168 synthetic indoor
scenes to support feed-forward HDR pretraining. Experiments show that In-
stantHDR initializes HDR scenes ~700x faster than SoTA, reaching competitive
quality after lightweight post-optimization while staying ~20x faster.

2 Related Works

High Dynamic Range Imaging. HDR imaging has traditionally merged mul-

tiple LDR exposures from a fixed viewpoint [53] or recovered the camera response
function from bracketed LDR sequences 3,77, 78], but these methods suffer
from ghosting under scene motion. Subsequent works [12, 18,26, 70, 84] mitigate

this via optical-flow-based motion compensation prior to fusion, while learning-
based approaches directly learn LDR-~to-HDR mappings using CNNs [9,29,31,418]

and Transformers [4, 23, 49, 65, 90, 91]. Others reconstruct HDR from a sin-
gle LDR image via handcrafted priors in an unsupervised or self-supervised
manner [10, 38,57, 60, 83,97]. A parallel line operates in the RAW domain,

exploiting its higher bit-depth and linear radiometric response—from a sin-
gle RAW image [101], by jointly denoising and fusing multi-exposure RAW
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frames [19, 34, 44], or by reconstructing HDR video from alternating-exposure
RAW sequences [62, 81], often coupled with the in-camera ISP [36]. However,
these methods lack the 3D understanding needed for HDR novel views.
Gaussian Splatting. 3D Gaussian Splatting (3DGS) [28] represents scenes
as collections of anisotropic Gaussian primitives, enabling real-time rendering
through e cient rasterization o ering a signi cant speed advantage over NeRF-

based volumetric ray-marching [17,25,54]. This e ciency has driven its adoption
across diverse tasks including dynamic scenes [51, 79, 86], SLAM [27,52,82,93],
inverse rendering [22,40,80], digital humans [14,33,46], 3D generation [39,68,89],

and medical imaging [2, 94]. Nevertheless, current HDR extensions [1,3,6,11,24,
,41,42,63, ] of 3DGS remain predominantly optimization-based, resulting
in expensive per-scene reconstruction times. Our work aims to Il this gap.
Feed-forward 3D Reconstruction. Recent advances pursue end-to-end 3D re-
construction directly from unposed images. Pioneering works such as DUSt3R [76]
and MASt3R [35] replace multi-stage pipelines with a uni ed model that jointly
estimates depth and performs dense scene fusion, and subsequent approaches [47,
,69,72,73,75,85] cascade transformer blocks to recover camera poses, point
trajectories, and scene geometry in a single forward pass. A parallel line [5,13,20,
,74,88,96] targets novel view synthesis from unposed sparse-view images. Com-
pared to optimization-based ones, these models o er remarkable speed, strong
generalization, and minimal data requirements, yet their potential for HDR re-
construction remains largely unexplored. We explore this promising direction.

3 Method

Given uncalibrated multi-view LDR images captured at varying exposures, In-
stantHDR initializes HDR 3D Gaussians and renders novel views at any target
exposure (Fig. 2). We rst formalize the problem in Sec. 3.1, then detail the
pipeline design in Sec. 3.2, including a Geo-guided Appearance Modeling mod-
ule (Sec. 3.3) and a 3D HDR-to-2D LDR Mapping module (Sec. 3.4), and nally
present our training strategies in Sec. 3.5.

3.1 Problem Setup

Inputs. Consider V uncalibrated views of a single 3D scene, given as context
images flyg\—; , Iv 2 RHW3 | each captured at a known exposure time t,.
For convenience, we work in log-exposure space and de ng =log, t .

Outputs. InstantHDR jointly reconstructs the scene geometry and HDR ap-
pearance by predicting:
(a) HDR 3D Gaussians. A collection of G anisotropic 3D Gaussians

G
(g o' TgiSeiCQ) 4oy @)

where each Gaussian is parameterized by a center position 2 R, an opacity
2 R *, an orientation quaternion r 2 R 4, an anisotropic scale s 2 R, and
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Fig. 2: Overview of InstantHDR. Given multi-exposure LDR images, the frozen
geometry branch estimates depth and camera poses, while the appearance branch
normalizes exposures (Fe ), fuses cross-view irradiance via geometry-guided attention
(Fa), and recovers pixel-level details via DoG upsampling. The Gaussian head Fg
combines both branches to produce HDR 3D Gaussians. The Meta Net Fy predicts
tone-mapping parameters for rendering LDR images at controllable exposures.

an HDR color embedding ¢ 2 R3&*D) * parameterized as degree-k spherical-
harmonic (SH) coe cients that encode log-radiance, following [3,41].

