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Abstract. The integration of novel view synthesis (NVS) and open-
vocabulary segmentation (OVS) has recently yielded powerful feed-forward
3D foundation models. However, their inherent reliance on static-scene
assumptions leads to severe misalignment of spatial features in uncon-
strained dynamic environments. To bridge this critical gap, we propose
SPAR, a novel joint semantic-geometric encoding architecture that ex-
plicitly isolates transient dynamic noise prior to latent space aggregation.
Furthermore, we introduce a dynamic-region-aware end-to-end training
paradigm that structurally couples motion estimation with multi-view
visual and semantic learning. This unified approach enables the network
to inherently resolve motion conflicts and distill multi-view consistent,
temporally stable scene representations from dynamic inputs. Extensive
experiments on the challenging D-RE10K benchmark demonstrate that
SPAR achieves state-of-the-art performance. Our end-to-end approach
achieves exceptional novel view synthesis quality, yielding a PSNR of
22.15 dB and 23.33 dB given only 3 and 4 input views respectively. De-
spite being trained in a self-supervised manner, our model achieves an
mIoU of 88.5% for motion mask prediction. Furthermore, our analysis
reveals a strong inter-task synergy between photometric scene recon-
struction and semantic understanding, where semantic synthesis learning
consistently enhances photometric fidelity in novel view rendering. Code
will be available at https://github.com/dmucby/SPAR.
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Fig. 1: Comparison under dynamic, unposed settings. Baselines such as LSM [9] strug-
gle with moving objects, producing ghosting artifacts and inconsistent semantics (left
top). By masking dynamic regions prior to latent encoding, our SPAR generates clean,
ghost-free photometric and semantic renderings in a single forward pass (left bottom).

1 Introduction

Recent advances in novel view synthesis (NVS) [16, 27] and open-vocabulary
segmentation (OVS) [20, 29] have pushed 3D perception beyond photorealis-
tic rendering toward unified semantic scene understanding. Instead of optimiz-
ing a scene-specific language NeRF [17] or language Gaussian [28], feed-forward
methods such as LSM [9], SIU3R [39] infer geometry, appearance, and semantic
representations directly from sparse and unposed images. By combining large re-
construction models [37] and open-vocabulary segmentation models [6,20], these
methods jointly model geometry and semantics in 3D fields and achieve strong
results on benchmarks such as ScanNet [8].

However, this paradigm relies on a strict assumption: all input views are ex-
pected to depict the same static 3D scene. In real-world videos, this assumption
is often violated by moving humans, animals, and other transient foreground ob-
jects. Because a moving object may occupy different 3D locations across frames,
its corresponding image regions cannot be reconciled within a single static 3D
scene representation. When these regions are aggregated with static content,
they introduce conflicting geometry and semantics into the scene representa-
tion, leading to ghosting artifacts in RGB rendering and inconsistent semantic
predictions (see Figure 1, left).

To address this limitation, we propose SPAR, a Semantic-Photometric-
Aware Reconstruction framework that jointly performs novel view synthesis and
semantic understanding from a few unposed observations of dynamic environ-
ments. SPAR adopts an encoder-decoder architecture that jointly embeds RGB
observations and open-vocabulary semantic features into a latent scene represen-
tation. A shared rendering decoder then queries this representation to synthesize
target-view RGB images and semantic feature maps. To prevent moving objects
from contaminating the latent scene representation, SPAR introduces a Cross-
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View Dynamic Region Predictor (CV-DRP), which estimates motion masks from
cross-view cues and filters dynamic foreground regions before scene-level encod-
ing.

Furthermore, to avoid costly dynamic-objects labeling and maintain scala-
bility, we introduce a dynamic-region-aware end-to-end training paradigm. This
paradigm couples dynamic region estimation with multi-view photometric and
semantic modeling within a unified optimization framework (See Figure 1, right).
By using the predicted motion masks to spatially gate reconstruction errors, our
approach focuses supervision on multi-view consistent static regions while sup-
pressing gradients from transient foregrounds. As a result, photometric view
synthesis and semantic modeling mutually reinforce each another, enabling the
network to resolve motion conflicts and recover a clear static 3D scene represen-
tation in a single forward pass.

