
POINTWEAVE: FEED-FORWARD VIEW SYNTHESIS
WITH EXPLICIT POINT INTERFACE

Yanshu Zhang1, Shichong Peng1, Chirag Vashist1, Ke Li1,2,3
1Simon Fraser University, Canada 2Alberta Machine Intelligence Institute (Amii), Canada
3Canadian Institute for Advanced Research (CIFAR), Canada

ABSTRACT

We introduce PointWeave, a feed-forward novel-view renderer that uses explicit
3D points to guide learned appearance reconstruction. Existing 3DGS-based
methods render explicit primitives efficiently, but recovering fine detail can require
many primitives. Geometric-free methods offer flexible and scalable appearance
modeling, but can struggle to maintain geometric consistency under unseen camera
transformations. In contrast, PointWeave combines explicit geometry with learned
image synthesis. It predicts 3D points with appearance features from input views,
and uses learned ray-to-point attention to aggregate their features for each target ray.
The resulting feature map is combined with colors retrieved from the input views
using the inferred geometry and passed through a decoder to reconstruct the target
image. On RealEstate10K, PointWeave achieves 31.38 dB PSNR with 8,192 points,
outperforming recent 3DGS-based methods by 1.6 dB while using fewer primitives.
It matches the performance of state-of-the-art geometric-free methods with up to
4× faster rendering and substantially better geometric consistency under camera
roll, field-of-view, pixel-aspect and world-scale changes. It also outperforms the
baselines in zero-shot transfer to unseen datasets, with 0.54–2.02 dB PSNR gains
on ACID, DL3DV, ScanNet++, and DTU.

1 INTRODUCTION

Feed-forward novel-view synthesis predicts images from new camera poses given input images,
without per-scene optimization (Yu et al., 2021; Wang et al., 2021; Charatan et al., 2024). High-
quality synthesis requires both detailed appearance rendering and a reliable relationship between
the underlying scene representation and the target camera. Two prominent approaches address
these requirements differently. Geometric-based methods predict an explicit 3D scene, commonly
represented by 3D Gaussians, and render it with a fixed rasterizer (Charatan et al., 2024; Chen et al.,
2024a; Xu et al., 2025). Geometric-free methods learn the mapping from input images and cameras
to target images without an explicit 3D scene representation (Sajjadi et al., 2022; Jin et al., 2025).

3D Gaussian Splatting-based methods couple appearance and geometry in individual primitives.
Each Gaussian carries a single view-dependent color, and spatial variation arises through projected
footprints and alpha-compositing (Kerbl et al., 2023). Consider a flat wall covered with fine printed
text. Its geometry is as simple as that of a uniformly painted wall, but rendering its text generally
requires smaller, more numerous Gaussians. The additional primitives serve appearance complexity
even though the surface geometry is unchanged. With the fixed rasterizer, 3DGS-based methods can
struggle to render fine detail without a large number of primitives.

Geometric-free models predict novel-view images without introducing an explicit 3D scene repre-
sentation, demonstrating the flexibility of learned appearance reconstruction (Rombach et al., 2021;
Sajjadi et al., 2022; Jin et al., 2025; Jiang et al., 2025), and achieve the state-of-the-art rendering
quality (Szymanowicz et al., 2026). However, their renderings can lack 3D consistency under camera
transformations beyond those encountered during training (Wu et al., 2026b). The relationship be-
tween scene features and target cameras depends on the learned renderer and its camera conditioning,
motivating efforts to encode relative camera and ray geometry more effectively (Li et al., 2025; Wu
et al., 2026a). These observations motivate our central question: where should geometry enter a
feed-forward view-synthesis pipeline, and which operations should it constrain?
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Our premise is that geometry should guide where a renderer gathers visual evidence and how that
evidence is combined. A compact set of 3D points can associate target rays with relevant scene
features, while learned appearance features and the input images supply the information needed to
reconstruct fine detail. This gives geometry a direct role in rendering while allowing appearance to
be modeled beyond the spatial arrangement of primitives.

