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Abstract. Self-supervised novel view synthesis (NVS) remains challeng-
ing to scale, despite the abundance of video data, largely due to the
brittleness of training on realistic videos and the hard-to-predict scaling
behavior of multi-network system designs. We introduce RayDer, a unified,
feed-forward transformer that consolidates camera estimation, scene re-
construction, and rendering into a single backbone, turning self-supervised
NVS into a well-posed single-model scaling problem. A minimal dynamic
state, treated as a nuisance factor, absorbs time-varying content and
enables stable training on unconstrained real-world video. Importantly,
RayDer keeps static-scene NVS as its target task: dynamic content is
leveraged purely as scalable supervision, not reconstructed as in dynamic-
scene (4D) NVS. Across multiple model sizes and orders of magnitude
in data, RayDer exhibits clean power-law scaling with data and com-
pute, and outperforms static-scene data mixtures. On a large number
of benchmarks, RayDer achieves strong zero-shot open-set performance
competitive with state-of-the-art supervised approaches.

Project Page: https://compvis.github.io/rayder.

Keywords: Novel view synthesis - Self-supervised learning - Video

(a) Training Data (b) Training Process (c) Result (d) Scaling
Supervised NVS

RayDer
oo, (LVSM, SRT, LRM, LS-GRM, pixelSPLAT, .
Data (scarce) . =
Require Poses (
-

Unposed Videos Typical Self-Supervised NVS
of Static Scenes (limited) (RayZer, Pensieve, SPFSplat, ...)
Require Static Scene

Our Training Data

0 0
Dataset Size (# Sequences)
- static data = dynamic video

Unposed Videos RayDer learns NVS directly
abundant) just from internet videos _DynamicVideo Learned Scaling beyond the
with dynamics - Static Scene Representation Static Scene NVS Static Data Barrier

Fig. 1: Training Static-scene Novel View Synthesis from Abundant Video. Ex-
isting approaches rely on scarce data sources: supervised NVS requires posed multi-view
images, while prior self-supervised methods require unposed videos/image collections of
static scenes. Our method instead trains from generic unposed videos that may contain
dynamic objects, enabling learning from the dominant form of visual data. This removes
the static-scene data bottleneck and unlocks improved scaling with dataset size.
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1 Introduction

Novel view synthesis (NVS) should, in principle, be a highly scalable learning
problem: given a set of posed views of a (static) scene, learn to predict other
views. However, posed multi-view data is extremely scarce. Self-supervised NVS
removes this pose requirement by learning camera geometry jointly with view
synthesis, with recent methods even rivaling pose-supervised ones under real-world
conditions [28]. Here, view synthesis is itself the target task, not a pretext task
for learning transferable features: camera-pose labels are noisy and expensive to
obtain on real video at scale, so removing them is precisely what makes abundant,
unlabeled video usable for training the synthesis model itself. Despite this, and
large amounts of video being available on the internet [1], these methods rely on
restrictive assumptions — most notably, static scenes from curated datasets — that
prevent reliable training at scale. We argue that the main obstacle to scalable
self-supervised NVS is not data availability, but rather how current systems are
designed to use that data.

Most existing approaches to self-supervised NVS [24125/[2846|/68\|73] are built
as multi-network pipelines, with separate components for camera estimation,
scene representation, and rendering. While effective at small scales, such designs
make scaling difficult in practice: capacity has to be allocated across multiple
interacting networks whose behavior is hard to predict and prohibitively expensive
to sweep as models grow. As a result, even when more data or compute is available,
scaling remains brittle and inconsistent.

A related challenge is robustness to the videos that are available at scale:
unconstrained videos often contain dynamic scene content, which exposes insta-
bilities in existing methods and prevents direct training on such scalable data
sources. Importantly, our goal is not dynamic-scene (4D) NVS, but static-scene
NVS learned from dynamic video: dynamic content is never reconstructed, only
absorbed as a nuisance factor during training. Stable learning under these con-
ditions is the prerequisite for accessing the data regime where scaling can be
meaningfully studied.

We introduce RayDer, a unified, feed-forward transformer that enables
scalable self-supervised novel view synthesis. Building on the RayZer |28] lineage,
we develop a method that unifies camera estimation, scene reconstruction, and
rendering in a single backbone, to enable scaling of self-supervised NVS. This
simplification is not merely architectural: at fixed parameter counts, unification
improves both pose estimation and novel view synthesis quality significantly, and
enables straightforward, predictable scaling.

To ensure stable training on general video, RayDer uses a minimal explicit
dynamic state variable that absorbs time-varying scene content during training.
This variable is treated as a nuisance factor rather than a semantic representation
and is not used at inference time — its role is solely to prevent scene dynamics
information from corrupting camera pose representations, enabling stable training
on unconstrained videos without changing the static-scene NVS task.