We evaluate SPAR on the challenging D-RE10K benchmark [4], which con-
tains unconstrained indoor sequences with complex motions of transient objects.
Given only a few input views, SPAR achieves state-of-the-art performance, reach-
ing a PSNR of 22.15 dB and 23.33 dB with 3 and 4 input views, respectively.
Notably, our dynamic region predictor achieves an 88.5% mIoU under 3 input
views, surpassing leading self-supervised methods by more than 36 percentage
points. Furthermore, ablation studies reveal a strong inter-task synergy: rather
than compromising rendering capacity, the semantic branch serves as a structural
regularizer that improves the photometric fidelity of the reconstructed scene.

In summary, our main contributions are as follows:

– We propose SPAR, the first unified feed-forward framework for joint novel
view synthesis and open-vocabulary semantic understanding from a few un-
posed views of dynamic environments.

– We design a novel Cross-View Dynamic Region Predictor with a dynamic-
region-aware optimization paradigm. By using the predicted motion mask
to spatially weight both photometric and semantic reconstruction losses, our
method enables end-to-end joint training without requiring ground-truth
motion mask labels.

– Extensive experiments on the D-RE10K benchmark demonstrate that SPAR
establishes new state-of-the-art performance in both dynamic NVS and mo-
tion mask prediction. These results validate the mutual benefits of jointly
learning photometric reconstruction and semantic scene understanding.

2 Related Work

2.1 Generalizable Novel View Synthesis

Instead of optimizing a scene-specific representation [16,24,27,42], generalizable
novel view synthesis (NVS) targets fast inference by training across diverse scenes
such that novel views (or an intermediate 3D representation) can be predicted in
a single forward pass. Early generalizable methods infer volumetric features from
sparse inputs and exploit strong geometric inductive biases, e.g., epipolar con-
straints and plane-sweep cost volumes, as in PixelNeRF [48], MVSNeRF [3], and
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IBRNet [36]. Subsequent works improve robustness in sparse-view settings and
extend feed-forward reconstruction to efficient 3D Gaussian representations, in-
cluding pixelSplat [2] and MVSplat [5], while pose-free Gaussian inference further
reduces reliance on calibrated cameras at test time [21,47]. More recently, large
reconstruction models (LRMs) scale model capacity and data to learn generic
3D priors [11,40,49,55]. In parallel, token-space renderers largely remove hand-
crafted 3D inductive biases, exemplified by LVSM [14]. RayZer [13] continues this
transformer-based direction and introduces self-supervised, pose-free NVS with-
out 3D supervision, yet it still assumes static imagery. WildRayZer [4] explicitly
lifts this static-scene assumption by learning transient-region masks and gating
both tokens and losses, enabling feed-forward NVS under dynamic, in-the-wild
inputs.

2.2 Scene Understanding

Substantial progress has been made in 2D and 3D scene understanding. In 2D,
vision-language pretraining such as CLIP [29,43] enables open-vocabulary recog-
nition, and LSeg [20] aligns dense predictions with language features, while
object-level detection and grounding have also been extensively studied [44,45].
Query-based transformers, e.g., MaskFormer [7] and its universal extensions such
as Mask2Former [6], provide a unified formulation for semantic/instance/panoptic
segmentation, and recent advances extend these paradigms to video settings [30,
51,52]. However, 2D understanding is inherently viewpoint-dependent and does
not directly enforce cross-view spatial consistency. For 3D understanding, re-
cent approaches operate on pre-scanned point clouds (often clustered into su-
perpoints) and employ mask/proposal-style formulations [25,34,41,46], but they
typically require costly 3D acquisition and preprocessing, limiting scalability in
practical deployments.