We introduce PointWeave, a feed-forward renderer that implements this idea through geometry-
guided ray-to-point attention (Figure 1). From the input images, PointWeave predicts 3D points
carrying learned appearance features. For each target ray, we gather K points near the ray and
use their relative geometry to weight and combine their view-conditioned features. This produces
a feature map aligned with the target view. The inferred geometry also identifies corresponding
appearance in the context images. An image decoder combines this observed appearance with the
aggregated features to reconstruct the novel view.

This design has two advantages. First, it promotes 3D consistency by grounding target-view synthesis
in a shared explicit 3D scene. As the camera changes, each target ray gathers evidence according to its
geometric relationship with the same scene points. Reusing the predicted points and their appearance
attributes across views also supports efficient rendering. Second, learned point features carry detail
beyond the spatial layout of the points, allowing detailed image reconstruction from a compact point
representation. Together, these advantages allow PointWeave to achieve better rendering quality than
recent 3DGS-based methods with fewer primitives, while matching the performance of state-of-the-art
geometric-free methods with up to 4× faster rendering and substantially better geometric consistency.

Our contributions are as follows:

• We introduce PointWeave, a feed-forward novel-view renderer that uses predicted 3D points
and geometry-guided ray-to-point attention to select and aggregate visual evidence for learned
appearance reconstruction.

• Our method outperforms recent 3DGS-based methods with fewer primitives and matches the
performance of state-of-the-art geometric-free methods on RealEstate10K, with stronger geometry
consistency and faster rendering speed than the geometric-free methods.

• We demonstrate strong zero-shot generalization from RealEstate10K to ACID, DL3DV, ScanNet++,
and DTU, achieving 0.54–2.02 dB PSNR gains over the baselines.

2 RELATED WORK

From scene reconstruction to feed-forward rendering. Neural rendering initially focused on
fitting a representation to each scene (Mildenhall et al., 2020; Kerbl et al., 2023). Generalizable
methods transfer this inference into networks trained across scenes, combining source-image features
with geometric correspondence or ray aggregation (Yu et al., 2021; Wang et al., 2021; Chen et al.,
2021; Johari et al., 2022; Suhail et al., 2022; T. et al., 2023). Feed-forward Gaussian methods make
the resulting scene explicit and reusable across target cameras (Charatan et al., 2024; Chen et al.,
2024a; Xu et al., 2025; 2026). Within this family, reconstruction accuracy and primitive allocation
are complementary concerns: better geometry improves correspondence, while adaptive allocation or
compact scene tokens control the cost of representing appearance (Wan et al., 2026; Ren et al., 2026).
PointWeave shares the reusable geometric representation, but uses its points to organize learned
features for image reconstruction.

Learned rendering and geometric conditioning. Geometric-free synthesis removes the explicit
scene representation and learns the image-formation mapping from source images and target-camera
inputs (Rombach et al., 2021; Sajjadi et al., 2022; Jin et al., 2025; Jiang et al., 2025). Work on
scaling and attention connectivity explores the capacity of this approach (Kim et al., 2026; Jia
et al., 2026; Sun et al., 2026). Geometric priors can still enter through pretraining: LagerNVS
transfers a reconstruction encoder into a fully neural renderer (Szymanowicz et al., 2026; Wang
et al., 2024b; Leroy et al., 2024; Wang et al., 2025a). Relative camera and ray encodings provide
another way to structure the mapping (Safin et al., 2023; Miyato et al., 2024; Kong et al., 2024; Li
et al., 2025; Wu et al., 2026a). These directions show that geometric knowledge and an explicit
rendering representation are separate choices. PVSM makes this distinction concrete by conditioning
image synthesis on projections of externally estimated geometry (Wu et al., 2026b). PointWeave
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Figure 1: PointWeave overview. We use a reconstruction backbone to predict featured 3D points
once per scene. Given a target camera, the rays gather features from these points via learned ray-to-
point attention. The aggregated features are combined with context appearance retrieved through the
predicted geometry to decode the target image. The times are evaluated on an RTX 3090.

also grounds learned rendering in geometry, but jointly predicts the point representation and uses
point–ray relations to guide feature aggregation before image decoding.

