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Fig. 1: We present REON-NVS, a feedforward online NVS framework that performs
pose estimation and novel-view reconstruction from sparse-view video streams in real-

time. The right figure is evaluated on the Neural 3D Video dataset.

Abstract. Recent advances in online reconstruction of dynamic scenes
demonstrate impressive visual quality, showing potential for real-world
applications such as VR content streaming. Yet, existing online recon-
struction methods still require a large number of input views and time-
consuming iterative optimization. Moreover, reliable pose estimation,
a prerequisite for NVS, introduces additional delay. In this paper, we
present REON-NVS, a feedforward online NVS framework for sparse-
view input video streams, which goes from pose estimation to novel-view
reconstruction in real time. REON-NVS comprises two main compo-
nents. First, our method leverages a feedforward pose estimator and
mapper that replace conventional camera pose optimization pipelines.
Second, we design a scene reconstructor built upon a state-space model
(SSM), which efficiently synthesizes temporally consistent novel-view im-
ages by exploiting information from previous frames. To train and eval-
uate our approach in realistic in-the-wild streaming scenarios, we intro-
duce a new multi-view dynamic scene dataset of 150 dynamic scenes
captured with moving cameras. Extensive experiments demonstrate that
REON-NVS achieves high visual quality while operating in real time (32
FPS), validating its applicability in real-world scenarios.
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1 Introduction

Reconstructing dynamic scenes from sparse-view videos plays a crucial role in
applications such as free-viewpoint video (FVV), augmented reality (AR), and
virtual reality (VR). By enabling users to freely navigate and observe photo-
realistic scenes from arbitrary viewpoints, dynamic scene reconstruction opens
new possibilities for next-generation interactive media that go beyond traditional
static content.

Recently, Neural Radiance Fields (NeRFs) [26] and 3D Gaussian Splatting
(3DGS) |15], which reconstruct static scenes through iterative optimization, have
revolutionized the field of novel-view synthesis (NVS). Following this break-
through, subsequent studies [22}28,|29}/35,/39] have extended to dynamic scene
reconstruction. While promising, many of them require offline optimization of
the entire video sequence before inference, making them unsuitable for real-time
streaming scenarios where video frames arrive continuously, such as live broad-
casting or virtual meetings.

In response, several approaches [10}19}34,/38| explored online reconstruction
of dynamic scenes from streaming inputs, enabling incremental scene updates in
more realistic, real-world settings. However, these methods still face two prac-
tical challenges. First, they often rely on a large number of input viewpoints
for stable reconstruction, limiting their applicability in sparse-view streaming
scenarios. Second, as illustrated in Fig. [T} they process incoming frames much
slower than the typical 30 FPS frame rate, leading to accumulated delay over
time. Furthermore, they often rely on external camera pose estimation pipelines
such as COLMAP |[32], which introduce additional delay. Such reliance on nu-
merous viewpoints and accumulated delay hinder the real-time applicability of
online novel-view synthesis, particularly in scenarios that demand instantaneous
interaction.

To address these challenges, we propose REON-NVS, a real-time online
NVS framework for dynamic scenes from sparse-view input streams. Specifi-
cally, REON-NVS achieves 32 FPS on a single A100 GPU with two input views,
surpassing the standard 30 FPS frame rate. To enable such real-time and delay-
free processing, our framework consists of two major components: (1) a pose
estimator and a mapper that infer camera poses directly from input frames
without iterative optimization, and (2) a scene reconstructor that efficiently
synthesizes temporally consistent novel views from sparse-view inputs. These
two components are jointly designed to operate in a fully online manner, pro-
cessing streaming video frames sequentially while preserving spatial fidelity and
temporal coherence.

The pose estimator and mapper replace conventional time-consuming pose
pipelines (e.g., COLMAP [32]) by estimating poses in a single feedforward pass.
Specifically, inspired by RayZer [12], REON-NVS employs self-supervised learn-
ing and adopts a latent pose representation strategy, where camera poses are
predicted within a latent space that emerges during training. This lightweight
design enables fast pose estimation while maintaining reliable performance un-
der real-time streaming conditions. Meanwhile, the scene reconstructor employs
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a state-space model (SSM) to efficiently aggregate information from past frames,
propagating temporal context to ensure consistent reconstruction. By directly
synthesizing novel-view frames without relying on explicit geometric reconstruc-
tion, REON-NVS achieves both computational efficiency and photorealistic ren-
dering quality.