2.3 Simultaneous Understanding and Novel View Synthesis

A growing line of work seeks to couple NVS with scene understanding by em-
bedding semantic or language features into 3D representations. Representative
approaches inject foundation-model features into NeRFs [17, 18] or 3D Gaus-
sians [28,53,56], usually by aligning 3D fields with 2D features through differen-
tiable rasterization. These pipelines often rely on dense captures and per-scene
optimization, which limits efficiency at scale. LSM [9] mitigates this drawback
by performing 2D-to-3D feature alignment within a large feed-forward recon-
struction model. Nevertheless, the feature-alignment paradigm inherits two fun-
damental limitations: (i) instance-level understanding is constrained by the ca-
pabilities of the underlying 2D teacher, and (ii) semantic fidelity can degrade
due to aggressive feature compression required by rasterization and memory
constraints [39]. SIU3R [39] proposes an alignment-free alternative based on ex-
plicit pixel-aligned 2D-to-3D lifting and a unified query decoder, enabling native
multi-task 3D understanding alongside reconstruction. Orthogonally, our method
highlights that simultaneous modeling must also address dynamics: without ex-
plicitly disentangling transient content, multi-view consistency breaks and cor-
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Fig. 2: Overview of SPAR. Our unified encoder-decoder jointly performs novel view
synthesis and open-vocabulary scene understanding from unposed dynamic views. The
pipeline first estimates camera poses to build pose-conditioned photometric and se-
mantic tokens. A dynamic region predictor masks moving foregrounds to isolate static
geometry. A scene encoder aggregates filtered tokens into a compact latent scene rep-
resentation, which a dual-head decoder uses to render the target image and semantic
features.

rupts both reconstruction and downstream understanding. Overall, recent evi-
dence suggests that scalable simultaneous understanding and NVS benefit from
(a) a joint photometric-semantic render and (b) explicit mechanisms to handle
in-the-wild dynamics.

3 Method

3.1 Overview

We propose SPAR, a unified framework that jointly performs novel view syn-
thesis and semantic understanding from unposed multi-view observations of dy-
namic environments. As illustrated in Figure 2, SPAR follows a latent scene
representation-based encoder-decoder architecture. Given multi-view images, the
network first estimates per-image camera poses and constructs pose-conditioned
photometric and semantic tokens. To handle dynamic content, a dynamic re-
gion predictor identifies the moving foreground regions and masks the associated
photometric and semantic tokens to mitigate the impact of motion-induced in-
consistencies. The scene encoder then aggregates the masked tokens into a set of
scene tokens, forming a compact scene representation that jointly encodes pho-
tometric and semantic cues. Given the scene tokens and the target-view pose,
the decoder predicts the target view via two parallel heads, producing both the
rendered photometric image and semantic feature maps. The semantic features
are further aligned with text embeddings to produce open-vocabulary semantic
segmentation for the novel views.

Moreover, we design an end-to-end training paradigm that couples the op-
timization of dynamic region estimation with multi-view visual and semantic
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learning, enabling SPAR to learn multi-view consistent and temporally stable
scene representations from dynamic, multi-view inputs.

3.2 Model Architecture

Input Tokenization. Given multi-view images Ii ∈ RH×W×3, we follow RayZer
[13] to tokenize the images together with their estimated pose Plücker rays
into patch-level tokens, which are fused to form the photometric tokens Tpho ∈
RNpho×D. Meanwhile, we extract the semantic features of the input images using
a pre-trained 2D semantic segmentation model (e.g., LSeg [20]). The correspond-
ing pose Plücker rays are also fused with these features to obtain the semantic
tokens Tsem ∈ RNsem×D.

To learn stable scene representations from input views in dynamic environ-
ments, we suppress dynamic foreground regions in both the photometric and
semantic tokens. Specifically, we employ a dynamic region predictor to estimate
the masks of dynamic regions for the input images. These masks are then ap-
plied to the photometric and semantic tokens to suppress tokens corresponding
to dynamic regions, producing the masked photometric tokens T̃pho and masked
semantic tokens T̃sem.

Joint Pho-Sem Scene Encoder. The scene encoder aggregates multi-view
information from the masked photometric tokens T̃ in

pho (in denotes the input
views) and semantic tokens T̃ in

sem, and produces a compact set of scene tokens
that capture the global scene representation.

To this end, we initialize a set of learnable global scene tokens Tscene ∈ RS×D,
and concatenate them with the masked photometric tokens and semantic tokens
to form Tall = Concat(Tscene, T̃

in
pho, T̃

in
sem) ∈ R(S+Npho+Nsem)×D. Tall is then fed

into the scene encoder, which consists of L transformer layers with self-attention.
This design enables deep cross-modal interaction among the scene, photometric,
and semantic tokens, producing a latent representation T ′

all. Finally, we select
the first S tokens from T ′

all to obtain T ′
scene ∈ RS×D, which serves as the compact

scene representation encoding both the photometric and semantic information
of the environment.

Joint Pho-Sem Rendering Decoder. Finally, we design a rendering decoder
to jointly decode the photometric and semantic representations of the target
views from the encoded scene representation.