Across three orders of magnitude of training data and four model sizes, RayDer
exhibits clean scaling in both data and compute simultaneously. Over the explored
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regimes, compute-optimal performance is well described by a single simple power-
law fit. The insight here is not the unsurprising observation that “more data helps”.
Rather, it is that self-supervised NVS from unconstrained video becomes a well-
behaved scaling problem once two obstacles are removed: the brittle optimization
of multi-network pipelines, and the corruption of camera representations by
dynamic content. Once training is unified and dynamics are treated as a nuisance
factor, self-supervised NVS scales like a standard single-model learning problem —
cleanly and predictably in data, model size, and compute. We further show that
aggregating existing static-scene datasets does not reproduce our scaled model’s
performance: the gains arise from both increased data availability and a system
design that allows scaling to manifest.
Our main contributions are as follows:
— A unified single-network architecture for self-supervised NVS, replacing multi-
network pipelines and enabling predictable scaling in model size and compute.
— A training formulation that remains stable on unconstrained video of dynamic
scenes, treating scene dynamics as a nuisance factor to enable training on
large-scale data.
— An empirical analysis of scaling behavior across data, model size, and compute,
including compute-optimal scaling trends.

2 Related Work

Feed-Forward Novel View Synthesis. Per-scene optimization via NeRFs [45]
or 3D Gaussian Splatting [33| produces high-quality views but requires dense
pose captures and per-scene fitting at test time. Feed-forward models amortize
this cost by predicting radiance fields [22], Gaussian primitives [46,/7./82,/86], or
latent renderings [114[29}/41,47.[53H55}/55,(77H79L84,91] from posed images, but
remain dependent on external pose pipelines |58.[70] at training and often at test
time. Some methods reduce this dependency by leveraging flow, correspondence,
or depth cues [5}14L21|62], but retain partial geometric supervision. Generative
approaches for camera-controlled synthesis [11,/41}77-79,84.,[87,[91] often adapt
pretrained (video) diffusion models for camera-controllable synthesis [41,/84.91]
and can hallucinate content beyond observed regions, but still require posed data
for NVS training and take cameras as input rather than learning them. RayDer
removes pose supervision entirely and learns camera representations jointly with
view synthesis from raw video.

Self-supervised and Pose-Free NVS. Foundational work toward removing
pose dependence in NVS includes UpSRT [57], which encodes unposed images
into a latent scene representation, decoded using query rays that specify a relative
target pose, and the Video Autoencoder [36], which learns to disentangle 3D
structure and camera pose from video without pose supervision. RUST [56|
removes train-time pose dependency by learning a latent pose code, but requires
partial target views, limiting transferability |[46]; DyST |59] handles dynamics but
needs multi-view, multi-dynamics data that is difficult to obtain at scale. A second
line learns explicit camera representations from monocular video. RayZer [28]
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trains three separate ViTs end-ot-end on unposed static-scene video with only
a photometric loss; Pensieve [73| adds Gaussian splatting and depth losses;
Less3Depend [68] extends this to sparse images; E-RayZer [89] repurposes the
same formulation for self-supervised 3D pretraining. These methods yield strong
results, but are restricted to curated static-scene data whose combined scale |40}
42/152,|92] is orders of magnitude smaller than available web video (Sec. ,
and employ multi-network pipelines that complicate scaling [16]. XFactor [46]
further shows that many such systems learn pose shortcuts that fail to transfer
across scenes. Pose-free Gaussian splatting methods [24}2530,/39,83| address a
complementary setting — sparse unposed images —, but several bootstrap from
geometric backbones [|37,|74] pretrained with 3D supervision. RayDer addresses
all three recurring limitations: static-data ceilings, multi-network complexity, and
reliance on pretrained geometric priors.

Large 3D Vision Models. A growing line of “large 3D vision models” learns
general 3D understanding by unifying multiple geometry tasks in a single trans-
former backbone, trading hand-engineered pipelines for scale and data breadth.
Systems like VGGT [70] build upon the success of VGG-SfM [71] but remove
most inductive biases, making everything into a single transformer backbone
trained for multiple tasks simultaneously. They achieve (near-)state-of-the-art
results across many tasks by just training on multiple supervised tasks across
a large number of datasets. This has been further improved by works such as
MapAnything |32], which further extended the set of tasks, 7 [75|, which removed
the dependency on a specific canonical view, and others [9,/12}/13}|60]. Approaches
like CUT3R [72] pursue similar problems from different perspectives, enabling
incremental updates and improved efficiency. RayDer takes inspiration from this
direction: just as replacing the individual components of VGG-SfM [71] with a
single transformer in VGGT [70| led to improved scalability and thus improved
performance, we aim to make self-supervised NVS scalable using, among other
aspects, unification into a single transformer backbone.