In addition, we introduce a new multi-view dynamic scene dataset designed
for both training and evaluation of multi-view NVS. The dataset contains 150 di-
verse real-world scenes with synchronized moving cameras and dynamic content,
serving as a challenging benchmark for learning and assessing streaming-based
reconstruction. Extensive experiments demonstrate that REON-NVS achieves
superior visual quality under sparse-view inputs, outperforming existing stream-
able methods by +3.3 dB and feedforward baselines by up to +1.7 dB PSNR on
our benchmarks, while operating in real time (32 FPS).

We summarize our contributions as follows:

— We introduce REON-NVS, the first framework to tackle online novel-view
synthesis of dynamic scenes from unposed multi-camera streams. It performs
pose estimation, reconstruction, and rendering in a single forward pass.

— REON-NVS replaces conventional time-consuming pose estimation by pre-
dicting the camera pose of each input video frame in a feedforward manner.

— To achieve high-quality, temporally consistent NVS in real time, we propose
a novel scene reconstructor, built upon an SSM architecture.

— We release a novel multi-view dynamic scene dataset of 150 dynamic real-
world scenes captured with moving cameras, enabling research under realistic
in-the-wild streaming scenarios.

2 Related Work

NVS in Static Scenes. NVS has advanced rapidly with the development of di-
verse scene representations, including NeRF [26], Instant-NGP [27], and 3DGS [15].
These methods reconstruct static scenes via per-scene optimization, yielding
high-fidelity novel views once the scene representation has been trained. While
achieving impressive quality, their reliance on iterative optimization makes them
unsuitable for real-world scenarios requiring immediate reconstruction and ren-
dering.

To avoid scene-specific optimization, recent work explores feedforward archi-
tectures that directly predict 3D representations for static scenes [3,5,36}/40,44].
While feedforward approaches generalize across scenes and offer fast inference
without iterative optimization, Jin et al. |[13] observe that the use of explicit 3D
representations and rendering equations can introduce constraints on representa-
tional flexibility, which may limit novel-view synthesis quality. In response, recent
works avoid explicit 3D structures, directly synthesizing novel-view images in a
geometry-free manner [1331]. These geometry-free methods circumvent errors
introduced by explicit geometry, resulting in improved synthesis quality. Taking
it a step further, RayZer [12] removes the need for ground-truth pose supervision
by implicitly modeling viewpoint information through self-supervised learning,
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although this implicit representation does not offer explicit controllability. Mo-
tivated by these works, we extend geometry-free, self-supervised approaches to
online reconstruction of dynamic scenes.

NVS in Dynamic Scenes. Extending static scene reconstruction to dynamic
scenes has been an active area of research. Monocular approaches [22,[28}29,/39]
model scene deformations over time, enabling novel-view synthesis from single-
camera videos but often struggle with occlusions and limited viewpoint diver-
sity. Multi-camera methods [17,|21,135] leverage synchronized inputs to cap-
ture richer geometry and motion, yet still rely on offline training for the entire
video sequence. More recently, BTimer [23] and MoVieS [24] introduced feed-
forward NVS frameworks for dynamic scenes captured with a monocular cam-
era. Both methods leverage temporal attention within each temporal window,
where BTimer predicts independent 3D Gaussians at each bullet timestamp and
MoVieS explicitly regresses per-pixel 3D motion displacements. However, their
Transformer-based temporal modeling scales poorly with sequence length, re-
stricting them to fixed-size windows. As a result, while intra-window temporal
coherence is maintained, no mechanism exists to enforce consistency across win-
dows, limiting their practicality for continuous and interactive video sequences.