We first obtain the pose of the target views using the camera pose esti-
mator and compute their corresponding Plücker rays. Two separate linear lay-
ers are then applied to the target-view Plücker rays to generate their photo-
metric and semantic query tokens T tgt

ray_pho ∈ RM×D and T tgt
ray_sem ∈ RM×D,

respectively (tgt denotes the target views). We concatenate these target-view
query tokens with the scene tokens T ′

scene produced by the encoder to form
Tjoint = Concat(T tgt

ray_pho, T
tgt
ray_sem, T ′

scene) ∈ R(2M+S)×D. The combined to-
kens are fed into the rendering decoder, which performs information interac-
tion via self-attention and produces updated tokens T ′

joint. We then select the
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first 2M tokens from T ′
joint and split them into two target-view feature sets

{Tout_pho, Tout_sem} ∈ RM×D. A dual-head MLP renderer is applied to sepa-
rately predict the target-view image and semantic features from Tout_pho and
Tout_sem. Specifically, the image rendering head focuses on reconstructing high-
frequency appearance details, where MLPpho maps Tout_pho to RGB values,
while the semantic rendering head focuses on semantic alignment, where MLPsem

maps Tout_sem to continuous high-dimensional semantic embeddings rather than
fixed classification logits:

Rpho = MLPpho(Tout_pho) ∈ RM×3, Rsem = MLPsem(Tout_sem) ∈ RM×C (1)

Cross-View Dynamic Region Predictor. Before feeding the patch-level
photometric and semantic tokens into the encoder, we first need to identify
dynamic object regions from the input views to reduce their interference with
scene modeling. To this end, we design a Cross-View Dynamic Region Predictor
that detects moving foreground regions across the multi-view inputs.

Specifically, for an input view Ii ∈ RH×W×3, we first concatenate its se-
mantic features F

(i)
sem, photometric tokens F

(i)
pho and Plücker ray tokens T

(i)
ray,

where {F (i)
sem, F

(i)
pho, T

(i)
ray} ∈ RN×D, along the channel dimension to form a joint

feature representation F (i) ∈ RN×3D. Since a single-view image lacks sufficient
references to determine whether a region belongs to a moving object, we lever-
age multi-view observations to capture cross-view inconsistencies caused by dy-
namic objects. Concretely, the joint features of paired source and reference views
(F (i),F (j)) are fed into multiple stacked Transformer self-attention layers to
model cross-view relationships. The resulting features are then passed through
an MLP followed by an upsampling layer to produce a dynamic region probabil-
ity map P

(i)
m ∈ RH×W with the same spatial resolution as the input image. The

dynamic mask M (i) is obtained by thresholding the predicted probability map:

M (i) = I(P (i)
m > τ). (2)

At inference time, we optionally refine the predicted masks using SAM2 [30] to
improve mask quality. The refined mask is then used to more precisely filter
patch tokens of the input views before scene encoding.

3.3 Dynamic-Region-Aware Optimization

To learn stable photometric and semantic representations from dynamic and
unposed multi-view inputs, we introduce a dynamic-region-aware optimization
framework. The model jointly performs target-view rendering and dynamic re-
gion estimation, where the estimated dynamic regions are used to selectively
weight supervision signals. This design allows the model to focus learning on
geometrically consistent static regions while reducing the influence of cross-view
inconsistent foreground motion.



8 B. Cai et al.

Photometric and Semantic Supervision. During training, the model first
encodes the scene from the given input view images and then predicts the ren-
dered RGB image Rpho and semantic features Rsem for each target view. The
rendered outputs are supervised by the ground-truth target-view image Itgt and
the corresponding semantic feature map F tgt

sem extracted by a pre-trained se-
mantic segmentation model. The photometric reconstruction loss is defined as:

Lpho = ∥Rpho − Itgt∥22 + λ · Percep(Rpho, Itgt), (3)

where Percep(·) denotes the perceptual loss [15,23] and λ controls its loss weight.
For semantic supervision, we adopt a cosine similarity loss to align the rendered
semantic features with the pre-computed semantic embeddings:

Lsem = 1− Rsem · F tgt
sem

∥Rsem∥2 ∥F tgt
sem∥2

, (4)

