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Abstract

We present PHOTONS (Pose-Free Human-Centric Photo-
Realistic Real-Time Novel View Synthesis from Sparse
Views), a real-time framework for novel view synthesis with-
out requiring camera calibration. Our method reconstructs
consistent 3D Gaussian point clouds and synthesizes 2K
photo-realistic novel views from arbitrary numbers (> 2) of
freely placed cameras. PHOTONS faithfully renders dynamic
human bodies amid complex backgrounds, including interac-
tive object manipulation and fine-grained details (e.g., hair
strands), while maintaining 25 FPS throughput on commod-
ity GPU like NVIDIA RTX 4090. By combining pose-free
spatial point cloud reconstruction with Gaussian parameter
estimation, our method demonstrates strong resilience to oc-
clusions and camera perturbations. Additionally, we develop
a 3D stereo system that drastically reduces setup complexity
compared to existing solutions. Experiments on public and
custom datasets show that PHOTONS outperforms state-of-
the-art methods in both efficiency and visual quality.

Introduction

Novel view synthesis (Mildenhall et al. 2021) aims to ren-
der photo-realistic images from new viewpoints using multi-
view RGB inputs. Recent 3D Gaussian Splatting (3DGS)
methods (Kerbl et al. 2023) set new performance standards,
yet human-centric telepresence remains challenging due to
dynamic viewpoints, occlusions, fine details, and real-time
constraints on commodity GPUs.

Existing approaches have key limitations: Optimization-
based 3DGS (Zhang et al. 2025) achieves high fidelity but
is too slow for real-time use. Feed-forward methods using
stereo/multi-view depth (Zheng et al. 2024; Liu et al. 2024;
Chen et al. 2024) or human priors (Xiao et al. 2025) run in
real time but depend heavily on accurate calibration. Pose-
free reconstruction (Ye et al. 2024; Jiang et al. 2025) reduces
calibration needs but still struggles with occlusion and scal-
ability. VGGT (Wang et al. 2025) predicts dense 3D from
unposed views, but performs poorly on human scenes due
to limited human-specific data and requires ground-truth ge-
ometry, making it incompatible with RGB-only settings.
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We introduce PHOTONS, a real-time, pose-free novel
view synthesis framework. By integrating point cloud re-
construction and Gaussian parameter estimation into a feed-
forward pipeline, PHOTONS supports arbitrary camera con-
figurations and robust multi-view rendering.

Our contributions are as follows:

* A pose-free multi-view synthesis framework producing
2K-resolution novel views with state-of-the-art quality.

* A global feature-driven GPE module enabling RGB-only
training while reducing model complexity.

* A high-resolution RGB feature shortcut for fine-grained
point cloud upsampling and rendering.

* A simplified 3D stereo setup requiring no calibra-
tion, improving deployability compared to Google Beam
(Lawrence et al. 2024; Google 2025) and Tele-Aloha (Tu
et al. 2024).

PHOTONS eliminates reliance on camera extrinsics and
ground-truth geometry, substantially lowering deployment
barriers and enabling scalable immersive 3D stereo experi-
ences.

System Architecture

Figure 1 provides an overview of the PHOTONS frame-
work, illustrating the pipeline from unposed source images
to stereo novel views.

Dataset and System Setup

To enable novel view synthesis in human-centric scenes, we
construct a pose-free multi-view RGB-only dataset. Each
training sample contains four source views (see Step 1 in
Figure 1): three freely placed input cameras and one desig-
nated main camera that defines the global coordinate origin.
In addition, five fixed reference cameras capture ground-
truth supervision. Only the extrinsics of reference views rel-
ative to the main camera are required. All the camera intrin-
sics are factory-specified and fixed, so no additional calibra-
tion is needed. Our training set consists of 100,000 image
groups generated from 3D human models from the public
THuman dataset (Yu et al. 2021) and 100,000 image groups
captured with our own camera rig. During inference, only
source views are used. Experiments are conducted on two
NVIDIA RTX 4090 GPUs with balanced parallel workload.



@ 3D Stereo ye Tracking @

3D Screen

| Opacity Map |

Unposed Came%s @ GPE (25FPS)

@ Shortcut /
ﬁ—» — ' j
g . i/
High Resolution/ ——-
PN Image Only Gaussian Points: Y
Global Feature q %Tp SN, T S,%}
@ Ifa @ Interlace

Scaling Map
| Rotatjon Map:

©)

Render
/ Point Map
A ff%i 1T 11 [ 4 Novel View
07 i Point Map _»@ Extrs/Intrs
/ E EéIﬂ7 Decoder || =~ = Rasterize
{7 4
Low Resolution I'I' Frame G|gf,a|
Image Feature Feature
Point Cloud Reconstruction (25FPS) @

Figure 1: System architecture, illustrating how to achieve the 3D stereo from unposed cameras through steps 1 to 5.

Point Cloud Reconstruction

As shown in Step 2 of Figure 1, we employ a VGGT back-
bone to encode unposed low-resolution images into frame
and global features, which are then decoded into dense point Ground Truth
maps (p). Trained solely with RGB supervision from the
downstream novel view synthesis task, the backbone en-
hances human geometry without requiring geometric ground
truth. For real-time performance, point maps are predicted
at low resolution and bilinearly upsampled, achieving high-

quality rendering with an average latency of 34.59 ms. Rendered Ground Truth Rendered

Figure 2: Comparison of rendered and ground truth image.
Gaussian Parameter Estimation

Pose-free PSNRT SSIM?T LPIPS| FPS?T
MVSplat X 2724 0.869  0.151 3

We introduce a GPE module to predict 3DGS parameters

— including spherical harmonics (sh), rotation (r), scale MVSGaussian X 2829 0907 0.121 23
(), and opacity (o) — for 3DGS rendering (Step 3 in Fig- NoPoSplat v/ 2463 0815 0213 6
ure 1). The module decodes parameters directly from global AnySplat v 2535 0.864 0.166 2
features, omitting frame features for efficiency. A shortcut Ours v 30.65 0.924 0.101 25
connection encodes high-resolution images into fine-grained

features, which are fused with global features to preserve de- Table 1: Comparisons with state-of-the-art methods.

tail while sustaining real-time performance. Running in par-
allel with point cloud reconstruction on the other GPU, the

inference latency is 36.84 ms. Results and Conclusions

Stereo Rendering We evaluate PHOTONS and competing methods by render-

ing novel views from reference poses and comparing them
Using high-resolution point maps (Step 2) and 3DGS pa- against ground truth. As shown in Table 1, it outperforms all
rameters (Step 3), Step 4 in Figure 1 renders novel-view baselines across every metric while maintaining higher FPS
images for the left and right eyes, specifically determined on our dataset captured using our own camera rig. We ob-
via eye-tracking (Step 5). The images are interlaced for 3D serve similar trends on the dataset generated from the THu-
display, producing a binocular stereo effect, and the system man dataset. Figure 2 highlights its superior rendering qual-
supports motion parallax by dynamically updating views as ity. By combining pose-free point cloud reconstruction with
the viewer’s gaze shifts. Running on the same GPU as the the GPE module, our approach remains robust to occlusions
GPE module, the rendering stage adds only 3.3 ms, result- and camera perturbations, delivering a high-resolution, real-
ing in a total latency of 40.14 ms. time, and practical 3D stereo system.
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