Explicit features with learned appearance reconstruction. A complementary line of work attach
learned features to explicit geometry and use a neural network to turn these features into images (Aliev
et al., 2020; Rakhimov et al., 2022; Riegler & Koltun, 2021; Zhu et al., 2024). Point-based methods
combine features along viewing rays or learn how points contribute to each ray via attention (Xu et al.,
2022; Wang et al., 2024a; Zhang et al., 2023; Chang et al., 2023). Other methods store features in
Gaussians and decode the splatted features into images (Martins & Civera, 2024; Chen et al., 2024b;
Fu et al., 2026; Lang et al., 2026). PointWeave renders its featured points with ray-to-point attention,
which can model complex point–ray relations and thus render fine detail from fewer primitives.
Unlike these methods, PointWeave changes both how the representation is obtained and how it is
queried. It predicts its points and features in a single feed-forward pass instead of optimizing them
per scene or taking them as given, and it makes point attention efficient by factoring each point’s
appearance into reusable features that are adapted to the viewing direction, rather than evaluating a
large MLP or a multi-layer Transformer for every point–ray pair (Zhang et al., 2023; Chang et al.,
2023; Ost et al., 2022). Rather than relying on point features alone, its decoder also draws on the
context images to recover fine texture beyond what the point attributes store.

3 METHOD

Given V posed context images {(Ic,Kc,Ec)}Vc=1 and a target camera (Kt,Et), PointWeave renders
an H×W image of the target view (Figure 1). Here K and E denote camera intrinsics and extrinsics.
PointWeave works in three steps. A reconstruction backbone first predicts a single set of 3D points
from all context views, each carrying learned appearance features (Section 3.1). Each target ray then
gathers features from the points around it with attention (Section 3.2). Because every ray reads from
the same explicit points, renderings stay consistent across viewpoints. Finally, an image decoder
turns the gathered features, together with colors looked up in the context images, into the output
image (Section 3.3).

3.1 FEED-FORWARD POINT PREDICTION

We use the ReSplat reconstruction backbone, which builds on DepthSplat (Xu et al., 2026; 2025), to
extract multiview features and predict a depth map for each context image. Lifting these depths to 3D
on a stride-four pixel grid gives one shared point set P = {(pj , bj ,Aj ,nj)}Mj=1 with M points in
total across the context views. Each point has a position pj , learned appearance features (bj ,Aj)
and the unit direction nj from its source camera to the point.

A point’s appearance can change with the viewing direction, for example on glossy surfaces. Running
a deep network for every point–ray pair would capture this, but it repeats much of the same computa-
tion across pixels and views. Instead, we split each point’s appearance into a part computed once
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per point and a small part computed per ray. Two learned linear layers map each point’s backbone
feature qj to a base feature bj ∈ RC and a matrix Aj ∈ RC×R, with C = 32 and R = 8. The base
feature holds the appearance that looks the same from every direction. The eight columns of Aj

are point-specific feature vectors, and for each ray a small code of eight weights, computed from
the viewing geometry (Section 3.2), mixes them to adjust the base feature to the current viewing
direction.

3.2 RAY-TO-POINT ATTENTION

Each target pixel is rendered from the points around its ray. For ray ri = (oi,di), with camera center
oi and unit direction di, we select the K points whose projections lie closest to the pixel in the target
image, forming the candidate set Ni (K = 20 by default). Attention then weighs these candidates, so
each pixel considers only a small, geometrically relevant set of points.

Geometry plays two roles here: it decides how relevant a candidate is to the ray, and it adjusts the
candidate’s appearance to the viewing direction. We describe the two with separate inputs. To locate
a point relative to a ray, we set up a coordinate frame for each ray, with its origin at oi, its depth axis
along di, and two perpendicular axes exi , e

y
i , where exi is orthogonal to the camera’s up direction.