Dynamic-Region-Aware Rendering Loss. Moving foreground objects intro-
duce cross-view inconsistencies that can degrade scene representation learning.
To mitigate this issue, we employ the dynamic region predictor to estimate a dy-
namic region probability map Pm for each target view. The corresponding static
region probability map is defined as Ps = 1−Pm. This static region probability
map is used as a spatial weighting mask for the rendering losses, allowing the
model to prioritize supervision from static regions. The dynamic-region-aware
photometric loss is therefore defined as:

Ldyn
pho =

1∑
Ps

∑
Ps ⊙

(
∥Rpho − Itgt∥22 + λ · Percep(Rpho, Itgt)

)
. (5)

For semantic feature supervision, the static region probability map Ps is down-
sampled to match the resolution of the semantic features, producing P̂s. The
semantic loss is then defined as:

Ldyn
sem =

1∑
P̂s

∑
P̂s ⊙

(
1− Rsem · F tgt

sem

∥Rsem∥2 ∥F tgt
sem∥2

)
. (6)

To prevent the network from collapsing to a trivial solution that labels the entire
image as dynamic, we introduce a regularization term that penalizes excessive
dynamic predictions:

Lreg =
1

HW

H∑
i=1

W∑
j=1

BCE(P (i,j)
m , 0). (7)

We also introduce a copy-paste data augmentation strategy. Specifically, objects
are cropped from real images and randomly pasted onto static training scenes to
simulate moving foreground objects. For such augmented samples, the original
(unaugmented) target image Itgt and its semantic features F tgt

sem are used to com-
pute the photometric reconstruction loss Lcp

pho and semantic loss Lcp
sem following

Eq. (3) and Eq. (4). The pasted object mask is used as ground-truth supervision
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for the predicted dynamic region probability map via a binary cross-entropy loss
Lmask. The overall optimization loss of the unified framework is defined as:

Ltotal = λphoL{dyn,cp}
pho + λsemL{dyn,cp}

sem + λregLreg + λmaskLmask. (8)

Our training strategy jointly optimizes multi-view rendering and dynamic re-
gion prediction. Rendering errors provide adaptive learning signals for identifying
cross-view dynamic regions, while the predicted dynamic regions restrict supervi-
sion to geometrically consistent static areas. This mutually beneficial interaction
enables SPAR to learn robust novel view synthesis and semantic understanding
under challenging conditions of dynamic scenes and unknown camera poses.

4 Experiments

Implementation Details. In our joint framework, SPAR is implemented with
a Transformer-based architecture. The joint scene encoder, camera estimator,
CV-DRP, and joint decoder contain 8, 12, 4, and 12 Transformer layers, respec-
tively. The scene token capacity is set to S = 768. We train SPAR on 8× A800
GPUs with a cosine learning rate schedule. During pre-training, we randomly
mask out 10% of the input photometric tokens in a portion of the training data
to simulate the discarding of dynamic regions in end-to-end training stages. The
end-to-end training stage runs for 20K iterations with a learning rate of 2×10−4.
The loss weights are set to λpercp = 0.2, λsem = 0.1, λmask = 1, and λreg = 0.01.
All models are trained at 256×256 resolution with a 16×16 patch size. Additional
details are provided in the supplementary material.

Datasets. We utilize three datasets for training: the static RealEstate [54]
dataset, the dynamic D-RE10K [4] dataset and the semantically rich Scan-
Net [8] dataset. For a dynamic environment, model evaluation is performed on
D-RE10K, which contains 74 Internet-curated indoor sequences featuring mov-
ing humans, pets, and vehicles. Each frame is paired with human-verified motion
masks, enabling evaluation specifically restricted to transient regions. For seman-
tic segmentation, we follow LSM [9] to conduct evaluation on 40 unseen scenes
from ScanNet.

Evaluation Protocol and Metrics. Following [4, 13], we use masked PSNR
[10], SSIM [38], and LPIPS [50] to evaluate the quality of novel view synthesis.
To assess the quality of dynamic region predictions, we employ mIoU and Recall
for motion mask evaluation. The inputs for all evaluations are unposed multi-
view images, specifically 2, 3, or 4 input views, with 6, 5, or 4 target views,
respectively. Moreover, our model can accept flexible dynamic multi-view inputs
at test time, including 2, 3, and 4 input views. For semantic segmentation, we
report mIoU and Accuracy following LSM [9], using two input views and one
synthesized target view.
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Table 1: Performance comparison on D-RE10K under view settings (n = 2, 3, 4).