Some prior works address these issues by enabling continuous video pro-
cessing, synthesizing novel views in an online manner as new frames arrive |10}
190/34,|38]. These methods incrementally update 3D representations, removing
the need to re-optimize the entire scene and enabling online updates. Although
more efficient, they still rely on iterative optimization, which prevents them
from achieving true real-time performance and limits their applicability in inter-
active streaming scenarios. Another line of work adopts restrictive setups, such
as depth sensors (e.g., RGB-D) [9,{11]. While these constraints can improve re-
construction speed and accuracy, they reduce flexibility and hinder deployment
in uncontrolled environments. In contrast, our method directly takes multi-view
video streams and produces novel-view frames in a feedforward manner, without
per-frame camera pose optimization in the streaming loop or restrictive setups,
while running in real time (>30 FPS) in sparse-view settings.

3 REON-NVS

Fig. 2] shows an overview of REON-NVS. At each time step ¢, REON-NVS
receives multi-view input frames {IF} and a target camera pose p] . Here, k =
1,2,...,n indexes the input views, and the superscript T" denotes the target view.
Given the input, REON-NVS synthesizes a novel-view image I/ corresponding
to p!' by leveraging both the information from multi-view observations at time
t and temporal information propagated from previous time steps. To achieve
temporally consistent NVS in real time from unposed input frames, REON-NVS
comprises two main stages: pose estimation and scene reconstruction. In the
following, we detail each stage of our framework, along with the dataset and
training strategy.
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Fig.2: REON-NVS framework. At each time step ¢, REON-NVS receives sparse-
view video frames {IF} along with a user-specified target viewpoint py . (Left) REON-
NVS first estimates the latent poses of the input frames {ﬁf} and the target pose pr
relative to the reference frame I, in the latent space. (Right) REON-NVS synthesizes
the target view frame I by leveraging the latent poses {ﬁf } and p7 . The history fusion
module exploits the SSM hidden state as temporal memory, incorporating information
from previous frames to generate a coarse prediction I, which is then refined by the
view refinement module into the final output I7 .

3.1 Pose Estimation and Mapping

Following prior approaches [12}[16], our framework predicts relative camera poses.
For this, we designate the first-frame image I} as the canonical reference image
I, whose camera pose is defined as an identity rotation with zero translation.
Subsequent poses are then inferred relative to this canonical reference, forming
a consistent coordinate system throughout the sequence. Building upon this,
we introduce two neural modules to enable real-time pose processing: a pose
estimator that infers latent camera poses from input frames, and a pose mapper
that bridges them with physical camera poses.

Pose Estimator. To avoid per-scene pose optimization, we adopt a lightweight
feedforward pose estimator. Given an input frame I} and a reference frame I,.,
the pose predictor P predicts the camera pose of IF relative to I,

pt =P (If, 1) (1)

The predicted pose pF is a 9-dimensional pose vector, comprising 3D translation
and 6D rotation [42], represented in latent space.

As discussed in RayZer [12] and previous works |1}}4,/18,/42], supervising
a feedforward estimator with ground-truth poses is unstable due to the low-
dimensional and highly constrained nature of SF(3) poses. Furthermore, COLMAP
failure cases can lead to noisy pose annotations, which degrade pose-supervised
pipelines. Therefore, REON-NVS adopts the self-supervised learning strategy
of RayZer [12]|. Instead of training with GT camera poses, the pose estima-
tor is trained using RGB reconstruction loss between the ground-truth target
frame and the synthesized image from the latent pose pf (see Sec. . This
self-supervision strategy allows the network to learn a latent pose space that
naturally emerges during training, resulting in more accurate camera pose esti-
mation even with a compact model size [12]. Note that the latent camera pose pF



6 D. Kim et al.

‘ Linear (] B'iJ-ISSiVI e
__J bloc
(Tokcn per image = n ‘Forward Scan Sequence - u (] y XN
ﬁ ﬁ Z¢ X’"‘ x&nid e f'mm — H 1
a'—« xhmin o pk w_.ykwmf
(1}, P--[1%, P"] \F]ip ‘an )
(: xkn L pth ykn,b o
Input frames & JraR ST N N ‘ ! ‘i =]
Pliicker Rays ] ! i ka1 Flip 8 ¢
ﬁ ' . }n Backward Scan Sequence = J X
Target View 8 1 i i ]
Pliicker Rays P} ’ Foar WS T Ve

Fig. 3: Overall structure of the History Fusion Module. The History Fusion
Module consists of N stacked Bi-SSM blocks. For the backward scan, the input view
tokens and target view tokens are flipped in place, ensuring that the target token is
updated only after all other tokens have been processed.

is not physically interpretable, but rather a latent representation that emerges
from the self-supervised reconstruction process.