We transform each point pj into this local ray coordinate frame and get the point’s coordinates
[xij , yij , tij ], where xij = (pj − oi)

⊤exi , yij = (pj − oi)
⊤eyi and depth tij = d⊤

i (pj − oi). With
t0i the depth of the nearest candidate in front of the camera, the two inputs are

gij =
[
xij , yij , tij − t0i

]
,

hij =
[
di, xije

x
i + yije

y
i , n

⊤
j di

]
.

(1)

The relevance input gij ∈ R3 says where the point sits relative to the ray: how far it lies to the side,
and how much deeper it is than the nearest candidate. The appearance input hij ∈ R7 describes how
the point is seen: the target viewing direction, the point’s sideways offset from the ray, and the cosine
between the source and target viewing directions. We apply a sinusoidal positional encoding γ to
both. Two separate learned linear layers fθ and uθ turn γ(gij) into an attention score, and γ(hij)
into the eight appearance weights. Because the scores depend only on positions measured relative to
the ray rather than in world coordinates, they do not tie the model to a particular world frame, which
helps it generalize across scenes and viewpoints.

Some regions, such as the sky, may not have reliable predicted points. We therefore add a learned
background slot ∅, which lets attention put weight on the background instead of the selected points.
With score si∅ and value v∅ for the background slot, the feature of each ray is

sij = fθ
(
γ(gij)

)
, vij = bj +Aj uθ

(
γ(hij)

)
,

αij =
exp sij

exp si∅ +
∑

k∈Ni
exp sik

, zi =
∑
j∈Ni

αijvij + αi∅v∅. (2)

Here αi∅ is the background weight. Collecting zi ∈ RC over all target pixels gives a feature map
Z ∈ RH×W×C that is aligned pixel by pixel with the target image.

3.3 CONTEXT APPEARANCE AND IMAGE DECODING

Summarizing the context images as point features can lose fine texture that is still visible in the
images themselves. We therefore let the decoder look up colors directly in the context images, using
the predicted geometry to find where to look (Wang et al., 2021; Riegler & Koltun, 2021). For each
ray, we reuse the attention weights to estimate where the ray hits the surface:

d̂i =

∑
j∈Ni

αijtij∑
j∈Ni

αij + ϵ
, xi = oi + d̂idi.

We project xi into each context camera c and bilinearly sample its color at πc(xi). This color can
be wrong when the point falls outside a context image or is hidden behind another surface, so each
sample comes with two visibility signals. A validity mask records whether the projection lies in front
of the camera and inside the image. An occlusion signal compares the point’s depth with the predicted
depth at that context pixel, and a positive log-depth difference means that xi lies behind the visible
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surface. Stacking the colors and these two signals from Vc context views gives W ∈ RH×W×5Vc . We
use the first and last context views (Vc = 2) for more than 2 input views, so W stays at ten channels.

The decoder must combine the learned point features with context colors that may be missing or
misaligned, so we also give it cues about how reliable each ray’s attention is. We append five
per-pixel values to Z: the estimated depth, the total attention weight on the selected points rather
than the background, the entropy of the attention weights, the gap between the two largest point
weights, and the perpendicular 3D distance from the highest-weighted point to the ray. This gives
Z̃ ∈ RH×W×(C+5). Two separate learned convolution layers map the point features and the context
colors into a common space, and we add the results:

F0 = ϕZ(Z̃) + ϕW (W), F0 ∈ RH×W×96. (3)

A NAFNet-style image decoder (Chen et al., 2022) then uses the surrounding pixels to produce the
final RGB image. We train with an L1 pixel loss and a perceptual loss:

L = ∥̂I − I∥1 + 0.05Lperc(̂I, I), (4)

where Lperc is computed on VGG image features (Zhang et al., 2018).