Method
D-RE10K

Views = 2 Views = 3 Views = 4

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Optimization-Based Methods

NeRF On-the-go [31] 15.90 0.518 0.582 18.45 0.624 0.446 19.52 0.620 0.443
3DGS [16] 13.49 0.442 0.605 14.92 0.514 0.531 16.28 0.552 0.490
T-3DGS [26] 15.90 0.518 0.582 18.45 0.624 0.446 18.70 0.613 0.454
Spotless-Splats [32] 16.45 0.548 0.468 17.77 0.600 0.394 18.05 0.608 0.390
WildGaussians [19] 16.12 0.512 0.624 17.76 0.577 0.588 18.11 0.597 0.574

Feed-forward Methods

RayZer + Co-Seg [1] 16.76 0.547 0.516 17.53 0.565 0.580 18.67 0.636 0.481
RayZer + MegaSAM [22] – – – 20.13 0.688 0.336 20.66 0.702 0.310
RayZer + SAV [12] 19.01 0.628 0.397 20.35 0.696 0.332 20.73 0.711 0.308
SRT [33] 14.62 0.308 0.647 14.76 0.310 0.639 14.81 0.329 0.632
LSM [9] 10.92 0.271 0.636 11.48 0.307 0.638 11.42 0.309 0.644
SIU3R [39] 13.01 0.372 0.577 13.22 0.362 0.564 13.25 0.363 0.553
WildRayZer [4] 21.78 0.734 0.308 21.98 0.754 0.314 22.38 0.773 0.290
WildRayZer† [4] 19.47 0.657 0.318 - - - - - -
Ours 19.97 0.627 0.339 22.15 0.702 0.283 23.33 0.739 0.263

4.1 Main Results

Novel View Synthesis in Dynamic Environments. Table 1 reports the
quantitative comparison on D-RE10K under different input-view settings. With
4 input views, SPAR achieves the best PSNR and LPIPS among all compared
methods, reaching 23.33 dB and 0.263, respectively. The same advantage is ob-
served for 3 input views, where SPAR improves PSNR from 21.98 to 22.15 dB
and reduces LPIPS from 0.314 to 0.283 compared with WildRayZer. In the
more challenging 2-view setting, SPAR is below the WildRayZer result reported
in the original paper, but achieves a higher PSNR than our reproduction of Wil-
dRayZer using the authors’ released code and checkpoints. These results show
that SPAR delivers strong feed-forward reconstruction quality for dynamic novel
view synthesis, especially when three or more input views are available.

Qualitative Results for Photometric-Semantic Novel view Synthesis.
We evaluate our single-stage joint semantic and photometric rendering frame-
work against the static-only LSM [9] and the two-stage dynamic rendering ap-
proach, WildRayZer [4] + LSeg [20]. As illustrated in Figure 3, LSM lacks
explicit support for dynamic scenes. It fails in moving regions and produces
severely blurred renderings with corrupted segmentation maps. The two-stage
WildRayZer + LSeg pipeline performs better in dynamic rendering, but its se-
mantic prediction is limited by the quality of the intermediate rendered image.
As a result, rendering artifacts can directly degrade segmentation accuracy. For
example, it misclassifies the window as a curtain in the left sequence and the sofa
† The result is obtained by running the released code and checkpoint.
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Fig. 3: Qualitative comparison of novel view synthesis and semantic segmentation on
dynamic scenes.

as a bed in the right sequence. In contrast, our method jointly fuses multi-view
photometric and semantic features in a unified single-stage rendering process.
This design helps reduce the above errors and enables both high-fidelity novel
view synthesis and structurally coherent semantic segmentation.

Motion Mask Quality Comparison. As shown in Table 2, SPAR achieves
state-of-the-art performance in dynamic region estimation. We report two vari-
ants of our method. w/o Refine directly uses the raw dynamic masks predicted by
our Dynamic Region Predictor. w/ Refine further applies SAM2 only at test time
to refine these predicted masks. The two variants use the same trained model,
and SAM2 is not involved in training. Our method consistently outperforms
both supervised and self-supervised baselines. Under the n = 3 setting, Ours w/
Refine reaches 88.5% mIoU, outperforming the leading self-supervised method
WildRayZer [4] by a large margin. Moreover, compared with fully supervised
motion-segmentation methods [12], our self-supervised framework still achieves
better mIoU under the n = 8 setting. Notably, our Dynamic Region Predictor
is trained without any ground-truth motion mask labels. Under reconstruction-
driven optimization, regions that are hard to explain by static multi-view con-
sistency tend to be identified as dynamic, allowing the model to reduce recon-
struction errors caused by motion interference.