3 Scaling Self-Supervised Novel View Synthesis

Our goal is to make self-supervised novel view syn-

thesis (NVS) scalable in data, model size, and com-

pute, without introducing task-specific supervision Baseline (§3.1)

or brittle system design. Starting from a modern Dynamics (§3.2)

feed-forward baseline (§3.1)), we identify three bot- Single Network (53:3)

tlenecks that prevent scaling: Improvements (53.4)

§3.2] Data: existing methods assume static scenes PSNR (dB, ) on RETOK
for training, severely limiting training data.

§3.3] System: multi-network pipelines complicate scaling and optimization.

Quality: pose shortcuts and coarse patches limit reconstruction quality.

We address these with a sequence of targeted modifications, each validated by

controlled ablations (see Tab. [I]).
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instability (§3.2)), architectural

scalability (§3.3), and synthesis quality (§3.4). NVS is zero-shot on RE10K [92], camera
estimation via transferability on DL3DV-10k . Full table in Supp. Tab.

Trained on SA-V Trained on SV-HQ

Stable NVS PSNRt Camera Est. NVS PSNRT Camera Est.

Configuration L , ;
. Training - w/o R@10°F 1@0.11 /O R@10°1 1@0.11

Stable Training on Dynamic Video

A RayZer-like W Baseline ~

B + Dynamic State Prediction v 13421 56.1 7.0 13.48f 544 6.0

C + State Dropout v 23.01 62.4 8.1 23.02 69.2 8.2

Scalability through Consolidation

D + Single-network Consolidation v 24.93 68.8 16.3 26.98 741 19.7

E + Parallel-target Attention v 24.04 70.1 156 25.91 70.9 18.2

§3.4} Improving Synthesis Quality

F + Autoregression over Views (ordered) v 23.08* 73.6 249 23.53 76.5 25.2

G + Random-order Autoregression v 25.45 84.4 372 2727 86.0 39.1

H -+ Local High-resolution Layers v 25.61 85.0 40.2 27.78 88.7 424

*Results for A are from selected runs that did not diverge. | Dynamic state model

ling without dropout creates inference-time

dependency on state. #Ordered AR does not generalize to standard NVS test settings.

3.1 Preliminaries and Baseline

We start our exploration with RayZer [28|, a feed-
forward NVS method trained in a self-supervised
manner on unposed, uncalibrated videos of static
scenes with camera motion. Extending upon
LVSM [29], RayZer consists of three distinct
ViT subnetworks (Fig. [2]): a camera estima-
tor Ecam : {Ii} — {pi} maps views {I;} to poses
{p;} € SE(3) (and camera intrinsics). Then, the
scene reconstructor Escene : {(I;, pi)} — z predicts
a latent scene representation z from input views
Zinput = {(L;,p;)}. Finally, a rendering decoder
Drender © Z; Ptarget = itarget predicts target views.
All three networks are trained jointly end-to-end
to optimize image-space reconstruction on target

J10pnnsuodRY
auads

13p0d3Q SuLiapuay

101eWns] RIBWIE)

Fig. 2: Preliminaries:
RayZer . RayZer uses
three models responsible for
different tasks: a) Camera
Estimation, b) Reconstruction,
c) Rendering.

views Ziarget held out for the Scene Reconstructor, using poses jointly predicted

for all views. Poses are encoded as Pliicker rays [50)

Baseline (CONFIG A). We use a scale-reduced RayZer-like model (~140M
params) for our baseline (CONFIG A) and train on two complementary datasets: i)
Segment Anything-Video , a diverse open-world video dataset with significant
scene dynamics, and ii) SpatialVid-HQ , a curated, partially dynamic-scene
dataset. Evaluation is zero-shot — models are evaluated on unseen benchmarks.
We measure NVS quality on RealEstate-10K in the pixelSplat setting,
and camera estimation via transferability on DL3DV-10k .

3.2 Robust Learning from Dynamic Videos
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Scaling self-supervised NVS faces an immediate data

> 0061
bottleneck: truly static-scene videos, as required by = oo
current methods [28}46}/68|/73|, are a tiny subset of e
what is available at scale. However, training RayZer = 0021

directly on dynamic video leads to gradient spikes and 30k N 35K
instabilities: the original RayZer [28]| diverges consis- Training Step
tently when trained on SpatialVid [69] or SA-V [51]  pig.3: Training RayZer
(Fig. [3} see Sec. for a detailed analysis). We frame directly on dynamic videos
this as a representation problem rather than an opti- leads to instabilities and
mization problem. In dynamic video, a target view j stalled training.

is explained from an input view i by two factors: the

camera pose change p; — p; and the dynamic state change s; — s;. Expos-
ing only camera pose as conditioning forces the model to “hide” dynamic-state
information inside the camera representation, causing representation drift and
instabilities. Importantly, even when training on dynamic video, our target task
remains static-scene NVS: the dynamic state is what lets us learn this static-scene
task from dynamic data without modeling scene motion at inference, making
training scalable rather than attempting dynamic-scene NVS.