Pose Mapper. The pose estimator assigns each input frame a latent pose that is
not physically interpretable. In contrast, the target camera pose p] is specified in
the physical pose space, leading to a mismatch between the two representations.
This mismatch prevents direct viewpoint control using physical poses . To
enable controllable novel-view synthesis, it is therefore necessary to bridge the
physical and latent pose space.

Accordingly, we introduce a pose mapper that translates a physical pose p
into its corresponding latent pose p. In our framework, target camera poses are
defined as physical poses in the 3D space of the reference frame I,.. However,
specifying a camera pose in 3D space inherently suffers from scale ambiguity:
the same image projection can arise from either a large-scale scene viewed from
a distant camera or a small-scale scene viewed from a nearby one. This ambi-
guity affects both physical and latent pose spaces, potentially leading to scale
mismatches between them.

To resolve this issue, we provide the pose mapper with a pose pair (', p’)
serving as a reference example between the two spaces. The pose pair (7', p’)
represents the camera pose for the initial frame I3 relative to I, expressed in
the latent and physical spaces, respectively. Formally, the pose mapper predicts
a latent pose p from a given physical pose p as:

p= M (p’ (ﬁ/7p/))’ (2>
where M denotes the mapper implemented as a multi-layer perceptron (MLP).
7' is obtained from the pose estimator P, i.e., ' = P(I2,I,), and p’ is computed
using a physical camera pose estimation method (e.g., DA3 ) Note that
the physical poses p and p’ share the same scale, ensuring consistent mapping
between the two spaces.
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3.2 Scene Reconstruction

As shown in Fig. REON-NVS synthesizes the target-view frame I} from
the input frames {IF}, their latent poses {p}}, and the target latent pose p7 .
Synthesizing faithful novel-view videos requires exploiting not only the current
time-step frames but also preceding ones, as past observations are essential for
maintaining temporal consistency. Meanwhile, real-time online NVS demands
a computationally efficient architecture capable of processing multiple images
under a limited budget.

To address these requirements, we adopt an SSM-based architecture that
balances temporal modeling and efficiency. Within this framework, we design
two key components: the history fusion module and the view refinement module.
The history fusion module integrates temporal information from past frames to
generate an initial target-view frame, which is subsequently refined by the view
refinement module to produce the final high-quality output. In the following, we
describe the history fusion and view refinement modules in detail.

History Fusion. Fig. |3|illustrates the overall structure of the history fusion mod-
ule. At each time step ¢, the history fusion module takes the multi-view input
frames {I}'}, their associated latent poses {pf'}, and the target latent pose p; as
input, and produces a target-view image I/7. To exploit past observations, the
history fusion module leverages information from previous frames in the form of
hidden states of the SSM layers and outputs updated hidden states. We denote
the sets of hidden states updated at time step ¢ as H;.
Formally, the operation of the history fusion module is expressed as:

ItHth:H({[If7ptk]}7PtT7Ht*1)7 (3>

where # indicates the history fusion module. P¥ and P! are pixel-wise Pliicker |30]
ray embeddings derived from latent poses pf and pl, respectively, and |-, ] in-
dicates channel-wise concatenation. Following prior work [12}[13]|, we compute
the 6-dimensional pixel-wise Pliicker ray embeddings from the predicted latent
poses.

As shown in Fig. [3] the module consists of a stack of N Bi-SSM blocks. To
process k multi-view input images, the module first tokenizes the concatenations
of input frames and their Pliicker ray embeddings [I}, P}] by splitting each of
them into non-overlapping patches [8] and projecting each patch with a linear
layer. This yields kn tokens, where n is the number of tokens per image. In
addition, the target-view Pliicker ray embedding PtT is tokenized into n patches
and linearly projected in the same manner. The resulting kn + n tokens are
then processed through the Bi-SSM blocks. Finally, the last n tokens from the
output of the N-th Bi-SSM block are mapped to RGB values via a linear layer,
producing the synthesized image I/

The Bi-SSM block builds upon Mamba2 |7], and adopts a bidirectional scan-
ning strategy inspired by Vision Mamba [43] to efficiently model context in
unordered 2D inputs. Given an input token sequence, as illustrated in Fig. [3]
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we construct a backward sequence by flipping the input image and target view
tokens in place, ensuring that the target token is processed only after all input
image tokens have been processed. These two sequences, forward and backward,
are independently processed through parallel SSM branches.