(b) Camera parameters. Per-view parameters fg 2 R°gY_, , where p, comprises

a focal length, a 3-DoF rotation (axis-angle), a 3-DoF translation, and a 2-DoF
principal-point o set.

(c) Scene-level attributes. A mid-exposure anchor = %(max, 'y +miny ),
serving as the reference exposure level, and the parameters of a lightweight
tonemapper that approximates the scene-speci ¢ camera response function (CRF).

Overall mapping. Formally, our model implements:

n 0g
foofivivas 70 (g giTgs Sgi Cp) o LT am g

3.2 Pipeline Overview

As illustrated in Fig. 2, our pipeline consists of two branches: a geometry branch
that estimates scene structure from multi-view images, and an appearance branch
that reconstructs HDR irradiance from exposure-inconsistent inputs. Given V
uncalibrated multi-exposure LDR images, the geometry branch encodes them
into high-dimensional features via a pretrained transformer and decodes depth
maps and camera poses. The appearance branch our core contribution uses
a Geo-guided Appearance Modeling module that leverages geometric correspon-
dences from the geometry branch to fuse multi-exposure information into a co-
herent HDR representation. The outputs of both branches are combined by a
Gaussian head to produce HDR 3D Gaussians, which are then converted to LDR
via a learned tonemapper (Sec. 3.4).
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Geometry Branch. The geometry branch provides the structural foundation
for our pipeline. Following VGGT [73] and AnySplat [21], we adopt a pretrained
alternating-attention transformer as the geometry backbone. Each image | is
patchi ed into N = HQ’;’ tokens of dimension d using DINOv2 [58], where p=14
and d=1024. To each token sequencet 2 RN ¢ | we prepend a learnable camera
token t&™ 2 R19 and four register tokens ff 2 R4 . The combined tokens
from all V views are processed by an L-layer alternating-attention transformer,
where each layer applies frame-wise self-attention followed by global cross-view
attention. Dedicated decoder heads for camera poses @nd depth maps D, are
frozen together with the geometry encoder throughout training.

Gaussian Head. The Gaussian head combines information from both branches

to predict HDR-aware Gaussian attributes. It takes the geometry tokens € and
the high-resolution irradiance features fCr produced by the Geo-guided Appear-
ance Modeling module (Sec. 3.3) as input. The Gaussian head remains trainable,
enabling it to output HDR-aware Gaussian attributes f ¢;r4;Sq; cgg.

3.3 Geo-guided Appearance Modeling

The frozen geometry branch provides reliable structure but cannot handle exposure-
induced appearance inconsistency. We introduce the Geo-guided Appearance
Modeling module, which mitigates this problem through three stages: (1) Ex-
posure Normalization aligns inputs to a common reference level, (2) Geo-guided
Cross-view Attention fuses irradiance features using geometric correspondences
from the frozen backbone, and (3) High-Resolution Upsampling recovers pixel-
level textures via high-frequency cues. The output features are decoded into
log-radiance SH colors g for each Gaussian.

Exposure Normalization F  g. To fuse multi-exposure views, we rst remove
the exposure-induced brightness variation by normalizing all appearance features
to a shared reference level. We de ne the relative log-exposure of each view as
Vv =" v ,where is the mid-exposure anchor from Eq. (2), and encodé;, into a
d-dimensional embedding ¢ via sinusoidal positional encoding [55]. Meanwhile,
we extract per-view appearance tokens} 2 RN9  from each LDR image using

a separate patch encoder with the same patch size p and dimension d as the

geometry backbone. A FiLM layer [59] then predicts per-view a ne parameters:

(v: v)=FiLM ey; ay; a ; 3)

1 Pvoa ; Py
wherea, = § -, ty, is the per-view feature mean anda = ¢ ,_; ay is

the global scene summary. The appearance tokens are then modulated as:
0=th @+ o+ v (@)

aligning all views to a shared irradiance level before cross-view fusion. FiLM is
not meant to invert the full non-linear CRF, but to coarsely align exposure distri-
butions into a comparable range before fusion. The remaining spatially varying
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Fig. 3: Geo-guided Cross-view Attention. (a) The module reuses Q, K from the

14th frozen geometry encoder layer to guide appearance fusion. (b) Attention maps
visualization shows that it naturally and accurately matches query patches (red box)
across views under large viewpoint and extreme exposure variations (t: 0.5 32s).

e ects, which a global FILM cannot capture, are handled by the subsequent
patch-level Geo-guided Attention. Note that, unlike methods that rst linearize
inputs via inverse gamma correction [97], our model operates directly on camera-
output LDR images (gamma-encoded), since our training objective reconstructs
multi-exposure LDR images rather than linear HDR radiance (Sec. 3.5).