4 EXPERIMENTS

We compare PointWeave with the baselines on three tasks: 1. In-domain novel-view synthesis
on RealEstate10K (RE10K) (Zhou et al., 2018) and DL3DV (Ling et al., 2024) (Section 4.1), 2.
Zero-shot cross-dataset transfer to ACID (Liu et al., 2021), DL3DV, ScanNet++ (Yeshwanth et al.,
2023) and DTU (Jensen et al., 2014) (Section 4.2), and 3. Geometric consistency under camera or
world transformations on the benchmark proposed by PVSM (Wu et al., 2026b) (Section 4.3). We
also present ablation studies in Section 4.4. We use PSNR, SSIM and LPIPS (Zhang et al., 2018) to
evaluate rendering quality quantitatively.

4.1 IN-DOMAIN NOVEL-VIEW SYNTHESIS

We evaluate in-domain novel-view synthesis on RE10K with two input context views and on DL3DV
with two, four and six input views. We compare with the 3DGS-based methods pixelSplat, MVSplat,
DepthSplat, ReSplat, SplatWeaver and TokenGS (Charatan et al., 2024; Chen et al., 2024a; Xu
et al., 2025; 2026; Wan et al., 2026; Ren et al., 2026), the geometric-free methods LVSM, CLiFT,
and LagerNVS (Jin et al., 2025; Wang et al., 2025b; Szymanowicz et al., 2026), and the point
projection-conditioned method PVSM (Wu et al., 2026b). We include their paper-reported results
when available; otherwise, we evaluate their released checkpoints.

Implementation details. We initialize the image encoder and depth predictor from released ReSplat
checkpoints and optimize the whole pipeline jointly with a randomly initialized renderer, training
separately on each dataset. The RE10K model is trained with a batch size of 16 for 600k steps, with
two input views. The DL3DV model is trained with a batch size of 4 for 300k steps, with two to six
randomly sampled input views. Each model is trained on eight H100 GPUs. We use AdamW with a
learning rate of 2 × 10−4 for the renderer (ray-to-point attention + decoder) and 2 × 10−5 for the
ReSplat backbone with cosine decay. The scene and frame sampling strategy follows ReSplat for
both training and evaluation. Input images are resized to 256× 256 for RE10K and 256× 448 for
DL3DV. Our standard model uses K = 20 nearest points for ray-to-point attention during training and
inference. Predicting one point per stride-four grid location gives 4,096 points per view for RE10K
and 7,168 points per view for DL3DV. The K = 5 variant in Table 1 is fine-tuned for 20k iterations
from the model trained with K = 20. Inference timings are measured on an RTX 3090 GPU. For
DL3DV, as LagerNVS only supports square inputs, we compare it with PointWeave separately at
256× 256 for both input and output rather than at our 256× 448 training resolution. Following the
baselines’ respective evaluation protocols, the full-frame block of Table 3 scores all frames, including
context views, whereas the square-input block scores only non-context target views.

Results. As shown in Table 1, PointWeave outperforms the compared 3DGS-based methods with
fewer primitives (8,192 points) and matches the performance of LagerNVS, a state-of-the-art method
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Table 1: RE10K novel view synthesis. We use two context views as input and evaluate on 2562

images. Times are encoding / rendering in ms. †: trained with four context views.

Method Primitives Encode/render (ms) PSNR ↑ SSIM ↑ LPIPS ↓
3DGS-based

pixelSplat (Charatan et al., 2024) 393k 139.5 / 3.2 25.89 .858 .142
MVSplat (Chen et al., 2024a) 131k 50.5 / 2.0 26.39 .869 .128
DepthSplat (Xu et al., 2025) 131k 118.2 / 3.2 27.47 .889 .114
TokenGS (1,024 tokens) (Ren et al., 2026) 66k 116.8 / 0.6 28.02 .896 .147
TokenGS (4,096 tokens) (Ren et al., 2026) 262k 249.6 / 1.0 28.41 .903 .135
SplatWeaver (Wan et al., 2026) 47k 273.4 / 1.3 29.06 .899 .102
ReSplat (no refinement) (Xu et al., 2026) 131k 105.8 / 1.4 29.40 .909 .104
ReSplat (2 refinements) (Xu et al., 2026) 131k 393.1 / 1.4 29.75 .912 .100
Geometric-free