Motion Mask Qualitative Results. Figure 4 visualizes our Dynamic Region
Predictor across diverse indoor multi-view sequences. The top row displays the
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Table 2: Dynamic Region quality. Comparison of supervised and self-supervised
motion segmentation methods under view settings (n = 2, 3, 8). w/ Refine denotes the
use of SAM2 to refine the original motion masks.

Method n = 2 n = 3 n = 8

mIoU ↑ Recall ↑ mIoU ↑ Recall ↑ mIoU ↑ Recall ↑

Supervised Methods

MegaSAM [22] - - 12.7 37.1 35.4 60.7
Segment Any Motion [12] 31.9 47.2 41.2 57.1 50.9 70.8
Ours w/ Refine 87.8 84.7 88.5 86.2 88.3 85.6

Self-supervised Methods

Co-segmentation [1] 9.6 45.0 13.7 53.2 16.3 45.5
WildRayZer [4] 53.9 85.1 52.1 84.3 54.2 87.7
Ours w/o Refine 75.9 85.7 75.7 86.4 76.6 86.6

Input

GT

Ours

w/o Refine

Ours

w/ Refine

Fig. 4: Qualitative results of our Dynamic Region Predictor (DRP) on diverse multi-
view sequences.

input frames, followed by the ground-truth (GT) masks. The third row shows
our predictions, denoted as Ours w/o Refine. These predictions generate accu-
rate probabilistic heatmaps that reliably localize dynamic human subjects. They
remain effective even during complex non-rigid motions, such as sitting and turn-
ing. The bottom row presents the refined results, denoted as Ours w/ Refine.
After refinement, these soft spatial priors are converted into precise binary masks
that tightly align with the ground truth. This demonstrates the capability of our
module as an efficient and robust motion predictor.

Qualitative Results for Novel View Synthesis and Dynamic Region
Prediction on Unbounded Scenes. We directly evaluate our model on videos
from SpatialVID [35] without any training or fine-tuning on this dataset. Spa-
tialVID contains large-scale, open-world, primarily outdoor dynamic scenes with
pedestrians, cyclists, vehicles, occlusions, viewpoint changes, and diverse scene
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Input GTOur Mask Ours Input GTOur Mask Ours

Fig. 5: Qualitative Results of novel view synthesis and dynamic region prediction on
unbounded scenes.

layouts. As shown in Figure 5, these scenes pose substantial challenges for novel
view synthesis due to low visibility, moving foreground objects, occlusions, and
unbounded outdoor layouts. Despite these challenges, our method predicts co-
herent dynamic-region masks across input views and synthesizes plausible novel
views. The predicted masks localize moving objects such as cyclists and pedestri-
ans, while the rendered images preserve the overall scene structure. These results
suggest that SPAR can generalize to unseen outdoor videos in a zero-shot man-
ner.

Performance Comparisons on the ScanNet Dataset. As shown in Table 3,
our method achieves state-of-the-art performance for 3D-aware joint semantic
segmentation and novel view synthesis on the semantic-rich ScanNet dataset.
Our semantic branch predicts continuous LSeg/CLIP-aligned embeddings in-
stead of fixed 20-class logits. Therefore, it can inherit the open-set recognition
capability of LSeg/CLIP. For semantic segmentation, LSeg retains a marginal
advantage in mIoU by directly segmenting the ground-truth target images, while
our method achieves a highly competitive mIoU of 0.5271 and the highest accu-
racy of 0.8061 under joint rendering. For novel view synthesis, our formulation
shows clear photometric advantages over existing baselines. We attribute this im-
provement to the way we integrate semantic information. Instead of compressing
semantic features into individual 3D Gaussians as in LSM [9], our method em-
beds uncompressed semantics directly into global scene features, which helps
reduce information loss.

4.2 Ablation Studies

Effectiveness of Dynamic-Region-Aware Optimization. As detailed in
Table 4, the proposed dynamic-region-aware optimization improves robustness
under severe dynamic interference. Random masking only provides limited regu-
larization, while our targeted formulation brings a much larger gain. This shows
that dynamic foreground estimation provides useful spatial guidance for sepa-
rating dynamic interference and learning stable static scene representations.
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Table 3: Quantitative comparison on the semantically rich ScanNet [8] dataset.