To leverage temporal information, we propagate SSM hidden states across
time steps. Specifically, for the forward scan, the initial hidden state hi’f at
time step t is obtained from the final hidden state from the previous time step,
himimd | Bach Bi-SSM block maintains two hidden states, one for the forward
branch and the other for the backward branch, resulting in 2N hidden states
across the history fusion module. These collectively form the set H; in Eq. .

Thanks to this hidden state mechanism, SSMs can effectively model long-
range dependencies with substantially lower computational cost than Trans-
formers, which require full-sequence attention. By incorporating bidirectional
processing, the Bi-SSM block further improves context modeling for 2D image
inputs. For additional architectural details, refer to the supplementary material.

View Refinement. While the history fusion module aggregates temporal infor-
mation to ensure consistency across frames, this accumulation process can blur
fine details and degrade edge sharpness, particularly under excessive compression
of information in the SSM hidden states. To alleviate these issues, we introduce
a view refinement module that eschews temporal cues and instead refines the
reconstruction using only the current multi-view inputs.

Formally, the operation of the view refinement module is defined as:

1f =R ({1f, P} B (4)

where R indicates the view refinement module. To balance parameter efficiency,
practical applicability, and reconstruction quality, the view refinement module
adopts a hybrid architecture combining Bi-SSM blocks and Transformer blocks.

Similar to the history fusion module, the view refinement module begins by
tokenizing the input images {IF} and the coarse reconstruction I/7, along with
their associated Pliicker ray embeddings. Each image-embedding pair is split
into non-overlapping patches and projected via linear layers, yielding kn + n
tokens in total. The resulting token sequence is then processed through a stack
of Bi-SSM and Transformer blocks. Finally, the last n output tokens are mapped
to RGB values via a linear layer, producing the refined target-view image I .

Empirically, a single Bi-SSM block requires only about half the parameters
of a Transformer block, enabling us to build a deeper refinement pipeline un-
der the same parameter budget. The additional depth offers more opportunities
to progressively refine coarse predictions, resulting in higher-quality reconstruc-
tions. However, the recurrent smoothing nature of SSMs limits their ability to
recover fine-grained local details. Thus, rather than stacking only Bi-SSM blocks,
we adopt the Transformer—SSM hybrid architecture to build a deeper pipeline
while remaining parameter efficient. Further architectural details of the view
refinement module can be found in the supplementary material.
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Table 1: Quantitative comparison on Neural 3D Video. Since IGS |3§| trains
its network on four scenes of Neural 3D Video, we compare IGS only on the remaining
two scenes (cut roasted beef, sear steak) and additionally report our results on the same
two scenes, denoted as f.

Method Pose|Initialization | FPST|PSNR1 SSIM1 LPIPS] Flicker]
3DGS |15 v v 0.1 | 19.22 0.532 0.394 85.10
3DGStream [34]| v v 0.6 | 20.38 0.580 0.536  14.88
HiCoM |10] v v 0.7 | 19.63 0.583 0.420 13.96
DepthSplat [36] | v X 9.7 | 19.81 0.692 0.324 19.26
RayZer |12] X X 19 | 21.97 0.596 0.287 24.16
Ours X X 32 | 23.63 0.715 0.199 8.97
IGS [38] v v/ 5.5 | 21.23  0.653 0.425 6.40
Ours' X X 32 | 24.62 0.737 0.191 8.76

3.3 Multi-View Dynamic Scene Dataset

For training and evaluation of our approach, we introduce a new multi-view
dynamic scene dataset. Existing real-world multi-view dynamic scene datasets
for novel-view synthesis such as Neural 3D Video [20] (6 scenes), Immersive
Light Field Video [2] (15 scenes), and SelfCap [37] (6 scenes) often contain only
a few scenes and are captured with fixed cameras, making them less suitable
for exploring practical streaming scenarios where both cameras and objects are
moving. To address this limitation, our dataset consists of 150 dynamic real-
world scenes captured with a handheld three-camera rig, targeting more realistic
streaming conditions. The dataset is recorded at a resolution of 1920 x 1200 and
30 FPS, providing 3 synchronized views per frame with an average sequence
length of 338 frames per scene. We will publicly release the dataset for future
research. More capture details are provided in the supplementary material.