LVSM (decoder-only) (Jin et al., 2025) — — / 41.9 29.68 .906 .098
CLiFT† (Wang et al., 2025b) — 875.7 / 10.2 27.06 .867 .132
LagerNVS (Szymanowicz et al., 2026) — 191.5 / 30.9 31.39 .926 .078

PointWeave, K = 20 8,192 65.6 / 10.8 31.38 .927 .093
PointWeave, K = 5 8,192 67.7 / 7.0 31.32 .927 .093

Table 2: Training batch and sample budget on RE10K. Our method matches the performance of
the baselines with 5× fewer training samples, and outperforms them with fewer samples.

Method Scenes/step Steps Training samples PSNR ↑ SSIM ↑ LPIPS ↓
LVSM (decoder-only) 64 100k 6.4M 28.89 .894 .108
LVSM (decoder-only) 512 100k 51.2M 29.68 .906 .098
LagerNVS 64 100k 6.4M 30.48 .918 .086
LagerNVS 512 100k 51.2M 31.39 .926 .078

Ours, batch 4 4 300k 1.2M 30.82 .921 .098
Ours, batch 16 16 300k 4.8M 31.12 .925 .095
Ours, batch 16, 600k (full) 16 600k 9.6M 31.38 .927 .093

Table 3: DL3DV novel view synthesis. We compare with LagerNVS separately as it only supports
square inputs. †: trained with four views. ‡: trained with four and six context views.

2 views 4 views 6 views

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Full-frame: 256× 448 inputs and outputs
MVSplat 17.54 .529 .402 21.63 .721 .233 22.93 .775 .193
DepthSplat 19.31 .615 .310 23.12 .780 .178 24.19 .823 .147
TokenGS† 19.35 .609 .440 23.02 .747 .326 23.69 .766 .311
ReSplat (no refinement) 18.82 .586 .393 23.94 .787 .209 25.79 .840 .162
ReSplat (2 refinements) 19.55 .603 .377 25.28 .813 .186 27.30 .867 .139
CLiFT‡ 18.93 .573 .368 24.58 .774 .190 26.52 .825 .147
PointWeave (ours) 23.36 .730 .263 28.81 .876 .126 31.30 .920 .087

Square-input: 2562 inputs and outputs
LagerNVS 23.30 .739 .203 27.56 .869 .095 29.45 .904 .068
PointWeave (ours) 21.95 .696 .285 27.42 .861 .135 29.96 .911 .090

on RE10K. On an RTX 3090, PointWeave encodes a scene in 65 ms and renders each target in 10.8 ms
at K = 20 or 7.0 ms at K = 5, around 3–4× faster than LagerNVS. Figure 2 shows qualitative results
on RE10K. PointWeave produces more detailed images than the 3DGS-based baselines, particularly
in challenging regions containing thin structures and complex geometry, which require densely
distributed Gaussians for accurate rendering. Geometry-free baselines may hallucinate structures, as
illustrated by the extra window frame in the bottom example of Figure 2.
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Ground truth MVSplat DepthSplat ReSplat (2 ref.) LVSM LagerNVS PointWeave

Figure 2: RE10K, two context views. We show the target, a 4× crop (yellow box) and the crop’s
error map, where brighter means larger error. 3DGS-based methods blur when the point density is
low. Geometric-free methods may hallucinate geometry, such as the extra window frame (bottom).

Ground truth DepthSplat ReSplat (2 ref.) SplatWeaver TokenGS CLiFT PointWeave
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Figure 3: DL3DV, full-frame protocol, two to six context views, in the layout of Figure 2. Our
method retains more detail than the baselines with fewer primitives and better geometric consistency.

Table 2 shows that PointWeave outperforms LVSM and matches LagerNVS with 5× fewer training
samples: 9.6M versus 51.2M. With 4.8M samples, PointWeave also achieves higher PSNR than both
baselines trained with 6.4M samples.