Dynamic State Prediction and Dropout (CoNFIG B, C). We address this
by predicting a per-view dynamic state embedding s; alongside the camera pose:

Scam,state : {Iz} — {(pu si)}a Drender,state L Z, (ptargetv Starget) = itarge'm (1)

where s; € R%tate lets the model capture time-varying content without needing
to interfere with the pose p;, and is provided to the renderer as an additional
token. This intentionally minimal change — no motion fields, temporal losses,
or disentanglement — eliminates training instabilities entirely: across all our
experiments, not a single run that includes this change (CONFIG B) has diverged.
Since the target state Siarger is unknown at inference, we randomly replace it
with a zero vector during training [19], forcing the model to synthesize plausible
views both with and without state conditioning (CONFIG C). This retains the
stability gains, while resolving the inference dependency on ground truth state and
additionally improving camera estimation (Tab. [lf A—C), consistent with the
dynamic state reducing pressure on the pose representation to encode dynamic
information. We stress that the state is deliberately not a disentangled 4D
representation: it is a nuisance variable whose only role is to prevent leakage into
camera tokens. We probe what it captures in Sec. [C.I] where transplanting states
across views shows it primarily absorbs moving/time-varying scene content while
the camera tokens carry pose; at inference on scenes with dynamic content, this
manifests as the static scene being rendered from the correct novel pose while
moving regions degrade to a temporal average (Sec. limitations in Sec. .

3.3 Scalability through Network Consolidation

With stable training on general video, the next bottleneck is architectural: scaling
multi-network systems — which current self-supervised NVS methods [|24}[25}28|
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46,68,,73] rely on — is highly complex [16], as capacity must be distributed across
interacting components whose scaling behavior is hard to predict.
Single-Network Consolidation (CoONFIG D).

To reduce scaling decisions to a single network, which

can allocate capacity between tasks as needed, and  (a) Multi-Network  (b) Single Network

improve performance by sharing features, we unify — CamEst. -  _, -
. Unified
all three components — camera/dynamic state es- — SceneEnc. = Model
. . . . -
timation, scene reconstruction, and rendering (see NS =
3 Networks, 3 Jobs 1 Network, 2 Jobs

Fig.[4) — in a single model M. Besides scaling simplic-

ity, this is motivated by the idea that pose estimation Fig. 4: Consolidation. We
and view synthesis are not separate problems [70]: combine RayZer’s three net-
they can share features, and training signals can be- Works (a) into one (b).
come cleaner when the clear separation between networks is removed. Our unified
model M operates in two modes (where 7/ denotes abscence of an input/output):

M{{(I“yﬁ )= {(pissi)} > Cam. Est.

A {@pof)}UEpys) = L o NVS (2)
—_— — ~—~
input views target pose target view

All heavy computation lies in a single shared backbone, conditioned on token
role via adaptive norms [26}/47]. In addition to significantly simplifying scaling
decisions, empirically, this unification at fixed parameter count leads to significant
gains in both NVS and camera estimation performance (Tab.|l} C—D).

Parallel-target Attention (CONFIG E). Naively treating the
consolidated model as decoder-only [29] reprocesses input views
for each target view, which is prohibitively expensive. We factorize
attention such that input tokens only attend to each other, while
target tokens attend to themselves and input tokens (see Fig. [5)).
This enables KV caching during inference and parallel target
prediction during training, reducing per-target compute by ~ 7x
at a minor quality trade-off (Tab. |l D—E).

Fig. 5: Our at-
tention mask.

3.4 Improving Synthesis Quality

The remaining issues are quality-related: pose representations can learn shortcuts
in video, and large patch sizes sacrifice local details.

Autoregressive Pose Learning (CoNFIG F, G). When training on video
frames, many input views make pose prediction easy to solve by using frame-
order shortcuts rather than actual geometry (Fig. |§|a) We find that in prac-
tice, this results in predicted poses primarily encoding time rather than the
true viewpoint. In contrast, single- or few-view NVS requires the full pose to
be encoded geometrically (Fig. Eb) We implement that by training autore-
gressively over views: given a subset of views, predict another, then condition
on the expanded set. This forces the model to learn to predict poses that
are useful for NVS in both sparse and dense settings. Extending upon our
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Fig. 7: Final Architecture Overview. RayDer unifies camera estimation (a) and
novel view synthesis (b) in a single transformer backbone. Lightweight local intra-frame
encoder and decoder layers handle high-resolution processing.

factorized attention pattern (Sec. , we make attention causal over input
views and train next-view NVS for |Zinput| = 1,2, ...,|Zsotai| — 1 input views.
Ordered autoregression (CONFIG F) consequently improves camera estimation
quality significantly (Tab. [l E—F), but creates a train-test gap, since stan-
dard NVS settings do not condition on and generate frames in temporal order.
Randomizing the autoregression order instead (CONFIG G) closes this gap and
further improves both camera estimation and NVS quality (Tab. E—-G).