Method Target View

mIoU ↑ Acc. ↑ PSNR ↑ SSIM ↑ LPIPS ↓

LSeg [20] 0.5281 0.7612 - - -
NeRF-DFF [18] 0.4037 0.6755 19.86 0.6650 0.3629
Feature-3DGS [53] 0.4223 0.7174 24.49 0.8132 0.2293
pixelSplat [2] - - 24.89 0.8392 0.1641
SRT [33] - - 17.01 0.4130 0.6350
LSM [9] 0.5078 0.7686 24.39 0.8072 0.2506
SIU3R [39] - - 25.10 0.8121 0.1043
Ours 0.5271 0.8061 26.43 0.8052 0.2407

Table 4: Ablation of Optimization Strategies. Quantitative comparison of novel
view synthesis performance under severe dynamic interference.

Optimization Strategy PSNR↑ SSIM↑ LPIPS↓

Unconstrained Baseline 15.66 0.489 0.532
Baseline + Random Masking 17.10 (+1.44) 0.536 (+0.047) 0.485 (-0.047)
+ Dynamic-Region-Aware Opt. (Ours) 19.97 (+4.31) 0.627 (+0.138) 0.339 (-0.193)

Effectiveness of Semantic Branch. As shown in Table 5, adding the parallel
semantic understanding branch consistently improves NVS performance on D-
RE10K. Compared with the geometry-only baseline, the full unified framework
achieves better results across all metrics. This indicates that joint semantic-
geometric optimization benefits image rendering and does not compromise re-
construction fidelity.

Table 5: Effectiveness of Semantic Branch. Quantitative comparison demonstrat-
ing the performance gains after incorporating the semantic branch.

Method PSNR↑ SSIM↑ LPIPS↓

w/o semantic branch 19.77 0.615 0.356
w/ semantic branch (ours) 19.97 (+0.20) 0.627 (+0.012) 0.339 (-0.017)

Ablation of Auxiliary Components. We provide additional ablations by
separately removing pre-training, copy-paste augmentation (CPA), and SAM2
refinement. Removing any of these components leads to performance degrada-
tion, showing that they all contribute to the final performance. Among them,
pre-training has the largest impact, indicating that a strong feed-forward recon-
struction prior is important for dynamic view NVS. In contrast, removing CPA
or test-time SAM2 refinement only causes a minor drop. This suggests that the
improvement is not mainly driven by external mask augmentation or SAM2
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post-processing. Instead, our dynamic-region-aware loss in Eq. (5)–(7) plays the
primary role in guiding the model to handle dynamic interference during NVS.

Table 6: Ablation of Auxiliary Components. We ablate pre-training, copy-paste
augmentation (CPA), and SAM2 refinement.

Method PSNR↑ SSIM↑ LPIPS↓

Ours w/o pre-training 18.66 0.578 0.381
Ours w/o CPA 19.82 0.625 0.348
Ours w/o SAM2 refine 19.90 0.624 0.341
Ours 19.97 0.627 0.339

5 Conclusion

In this paper, we present SPAR, a unified feed-forward framework that alleviates
the strict static-scene assumptions limiting many 3D foundation models. SPAR
jointly performs novel view synthesis and open-vocabulary semantic understand-
ing from a few unposed dynamic views, addressing spatial feature misalignment
caused by transient moving objects. Our method introduces a joint semantic-
geometric encoding architecture with a Cross-View Dynamic Region Predictor
that suppresses dynamic regions before latent scene aggregation. Combined with
a self-supervised dynamic-region-aware training scheme, SPAR encourages opti-
mization to focus on multi-view consistent static regions. This training scheme
relies only on reconstruction loss and does not require ground-truth motion mask
labels.

Extensive evaluations on the challenging D-RE10K benchmark show that
SPAR achieves state-of-the-art performance in both dynamic NVS and motion
mask prediction under extreme few-view settings. Beyond these gains, we observe
strong inter-task synergy: semantic learning acts as a structural regularizer that
improves photometric reconstruction quality. By enabling robust and temporally
stable 3D scene representations without explicit dynamic object annotations,
SPAR provides an efficient and scalable foundation for embodied perception in
complex real-world environments.
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