Table 3 compares novel-view synthesis on DL3DV. We compare with the baselines that have released
checkpoints trained on DL3DV. PointWeave outperforms the compared 3DGS-based methods under
the full-frame protocol by a large margin. Under the square-input protocol, LagerNVS leads with
two and four context views, while PointWeave achieves higher PSNR with six views: 29.96 versus
29.45 dB. Figure 3 shows full-frame comparisons, and Figure 4 compares PointWeave with LagerNVS
under the square-input protocol. As shown, our method preserves more detail than the 3DGS-based
baselines and matches the visual quality of LagerNVS with four and six context views. With two
context views, however, PointWeave still falls behind LagerNVS, likely for two reasons. LagerNVS
builds on VGGT (Wang et al., 2025a), a large reconstruction model pretrained on broad 3D data,
which may provide strong prior knowledge of scene structure. In addition, every PointWeave point
is lifted from the predicted depth of a context view, so the points only cover surfaces seen in the
context views. Our model can therefore reproduce observed regions faithfully but may struggle to fill
in regions that no context view sees. These unobserved regions are largest with two views, which is
consistent with the gap narrowing as more views are added.
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4.2 ZERO-SHOT CROSS-DATASET NOVEL-VIEW SYNTHESIS

We test our RE10K-trained checkpoints on ACID (Liu et al., 2021), DL3DV, ScanNet++ (Yeshwanth
et al., 2023) and DTU (Jensen et al., 2014), without target-dataset adaptation. For zero-shot transfer to
DL3DV, we use a shorter test-frame gap than in the in-domain evaluation for all methods, following
DepthSplat (Xu et al., 2025). For all datasets, we follow the camera pose normalization used in
LagerNVS (Szymanowicz et al., 2026). As shown in Table 4, PointWeave exceeds the strongest
compared baseline in PSNR by 0.54 dB on ACID, 1.75 dB on DL3DV, 2.02 dB on ScanNet++ and
1.78 dB on DTU. These results demonstrate strong zero-shot generalization across the evaluated
datasets. Figure 5 shows examples on ACID, DL3DV, ScanNet++ and DTU.
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Figure 4: PointWeave and LagerNVS, square-
input DL3DV, with 2, 4, 6 input views.
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Figure 5: Zero-shot transfer. Our method
shows better geometric consistency.

Table 4: Zero-shot transfer from RE10K, 2562, two context views. All the baselines are trained on
RE10K only. †: trained with four context views.

ACID (1,595) DL3DV short (139) ScanNet++ (50) DTU (64)

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS-based
pixelSplat 27.82 .835 .155 27.20 .882 .103 18.42 .720 .278 11.53 .327 .633
MVSplat 28.16 .841 .147 26.95 .873 .101 17.14 .687 .297 13.94 .474 .386
DepthSplat 28.38 .848 .142 28.14 .905 .083 20.79 .761 .254 14.59 .425 .437
ReSplat (no refinement) 29.69 .865 .137 30.53 .927 .075 22.82 .787 .237 15.33 .620 .389
Geometric-free
LVSM (decoder-only) 30.44 .869 .127 30.03 .914 .080 25.49 .785 .212 16.01 .544 .343
CLiFT† 29.00 .840 .164 26.87 .850 .134 23.09 .760 .269 14.25 .492 .533
LagerNVS 31.70 .886 .110 29.72 .907 .066 25.30 .785 .194 14.75 .498 .375

PointWeave (ours) 32.25 .896 .124 32.28 .939 .069 27.51 .829 .199 17.79 .684 .315

4.3 GEOMETRIC CONSISTENCY UNDER CAMERA TRANSFORMATIONS

Following PVSM (Wu et al., 2026b), we evaluate the 3D consistency of our method and the baselines
under camera or world transformations, including camera roll, field of view, pixel anisotropy and
world scale. The test set contains 100 RE10K scenes with three targets each. For each transformation
type, we evaluate multiple settings, such as different rotation angles or scale factors, and average the
scores across those settings. Following PVSM’s metric code, both PSNR and SSIM are computed
over valid pixels.