3.4 Training

To train our framework, we adopt a two-phase training strategy. In the first
phase, the pose estimator and scene reconstruction modules are jointly trained
in a self-supervised manner without ground-truth pose supervision. At each it-
eration, the model reconstructs consecutive novel-view frames and is trained
using only image reconstruction loss. Since the pose mapper is not yet available,
the target latent pose p! is computed by applying the pose estimator to the
ground-truth target frame. Although pose supervision is not provided, the pose
estimator learns a latent pose space through its contribution to reconstruction
quality. In the second phase, we train the pose mapper in a supervised manner
while all other modules are frozen, enabling physical poses to be mapped into
the latent space learned in the first phase.

We use a photometric loss Lphoto and a flicker loss Lajcker to encourage pho-
tometric consistency and temporal coherence between the predicted and ground-
truth target-view frames. Specifically, we define our training loss as:

L(I;nyItGT) - ‘Cphoto(ItTaItGT) + Aﬂickerﬁﬂicker(lgaIET)y (5)
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Fig. 4: Qualitative comparison on Neural 3D Video.

where IGT is the ground-truth target-view frame corresponding to the predicted
target-view frame I7, and Agicker is a weight for the flicker loss. Following prior

work , we define the photometric loss as:
Lonoto = Laase (I I7T) + Aper Lper (I, 17T, (6)

where Lysg and Ly are an MSE loss and a perceptual loss , respectively,
and Aper is a weight for the perceptual loss.

Since our framework processes video sequences, ensuring temporal consis-
tency is critical for stable outputs. In practice, temporal incoherence typically
appears as abrupt changes in high-level structures rather than raw pixel values.
Following previous video-based work @, we encourage temporal consistency by
matching the VGG feature differences between consecutive frames in both
prediction and ground truth. Specifically, we define the flicker loss Lajcker as:

Latieker = ||[6(I]) — ¢(IF )] = [6(IET) — o(IED), , (7)

where ¢ denotes a pretrained VGG network. The flicker loss computes the fea-
ture differences between two consecutive frames in both ground-truth and pre-
diction, and enforces these differences to be similar, ensuring consistent tem-
poral transitions. Since both the history fusion and view refinement modules
produce target-view predictions, we apply the training loss to both outputs:
LIH IET) + £(I], IET).

In the first phase, we train our framework on RealEstatel0K , which con-
sists of approximately 80K indoor and outdoor video clips, for 100K iterations.
Since RealEstatel0K contains only static scenes, it provides a simpler setting
that stabilizes training and allows the model to learn generalizable multi-view
reconstruction from large-scale static data. Specifically, the model learns to re-
construct consecutive 8-frame video sequences, generating novel-view frames at
each time step.

In the second phase, we fine-tune the model for an additional 20K iterations
to reconstruct longer 64-frame video sequences on a mixture of static and dy-
namic datasets. RealEstatel0K serves as the static dataset for co-training, while
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Table 2: Quantitative comparison on our multi-view dynamic scene dataset.

Method Pose|Initialization| FPST|PSNR1 SSIM1 LPIPS| Flicker)
3DGStream |34]| v v 0.6 | 19.52 0.491 0.501 50.24
HiCoM |[10] v v 0.7 | 18.19 0.441 0.599 62.88
IGS |38 v v 55 | 19.96 0.466 0.508 62.12
DepthSplat |36]| v X 9.7 | 19.72 0.561 0.386 49.51
RayZer [12] X X 19 | 21.57 0.503 0.434 52.66
Ours X X 32 | 23.26 0.617 0.274 45.45

the dynamic data is drawn from our dataset together with SelfCap [37]. This
mixture of static and dynamic supervision improves robustness under dynamic
scenes while maintaining stability from large-scale static multi-view data. We
then train the pose mapper for 20K iterations with a batch size of 64, using only
the photometric loss. Additional training details are provided in the supplemen-
tary material.