Local High-resolution Layers (ConNFfIG H). (o) Many Input Views (5)Sinle Input view
Large patch sizes hurt synthesis quality 7

but reducing the patch size p scales cost as O(p?), g o
making it prohibitively expensive. Following Crow- Z _______ S @)

son et al. , we add shallow high-resolution local Targetpose lieson getpose needs
layers (using neighborhood attention [17]) around
the main backbone. These layers operate intra-
frame and provide extra high-frequency capacity at

minimal cost (Tab. 1} G—H).

Fig. 6: Many input views (a)
allow encoding camera poses
via an implicit “time” axis;
sparse views (b) require true
relative camera poses.

3.5 Final Architecture

ConrFIG H is the final RayDer architecture, which we train at four different
model scales (Tab. : a single transformer that i) predicts per-frame pose and
state tokens {(p;,s;)} from a set of images {I;}, ii) synthesizes target views
via random-order autoregression with parallel-target attention, and iii) trains
stably on general video. RayDer-S has the same scale (depth, width) as our
ablation models (CONFIG A-H), but is trained longer on more data; RayDer-B
is scale-matched vs. RayZer . An architecture overview is shown in Fig. E
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4 Experiments

Our experiments address four major questions:

§47 Does RayDer exhibit predictable scaling behavior in data, model size,
and compute?

§4.2 Do existing static-scene datasets support the same scaling regime, or is
learning from general video essential?

§43J44] How does open-set self-supervised NVS compare to prior work with
supervision & large-scale pretraining?

(b) Extreme View Interpolation

Input E-RayZer RayDer (Ours) Input  E-RayZer RayDer (Ours)

Fig. 8: Zero-shot qualitative samples of RayDer compared with E-RayZer in (a)
typical (non-dense view) NVS settings, (b) an extreme setting with ~zero context view
overlap, and (c) settings evaluated in Tab. [4f Our RayDer model, trained on large-scale
non-static-constrained video data, outperforms E-RayZer — a prior model trained on a
multi static dataset mixture — by a wide margin.

Implementation Details. We train all models on SpatialVid (~2.7TM
videos), extracting 8 views per clip with ~0.5s spacing (randomly chosen per
epoch), using AdamW at batch size 256 and a resolution of 256%. We
measure PSNR, LPIPS , and SSIM on synthesized novel views for our
evaluations, generally in zero-shot settings on unseen datasets and using 2562
resolution unless noted otherwise. For further details, see Supp. Secs. [A] and

Train-Test Leakage. To ensure that our
gains with increased train data scale, stem
from improved generalization rather than
leakage, we also check for leakage between
our train and test sets. Speciﬁcally, we Model Layers N Hidden Size d Heads Parameters
. RayDer-XS 12 384 6 5OM
check each test view from every dataset RrayDers 18 512 3 145M
we evaluate on against the videos used for g:zg:f o e oo
training our main models & models used
for scaling evaluations (i.e., our copy of SpatialVid ), in two stages: first, we
compute pHash and dHash perceptual hashes for all frames and flagged
any train-test pair with Hamming distance < 8bits as a candidate — yielding
16,381 candidate pairs. Second, to discard hash collisions on visually unrelated
content, we keep only pairs with DINOv3-L CLS cosine similarity > 0.2,

Table 2: Model Scales. We jointly
scale depth, width, and head count.
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more data unlocks higher performance ceilings larger models can benefit more from additional data, provided training is long enough

Fig.9: Scaling Across Data and Model Size. We evaluate models trained on
SpatialVid (2.7M total samples) at different model scales (visualized as shades of green)
and dataset fractions (shades of blue), on RE-10k [92]. Left: Increasing data scale
consistently improves performance, as long as model scale is not a limit. At small
data scales, large models tend to overfit, resulting in worse performance than smaller
ones. Right: Increasing model scale also consistently improves performance. However,
insufficient dataset scale imposes an upper ceiling on achievable test performance.

narrowing the set to 191 candidates. Manual inspection of all 191 remaining pairs
revealed zero matches — therefore, our evaluations should be free of the influence
of train-test leakage and instead represent genuine generalization.