As shown in Table 5 and Figure 6, without any augmentation, PointWeave retains better geometric
consistency than the baselines under all four transformation sweeps, including the released 24-layer
PVSM checkpoint fine-tuned with additional augmentations.

4.4 ABLATION STUDIES

We examine the effects of decoder architecture and the proposed context retrieval on both novel-view
synthesis quality and geometric consistency on RE10K, using the protocols in Sections 4.1 and 4.3.
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Table 5: Consistency benchmark. Following PVSM, we evaluate on RE10K under camera roll, field
of view, pixel anisotropy and world scale, given two context views. †: released model fine-tuned with
additional camera augmentations. ‡: trained with four context views.

Roll FOV Anisotropy Scale

Method PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑
LagerNVS 17.72 .480 14.05 .801 16.02 .758 15.22 .512
LVSM (decoder-only) 18.03 .488 16.44 .847 18.93 .812 20.63 .645
CLiFT‡ 17.95 .494 17.07 .872 17.82 .784 18.34 .548
PVSM† 19.96 .709 20.17 .928 19.23 .842 21.70 .729
PointWeave (ours) 21.85 .790 21.67 .953 24.41 .932 25.20 .805
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Figure 6: Renders under camera transformations.
Geometric-free methods fail to render geometry con-
sistent images under transformations.

Table 6: Renderer ablations on RE10K.
Params.: number of decoder-head parameters.
†: decoder head only. Cons.: mean PSNR over
the four axes in the consistency benchmark.

Variant Params. PSNR ↑ SSIM ↑ LPIPS ↓ ms ↓ Cons. ↑

(a) Decoder

MLP small 7.4k 28.28 .891 .158 0.2† 26.36
MLP large 49.9M 28.69 .901 .130 86.5† 26.77
NAFnet (ours) 15.2M 30.76 .920 .099 3.2† 25.12
NAFnet large 49.9M 30.02 .914 .111 8.3† 24.87
DPT 54.1M 29.21 .899 .149 5.1† 24.80
Transformer 44.9M 28.87 .896 .148 2.3† 25.05

(b) Context

Off 30.52 .921 .099 — 23.58
On 30.82 .921 .098 — 24.48

Decoder type. We replace the image decoder of a trained model with different randomly initialized
decoders and fine-tune the entire model for 20k steps. For the DPT and Transformer heads, we
adopt standard architectures from the literature (Jin et al., 2025; Wu et al., 2026b; Ranftl et al.,
2021; Vaswani et al., 2017; Dosovitskiy et al., 2021; Su et al., 2024). For the MLP and NAFNet
heads, we evaluate two variants each: one with a parameter count comparable to those of the DPT
and Transformer heads, and one using a standard configuration. As shown in Table 6a, the MLP
head performs best on the consistency benchmark, as it avoids dependencies on neighboring pixels.
NAFNet achieves the best rendering quality with a modest reduction in geometric consistency.

Context retrieval. We evaluate the effect of the context retrieval using variants of our model trained
from scratch for 300k steps, with and without the retrieval. As shown in Table 6b, the context retrieval
improves PSNR by 0.30 dB, while also improving geometric consistency by 0.90 dB on average
across the four transformations in the consistency benchmark.

5 CONCLUSION AND LIMITATIONS

PointWeave uses explicit points to organize rendering while learning appearance aggregation and
image decoding. It achieves better rendering quality than 3DGS-based methods with fewer primitives,
and outperforms or matches the performance of the state-of-the-art geometric-free methods with
faster rendering and better geometric consistency. It also shows better zero-shot generalization across
datasets than the baselines. There is still a gap between PointWeave and the state-of-the-art methods
under sparse context views on DL3DV, which could potentially be reduced by switching the backbone
to more powerful 3D foundation models such as VGGT (Wang et al., 2025a). Currently, PointWeave
is limited to static scenes, and future work could extend it to dynamic scenes by modeling how the
points move over time. Beyond novel view synthesis, our method could also serve as a 3D memory
for world models or camera-controlled video generation, so that regions revisited by the camera are
rendered from the same points and stay consistent.
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