4 Experiments

4.1 Evaluation Protocol

We evaluate our method under two different streaming setups: fixed-camera
and moving-camera. In the fixed-camera setup, we use the Neural 3D Video
dataset [20|, which consists of six dynamic multi-view indoor scenes captured
with static cameras. In the moving-camera setup, we use the test split of our
proposed streaming dataset consisting of 30 real-world dynamic scenes recorded
with handheld moving cameras. For each scene in both datasets, we use two
input views, each with a 300-frame sequence at a resolution of 256.

We compare our method against existing streamable approaches, including
3DGStream [34], HiCoM [10], and IGS [38], as well as per-frame reconstruction
of 3DGS [15]. This comparison demonstrates the limitations of existing pipelines
under sparse-view streaming conditions. We additionally compare with the per-
frame reconstruction using DepthSplat |36, a feedforward model that predicts
3D Gaussians from multi-view images. Unlike the above streamable methods,
DepthSplat does not require per-scene initialization, while still relying on pre-
computed poses and an explicit 3D representation. Finally, we compare with the
per-frame synthesis using RayZer [12], a feedforward NVS method that directly
predicts novel-view images from unposed inputs. As RayZer operates under the
same geometry-free conditions without ground-truth pose supervision, this serves
as our most direct baseline.

For evaluation metrics, we use PSNR, SSIM, and LPIPS to measure the
rendering quality. We also use a flicker loss to assess temporal consistency, as
defined in Eq. (7). For runtime speed, we record frames per second (FPS) for
every method. The FPS of 3DGStream, HiCoM, and IGS is reported excluding
Gaussian initialization and pose estimation time, and that of DepthSplat ex-
cludes pose estimation time. The FPS of Ours and RayZer is measured for the
full feedforward pipeline, from input images to novel-view synthesis, including
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Fig. 5: Qualitative comparison on our dataset. Our method shows strong vi-
sual quality under in-the-wild streaming conditions, while prior streamable methods
struggle to handle changing backgrounds or newly emerging objects that were not re-
constructed during Gaussian initialization.

pose estimation and mappings. All experiments, both quantitative and qualita-
tive evaluations, are conducted on a single NVIDIA A100 GPU. Ablation studies
are performed on the RealEstatel0K test split of pixelSplat . More eval-
uation details are provided in the supplementary material.

4.2 Streaming Benchmark with Fixed Cameras

We compare REON-NVS across all six scenes of Neural 3D Video . As shown
in Tab. [I} our method achieves the highest novel-view synthesis performance
while running in real time at 32 FPS. Furthermore, unlike existing streamable
approaches, our method requires no offline preprocessing over the full video
sequence, such as physical pose estimation or 3D Gaussian initialization. Depth-
Splat relies on ground-truth camera poses, yet REON-NVS achieves higher
reconstruction quality, suggesting that our geometry-free formulation is highly
competitive. Compared to RayZer |12, which shares our geometry-free design
without pose supervision, REON-NVS achieves 1.6 dB higher PSNR and sig-
nificantly lower flicker. This is because RayZer compresses inputs into a latent
representation and lacks temporal modeling, whereas REON-NVS directly lever-
ages input images with SSM-based temporal memory. As illustrated in Fig.
REON-NVS produces high-quality, photorealistic results, whereas prior stream-
able methods often fail to synthesize realistic frames from the same sparse-view
inputs.

4.3 Streaming Benchmark with Moving Cameras

We compare REON-NVS on our dataset containing 30 dynamic scenes captured
with handheld moving cameras. This benchmark features real-world challenges
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such as camera shaking, dynamic lighting, and scene content changes over time.
As shown in Tab. [2] our method achieves superior FPS and visual quality under
in-the-wild streaming scenarios. Moreover, as illustrated in Fig. [5] prior stream-
able methods based on 3D Gaussians often fail to handle newly appearing ob-
jects and backgrounds that arise from camera motion or object movement, since
these regions were not contained in the initialized 3D Gaussians. In contrast, our
framework operates in a geometry-free, per-frame feedforward manner, maintain-
ing robustness to newly visible regions. DepthSplat also achieves lower quality
despite using ground-truth poses, consistent with our observation in the fixed-
camera setting. Compared to RayZer, REON-NVS also achieves +1.7 dB higher
PSNR with lower flicker, confirming the advantage of directly leveraging input
images with temporal modeling.