4.1 Scaling Behavior across Data, Model Size, and Compute

Prior self-supervised NVS methods are fundamentally data-limited: trained on
small, curated static-scene datasets that saturate quickly, they cannot mean-
ingfully scale model capacity. By enabling stable training directly on dynamic
video, RayDer allows scaling across multiple orders of magnitude. Setup. We

train RayDer at four scales (XS/S/B/L; Tab. [2)) on three dataset fractions of
SpatialVid: 1% (~27k videos), 10% (~270k, matching the combined size of
common static-scene NVS datasets [40l42.[52,/92]), and 100% (~2.7M). Figure [9]
shows that both data and model scaling consistently lead to improvements, pro-
vided neither is a bottleneck. Increasing data consistently improves performance
when model capacity and training are sufficient, while small models saturate
early. Large models overfit on small data, even underperforming against smaller
models. These results highlight scaling neither compute nor data alone
is sufficient — scaling requires both. All models at 1% data scale converge to
a common ceiling, confirming data as the dominant bottleneck at small scale.
Benefits continue beyond 10%, which matches the combined size of common
static-scene NVS datasets, highlighting the need for more scalable data sources.
Compute-optimal Scaling. Building on LLM scaling analysis [18,20131], we
find that RayDer’s compute-optimal Pareto frontier of NVS performance on
unseen test sets across training compute C' (in GFLOP) and dataset size D (in
number of videos) can be modeled as [31]:

L(C,D) = Leo + (AC™™ + BD "), (3)
—— ~~ S~—— ~——

test metric irreducible part |18] compute term data term
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(a) Compute-optimal Scaling. RayDer’s compute- (b) Qualitative Scaling. RayDer’s quali-

optimal performance on unseen datasets (here, tative behavior follows the trends seen in
RE10K ) across both compute and train dataset quantitative evals (FigAE[): more data & com-
size is well-approximated by a single power law. pute jointly improve NVS quality.

Fig. 10: Joint Data & Compute Scaling.

with L € {MSE, LPIPS, 1 — SSIM} (MSE corresponds to PSNR and is computed
on image data scaled to [—1,1]). The compute and data terms each capture the
error that can only be removed by scaling that aspect. Fitting this power law
to our compute-optimal Pareto frontier of models we trained across model and
dataset scale (see Fig.[10al), we obtain an accurate (R? > 0.99) description of
RayDer’s behavior over both compute and data scale, confirming that its scaling
is well-behaved. All metrics exhibit non-zero irreducible error terms Lo, > 0,
reflecting fundamental limits of the setting (e.g., occluded regions). Both compute
and data terms contribute meaningfully, with the latter formalizing an important
empirical insight: increasing compute yields diminishing returns unless sufficient
training data is available, and scaling training data beyond curated static-scene
datasets requires methods that can train directly on general video. Refitting the
same power law on additional, harder zero-shot benchmarks (WildRGBD ,
CO3D [52]) remains similarly accurate (Sec. , indicating the trend is not an
artifact of fitting a single test set.

4.2 Static-Scene Data Does Not Enable the Same Scaling Regime

The scaling analysis in Sec. establishes that data scale is a dominant factor
for continued improvement. But can existing static-scene datasets, which offer
domain-aligned training signals for standard NVS benchmarks, supply sufficient
data to sustain this scaling regime? If so, the added complexity of training
on dynamic video would be unnecessary. To test this, we train two additional
RayDer-L models: a static-only model trained on a mixture of multiple large-
scale static-scene NVS datasets (RE10K , DL3DV-10K , uCO3D ;
~247k videos total; denoted as static miz), and a mixed model trained on both
SpatialVid (mixed with dynamic content, ~2.7M videos) plus the static mix,
with equal sampling between both during training.

Table [3] shows that the static-only model significantly underperforms despite
using static-scene data closely aligned with the (static-scene) test setting. The
static mix reflects the combined scale of commonly used static-scene NVS datasets
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Table 3: Training Data Comparison. We train models at scale on three different
dataset combinations: Static Miz: a combination of multiple public static-scene NVS
datasets (RE10K [92|, DL3DV-10K [40], uCO3D [42|; ~247k videos total), General:
SpatialVid [69] (~2.7M videos total), and a combination of the two. Evaluation shows
that combining even multiple public static-scene datasets underperforms substantially
compared to training on general video. Combining both leads to minor additional gains.

REI0K NVS
Model Steps Training Data Scene Dynamics
PSNR?T LPIPS| SSIM?T
Static Mix only (~250k) static 28.68 0.158 0.888

RayDer-L 500k SpatialVid only (~2.7M) including dynamic 29.38 0.135 0.899
Static Mix + SpatialVid! including dynamic 29.42 0.136  0.901

Thatch composition during training is equally distributed between static mix and SpatialVid.

and roughly matches the 10% data fraction in Sec. where our scaling analysis
already predicts that larger models cannot fully benefit due to limited data.
Despite the domain alignment advantage, the scale deficit dominates: training on
more (partially dynamic) video empirically outweighs a cleaner training distribu-
tion. Adding static data to the larger video dataset at the same training horizon
yields only marginal gains, suggesting the static datasets are largely subsumed
by the larger corpus. These results validate our core thesis: the bottleneck for
self-supervised NVS scaling is not the quality of static-scene curation but the
quantity of data, which requires moving beyond curated static-scene corpora.