Geo-guided Cross-view Attention F a. Dierent exposures capture comple-
mentary information: bright exposures reveal shadows while dark ones preserve
highlights. Fusing them requires cross-view correspondences, which are challeng-
ing under large viewpoint and exposure changes. Interestingly, we observe that
the global attention maps in the frozen geometry encoder already encode reliable
cross-view geometric correspondences, greatly bene ting our appearance model-
ing. Therefore, we reuse these attention maps to guide appearance fusion. As
shown in Fig. 3 (b), diverse elements such as leaves, cups, doorframes, and mir-
rors are accurately matched across views despite extreme exposure variations.

>
t) = softmax 39% o (5)

High-Resolution Upsampling F . The irradiance features rﬁ operate at
patch resolution (% W?), losing high-frequency details critical for realistic ap-
pearance. To recover pixel-level textures while preserving the fused low-frequency
irradiance, we adopt a Di erence-of-Gaussians (DoG) guided upsampling strat-
egy. We rst encode each full-resolution LDR image into a feature map g 2
R¥HW  via a shallow CNN. A low-passed version { is obtained by downsam-
pling and bilinearly upsampling gy, yielding the high-frequency residual g g #".
This residual is then added to the bilinearly upsampled irradiance features to
produce pixel-level irradiance features:

£ = Conv Up(to)+Conv(gy g ) 2 RIHW . (6)

combining multi-view irradiance consensus with per-image structural detail.



8 D. Ye, J. Xu et al.

HDR 3D Gaussian Prediction. We now merge the geometry and appear-

ance branches to produce HDR 3D Gaussians. A DPT decoder [61] upsamples
the geometry tokens € to pixel resolution, and the result is added to the ir-
radiance features fCr. A lightweight CNN then regresses per-Gaussian opacity,
orientation, scale, and log-radiance SH color:

f girg;Sqchg=Fg DPT(t$)+f I 7)

The Gaussian centers  are obtained by back-projecting the predicted depth
maps D, through the estimated camera poses p The Gaussians are then vox-
elized [21] to reduce primitive count for e cient splatting.

3.4 3D HDR-to-2D LDR Mapping

Given HDR 3D Gaussians, rendering a photorealistic LDR view requires re-
covering the Camera Response Function (CRF) that maps scene irradiance to
observed pixel values. Unlike optimization-based methods that overt a per-
scene MLP tonemapper [3,41], our method seeks a generalizable tonemapper
that adapts to di erent cameras without per-scene optimization. We achieve
this goal via a Meta Net F \, that predicts the parameters of a lightweight
tonemapper from scene context.

Tone Mapping Formulation. We convert HDR radiance to LDR in two steps.
First, Gaussian splatting rasterizes the linear radiance into a per-pixel HDR
image at view v:

Hy =R exp(c)); ¢ifg;Sg; o P 2 RTW3 (8)

where R() denotes the di erentiable rasterization with alpha-weighted blend-
ing [28] in linear radiance space, p is the camera pose, and the exp converts
log-radiance SH colors g back to linear radiance before blending.

Second, following the log-domain CRF model [8], a learned tonemapper g
maps the log-irradiance to [0; 1] LDR values:

Lv()=g logH,+( ) log2 ; 9)

where L,()) 2R "W 32 s the rendered LDR image at view v under target log-
exposure °," is the mid-exposure anchor from Eq. (2), and the term () log 2
adjusts the irradiance to the desired exposure level. Here gis a two-layer MLP
with hidden dimension h (input: 3 ! hidden: h with ReLU ! output: 3 with
sigmoid), acting as a learnable inverse CRF. Rather than learning a xed |,
we predict scene-speci ¢ parameters via the Meta Net, enabling adaptation to
di erent cameras and tone curves without per-scene optimization.