4.4 Ablation Study

Temporal Memory. To directly evaluate the ability to leverage temporal informa-
tion from past frames, we compare our scene reconstructor with a variant that
disables temporal hidden-state propagation in the history fusion module. For
evaluation, we design a retrieval task where the target viewpoint revisits regions
observed in earlier frames but no longer visible in the current input views.

As shown in Fig. [6] our framework can leverage information from hundreds
of past timesteps, maintaining stable PSNR compared to the variant without
temporal hidden-state propagation. Fig. [7] further illustrates that our model can
faithfully recover regions that are no longer visible in the current inputs by
recalling past observations. Notably, this is achieved in real time without relying
on 3D structures or incurring additional computational cost.
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Table 3: Ablation study on the flicker loss.

Neural 3D Video |20] Our Dataset RealEstatel0K [41]
PSNR1 SSIM1 LPIPS| Flicker)|PSNR1 SSIM?T LPIPS| Flicker)|PSNR1 SSIM?T LPIPS| Flicker|
w/o Lﬂicker‘ 23.41 0.706 0.211 10.27 | 23.09 0.601 0.295 46.30 | 26.67 0.874 0.119 20.96
w/ Lgicker 23.63 0.715 0.199 8.97 | 23.26 0.617 0.274 45.45 | 27.22 0.882 0.112 19.91

Dataset

Flicker Loss. In Tab. [8] we compare our model trained with and without the
flicker loss Lgjcker to evaluate its contribution to temporal stability. We evalu-
ate on both dynamic and static datasets, including Neural 3D Video |20], our
proposed dataset, and RealEstatel0K [41]. The results show that incorporating
the flicker loss enables our framework to capture temporal interactions more
effectively, thereby reducing flicker and improving reconstruction quality.

Bidirectional SSM. We ablate various Table 4: Reconstruction perfor-
SSM architectures in Tab. [d] Specifically, mance of the history fusion mod-
we evaluate the reconstruction perfor- ule with various SSM archi-
mance of the history fusion module, which ~tectures. Token Merge denotes the
is composed entirely of Bi-SSM blocks. ™Method of merging two unidirectional
Here, ‘Token Merge’ denotes the strat- scans, .Whll.e Cross deno.tes alternating
.1 . scan directions across Bi-SSM blocks.
egy used to merge two unidirectionally Token Merge
scanned tokens for bidirectional scanning, Bidirection|Cross Concat Add PSNR?

while ‘Cross’ refers to alternating the bidi- 1979

rectional scanning direction between rows v v 20.82
and columns in each Bi-SSM block. v v | 21.60
The results show that the bidirectional v v v 21.08

v v v | 22.04

scanning strategy significantly improves
NVS performance compared to the unidi-
rectional baseline, the same as vanilla Mamba2 [7]. Moreover, alternating the
scanning direction in each SSM block further enhances reconstruction qual-
ity without incurring additional computational cost. The best performance is
achieved with add-based token merging, which outperforms concatenation. More
details on our SSM architecture are provided in the supplementary material.

5 Conclusion

In this paper, we introduced REON-NVS, a novel feedforward NVS frame-
work for online reconstruction of dynamic scenes from sparse-view input video
streams. Our method addresses the key challenges that prevent existing stream-
able approaches from being practical in unrestricted streaming scenarios: the
need for a large number of viewpoints and reliance on time-consuming external
pose estimation. To this end, we perform both pose estimation and scene recon-
struction in a fully feedforward manner, achieving real-time performance at 32
FPS. We also capture a new dynamic multi-view video dataset of 150 real-world
scenes to explore realistic streaming scenarios, which also provides a challenging
benchmark for evaluating streamable NVS methods. Our experiments verify that
REON-NVS maintains comparable visual quality while operating in real time,
demonstrating practical applicability to real-world streaming scenarios.
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