4.3 Open-set Novel View Synthesis

Most prior self-supervised NVS methods [28,46,(68] focus on closed-domain
evaluation, training and testing on the same datasets. We train a single RayDer
model on generic data and evaluate it zero-shot across a wide range of datasets
(LLFF [44], DTU [27], CO3D [42], WildRGBD |[81], Mip-NeRF 360 [2|, and Tanks
& Temples [35]), camera baselines, and numbers of input views, extending the
extensive evaluation by Zhou et al. [91] in Table |4l This setting better reflects
real-world deployments and avoids dataset-specific tuning. We note that, unlike
the supervised baselines, RayDer uses its own predicted camera poses at inference,
not the dataset’s ground truth annotations, making this a strictly harder setting.
Despite being trained fully self-supervised, from scratch in a single stage,
RayDer achieves state-of-the-art or near-state-of-the-art performance
across the majority of settings at more than an order of magnitude less
training compute. It is competitive with much larger models such as SEVA and
Kaleido, which rely on large-scale video diffusion pretraining. RayDer achievse
this while requiring neither pose supervision at train or test time nor pretrained
foundation model weights — a substantially more constrained and scalable setup.
This is unlike E-RayZer [90], which requires static-scene videos for training and,
while combining a large number of static-scene datasets, is still significantly
limited in the amount of training data it can use, limiting scaling ( Sec. .



RayDer 13

Table 4: Open-set Novel View Synthesis (PSNRT). We extend the evaluation by
Zhou et al. [91] and compute PSNR across a large variety of settings (columns). Despite
being trained fully self-supervised and without large-scale video diffusion pretraining,
RayDer is (near-)state-of-the-art across the majority of datasets and evaluation settings.

small-viewpoint large-viewpoint
Dataset— LLFF DTU CO3D  WRGBD M360 T&T CO3D WRGBD M360 T&T
Split— R R 4 R Se Su R v R Sk R S
Model Params S9F |Zu»1 3 1 3 1 3 3 6 6 1 1 1 3 1 3 3 6
MVSplat 6] 2M X 11.2312.50 13.8715.52 12.52 13.52 14.56 12.54 13.56 13.22 - - - - - - -
DepthSplat |82 354M X 12.0712.62 14.1516.24 13.23 13.77 15.93 14.23 14.01 14.35 10.42 9.3513.5310.49 12.54 9.78 10.12
ViewCrafter' |84] 14B X 10.53 13.52 12.66 16.40 18.96 14.72 16.42 12.66 14.59 18.07 10.11 9.1213.45 9.7910.34 9.88 10.32
SEVAT [91] 1.3B X 14.0319.48 14.47 20.82 18.4019.25 19.75 18.91 16.70 15.16 15.3014.3717.28 12.93 15.78 12.65 13.80
Kaleido'™ |41] 3.1B X 15.3420.71 18.03 13.7416.78 13.20 14.61
E-RayZer* |89 246M 10.4418.0110.3116.9712.9417.76 17.7216.18 15.86 10.36  12.9410.53 14.47 9.78 15.17 12.88 13.35
RayDer-L-576 (Ours)743M v/ 17.1121.3816.01 17.92 21.10 19.09 20.07 17.23 16.25 18.74 16.8414.5515.9714.96 15.8513.59 13.81

Split abbreviations: R: ReconFusion [80]; V: ViewCrafter [84f; Syo .y SEVA 91], casy (¢) and hard () variants. ' Kaleido evaluates at 5122 instead of 576
Dataset references: LLFFf14], DTU [27], CO3D |42}, WRGBD [ST]; M360 [2], T&T [35] I Diffusion-based models. ~Multi-dataset Ckpt

On lab datasests such as DTU, just like E-RayZer [90], RayDer underperforms
supervised methods. We find this is primarily due to unreliable pose estimation
in regimes (perfectly clean backgrounds with no structure) not present in typical
general video training data: RayDer is trained exclusively on unconstrained
real-world video. We view this as an expected limitation of the training data
distribution rather than a failure of the approach.

Qualitative Results. Figure [8| compares RayDer against E-RayZer [89] across
three challenging regimes — sparse-view NVS, extreme wide-baseline interpolation,
and some settings from Tab. [d] — where RayDer produces markedly sharper and
more consistent novel views. Further samples are in Supp. Sec. [E}

4.4 Closed-Set Static & Supervised Comparison

We compare to previous methods in closed-set settings on small-scale static
datasets. In the dense 24-view DL3DV-10K [40] setting from RayZer [2§] (Tab. ),
RayDer is competitive with the state-of-the-art, despite not being intended/opti-
mized for this setting — our other experiments use one to three orders of magnitude
more training data. This demonstrates that our adaptations for large-scale
dynamic-scene training do not sacrifice small-scale static-scene capability.