Meta Net F . The Meta Net infers scene-speci c tonemapper parameters in
a single forward pass, enabling gto reproduce the original camera's tone curve
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without per-scene optimization. For brevity, we denote the full set of pixel-level
Gaussians (before voxelization) as:

G= ( 4 g¢i'g Sq Cy) ;3:1; G=V HW: (10)

The Meta Net takes three inputs: (i) the full-resolution LDR features g, from the
upsampling CNN (Eq. (6)), (ii) the per-view exposure embeddings fe gV, , and
(i) the predicted HDR Gaussians G. These are concatenated and compressed
by a strided convolutional encoder and then globally pooled across all spatial
and views dimensions to produce a scene-level descriptor :

=F v fgvg; fevg; G 2 RY (11)

where d encodes all weights and biases of the two-layer tonemapper g

3.5 Training Strategies

Training Objective. InstantHDR is trained end-to-end without any 3D or

HDR supervision, using only multi-view LDR images with known exposure times.
The geometry encoder and its decoder heads remain frozen; only the appearance
branch, the Gaussian head, and the Meta Net are optimized.

During training, the target views are the same with the context views, i.e., the
model predicts HDR Gaussians G and tonemapper parameters from f}; ", g\,
and is supervised by rendering back to the same views and exposures via Egs. (8)
(9). At test time, the target view and exposure can di er from the context set,
enabling novel-view synthesis at arbitrary exposures. The total loss is:

L=L reg + ng: (12)
The photometric loss compares rendered and ground-truth LDR images:

1 ¥ h i
Lree = v MSE Iy; Lv(v) + perc Lperc lv; Lv(Cv) (13)

v=1

The geometry consistency loss enforces alignment between the depth maps, D
from the frozen DPT head and the rendered depth mapd), from the predicted
Gaussians. Since [ can be unreliable in challenging regions (e.g., sky or re-
ective surfaces), we utilize the jointly learned con dence map C? and apply
supervision only to the top-N% most con dent pixels:

1 X 2
Lg= v Dy[My] IﬁV[MV] ; (14)
v=1
where M, is a binary mask corresponding to the top-N quantile of C? ; we set
N=30 in all experiments. Our model learns HDR representations implicitly by

correctly reconstructing LDR images across di erent exposure times.
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Table 1. Comparison of existing HDR datasets for novel view synthesis. Pano. de-
notes panoramic 360 images. Multi-Exp. indicates multi-exposure LDR images, with
the number of exposures in parentheses.

Dataset Source #Scenes Type HDR GT Multi-Exp. Depth/Normal
HDR-NeRF [17] Blender + Real 8 +4 Object/Indoor  X_ X (5) O
HDR-Plenoxels [25] Blender + Real 5+4 Indoor X (3) O
Pano-NeRF [50] Blender + Replica + Real 5 + 8 + 3 Indoor (Pano.) X X (9) X
PanDORA [7] Real capture (360 ) 14 Indoor (Pano.) X X (2) O
HDR-Pretrain (Ours) Blender 168 Indoor X X (5) X

Fig. 4. Examples from our HDR-Pretrain dataset. Each scene includes multi-
view, multi-exposure LDR images at varying t, 32-bit HDR ground truth, depth and
normal maps, rendered under diverse tone-mapping operators (Standard, AgX, Filmic).

Post-Optimization. We can re ne the predicted Gaussians and camera pa-
rameters via lightweight post-optimization. After pruning low-opacity Gaussians

( < 0:01), we minimize a combination of MSE and SSIM losses between ren-
dered and input images for 1K iterations, back-propagating gradients through all
Gaussian attributes, and tonemapper parameters. The learning rates are: 1.6e-4
(position), 5e-3 (scale), 1e-3 (rotation), 5e-2 (opacity), and 2.5e-3 (color).

4 Experiments

Pretraining Dataset. HDR datasets with multi-view LDR images remain ex-
tremely scarce. As shown in Tab. 1, existing benchmarks contain only a handful
of scenes, far from su cient for large-scale pretraining. To bridge this gap, we
construct HDR-Pretrain, in Fig. 4, a large-scale synthetic dataset of 168 pho-
torealistic indoor scenes rendered in Blender. The 3D assets are sourced from
HSSD [30], an open-source collection of realistic interiors originally built for em-
bodied Al research. Following HDR-NeRF [17], we sample viewpointson a5 7
grid with 2:5 /5 angular steps per scene and render 32-bit HDR images via
Cycles path tracing at 448 448 resolution. Each view is paired with 5 exposure-
bracketed LDR images under a randomly chosen tone-mapping operator, as well
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