Can Supervision replace Self-Supervision when training on Dynamic
Data? An important question is whether supervised mthods could simply use
off-the-shelf pose estimators to train on the same large-scale video data. We
test this by training LVSM [29] on SpatialVid [69] using pseudo-ground truth
camera poses from MegaSaM [38|. Our self-supervised RayDer outperforms the
supervised LVSM by a wide margin (Tab. @ +2.9dB PSNR), demonstrating that
self-supervised pose learning can be substantially more effective than relying
on pseudo-ground truth annotations in this data regime. This result is practi-
cally significant: obtaining pseudo-GT poses via MegaSaM for SpatialVid cost
~69k GPU-h [69], more than an order of magnitude above the ~1,2k GPU-h



14 Prestel & Baumann et al.

Table 5: Static-Dataset Comparison.

We extend the evaluation by Jiang et al.
, training and evaluating on dense-view
DL3DV. We train our model with the
same settings (transformer size, view count,
training steps) as the baselines. Despite the

Table 6: Supervised Dynamic-
Dataset Comparison. Comparing our
RayDer model with LVSM trained on dy-
namic videos with MegaSaM camera
poses at matched settings (transformer
size, view count, training steps) results

in a major performance gain, despite not
using any pose supervision. We also note
that obtaining these pseudo-GT camera
poses costs an order of magnitude more
compute than training either model.

various adaptations to enable training on
general video, our model is competitive
also in this setting.

Training Data

DL3DV (Even [28])

GT Pose PSNRT LPIPS| SSIMt

Model

DATASET

GS-LRM DL3DV [40] v 2349 0252 0.712 Model Training Data RE10K NVS
LVSM DL3DV % v 23.69 0.242 0.723 DATASET GT Pose PSNRT LPIPS| SSIMT
RayZer DL3DV X 24.36  0.209 0.757
A = o LVSM SpatialVid v 2544 0.184 0.729
RayDer-B {Ours) DLDV 0] X 2451 0.142 0758 RayDer-B (Ours) SpatialVid [69] ¥ 2835 0.151 0879
(a) Unobserved Regions (b) Mixed Static/Dynamic Scenes
content unsee put v blurry mean moving content averaged; static geometry stays correct

Fig.11: Limitations. Both main failure modes arise from the regression objective
collapsing under-constrained content to a low-frequency average, dashed boxes mark
affected regions. (a) content unseen in any input view is rendered as a blurry mean
estimate. (b) in presence of dynamic content, the static scene is rendered correctly from
the novel pose; moving content is averaged.

required to train the RayDer-B model in this comparison (Supp. Tab. [B.4)),
making the supervised path both less effective and less efficient.

4.5 Limitations

Unobserved Regions. Content not visible in any context view is rendered as
a blurry, low-frequency “mean estimate” rather than plausible but hallucinated
detail (Fig. ; see also Supp. Fig. , a known consequence of the regression
objective also shared by (E-)RayZer , LVSM , etc. The model provides
no explicit uncertainty signal there — a generative/uncertainty-aware decoder
compatible with our unified backbone is a natural direction for future work.

Mixed Static/Dynamic Scenes. On real video containing both static structure
and moving content, RayDer reconstructs the static geometry and renders it
from the correct viewpoint, but dynamic content is not rendered faithfully,
degrading to a mixture of blur and loose interpolation (Fig. [L1pb). This follows
from treating the dynamic state as a nuisance factor (Sec. rather than an
explicit scene representation; we analyze the resulting entanglement of state
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and pose in Sec. An explicit, disentangled treatment [59] would require
multi-view videos of dynamic scenes, reintroducing exactly the dependence on
scarce, curated data that our method is designed to avoid. Extending to full
dynamic (4D) NVS while retaining the ability to train on abundant generic video
is left to future work.

5 Conclusion

Self-supervised novel view synthesis (NVS) has long promised scalability through
videos by not requiring ground-truth camera pose annotations, yet existing
approaches remained constrained by hard-to-scale multi-network pipelines and
restrictive static-scene assumptions. In this work, we introduced RayDer, a unified
feed-forward transformer that consolidates camera estimation, scene reconstruc-
tion, and rendering into a single scalable backbone, enabling stable training on
unconstrained real-world video while preserving the static-scene NVS objective.
Through explicit dynamic state handling via a nuisance variable, architectural uni-
fication, and autoregressive pose learning, RayDer makes scaling of self-supervised
NVS clean across data, model size, and compute. Empirically, this yields clean
power-law scaling behavior, strong zero-shot open-set performance competitive
with supervised and video diffusion-based systems, and transferable camera pose
representations learned entirely without pose supervision.

Beyond the specific architecture, our results suggest a broader perspective:
one major limitation of many prior self-supervised NVS methods was not the
absence of supervision, but the inability to use scalable data regimes. By enabling
stable learning from scratch on generic video and demonstrating clean scaling,
RayDer positions self-supervised NVS within the same scaling-driven paradigm
that has shaped progress in language and some vision foundation models.

Looking forward, RayDer opens up several directions for future work, including
integration with partial supervision and generative modeling, extension toward
4D NVS, and continued scaling toward 3D world foundation models.
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