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Abstract: Recent feed-forward 3D Gaussian splatting methods have made dra-
matic progress on individual aspects of 3D scene reconstruction, but no existing
method jointly addresses dynamic content, multi-view input, and unknown camera
poses in a single feed-forward pass. Methods that handle dynamics either require
accurate camera poses or accept only monocular input; pose-free multi-view meth-
ods address only static scenes; and per-scene optimization methods bridge some of
these gaps but at minutes-to-hours cost per scene. This thesis introduces NoPo4D,
the first feed-forward system that addresses this empty quadrant. Building on a
pretrained geometry backbone and recent 4D Gaussian frameworks, NoPo4D intro-
duces a velocity decomposition that splits Gaussian motion into per-pixel image-
plane shifts and depth changes, allowing direct supervision from pseudo ground-
truth optical flow on the 2D component. This sidesteps both the differentiable
rendering that couples prior posed methods to pose accuracy and the 3D motion
ground truth that prior pose-free methods require. The system is rounded out by
a bidirectional motion encoder for cross-view and cross-frame feature aggregation,
and view-dependent opacity that mitigates cross-view and cross-timestep Gaussian
misalignments. On four multi-view dynamic benchmarks, NoPo4D consistently
outperforms prior feed-forward baselines, and with an optional post-optimization
stage surpasses per-scene optimization methods, while running orders of magnitude
faster.
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1. Introduction

The ability to reconstruct a dynamic three-dimensional scene from ordinary video and navigate through it freely
from any viewpoint stands among the most compelling goals of computer vision and computer graphics. Such
technology would transform how we capture, share, and relive human activity: a basketball game, a live concert,
a family gathering, a surgical procedure. Today, achieving compelling free-viewpoint video typically requires a
controlled studio environment, expensive calibrated camera arrays, and hours of per-scene processing, a pipeline
accessible only to large production houses.

Recent years have seen dramatic progress toward removing these barriers. 3D Gaussian Splatting [24] showed
that an explicit Gaussian representation enables real-time rendering of static scenes at high visual quality, while
geometry foundation models such as DUSt3R [52], MASt3R [26], Fast3R [60], VGGT [48], MapAnything [23],
and 73 [53] broke the per-scene optimization bottleneck, predicting dense geometry in seconds from unordered
image collections. NoPoSplat [67], AnySplat [22], Depth Anything 3 [29], and a growing body of related methods
combined feed-forward geometry prediction with Gaussian rendering, achieving instant novel-view synthesis of
static scenes without camera calibration.

Extending these advances to dynamic phenomena introduces an entirely new set of challenges: the reconstruction
must track motion across time, maintain temporal coherence across synchronized cameras, and do so without
reliable ground-truth camera poses, which are unavailable in casual multi-camera setups such as smartphones
placed around a table or action cameras worn by athletes. No existing feed-forward method addresses all three
challenges simultaneously.

Reconstructing dynamic 3D scenes from a handful of time-synchronized video streams, without known camera
poses, without per-scene optimization, and in a single forward pass, demands solving three interlocked problems:

1. Modeling dynamic content. Static reconstruction methods predict a single 3D representation from a
set of images, whereas dynamic scenes require a 4D representation that captures how the scene evolves
over time, together with mechanisms for tracking object motion, encoding temporal relationships, and
supervising predicted motion with appropriate training signals.

2. Fusing information across multiple viewpoints. A single camera observes the scene from one
vantage point and leaves depth and occlusion ambiguities that only additional views can resolve, so
jointly processing all cameras requires attention mechanisms that aggregate information across views
while preserving per-view spatial structure.

3. Estimating geometry without known camera poses. In unposed settings, poses must be inferred
jointly with the scene geometry, and estimation errors propagate into all downstream computations,
including the projection and unprojection operations that map pixels to 3D space and the optical-flow
supervision that grounds motion predictions.

These three problems compound when addressed simultaneously. Motion supervision must operate without
ground-truth poses or 3D motion annotations. Multi-view consistency must be enforced despite per-camera
pose uncertainty. Pose estimation must be robust to dynamic content that violates the static-scene assumption
of most geometry pipelines. Each prior approach has solved at most two of these three problems, leaving a
critical gap in the landscape of feed-forward reconstruction, which is illustrated in Table 1.

Static pose-free methods such as NoPoSplat [67], FLARE [70], and AnySplat [22] achieve impressive novel-view
synthesis from unposed multi-view images in under a second, but they cannot model moving content. Feed-

Table 1: Capability comparison of related methods. NoPo4D is the first feed-forward method
that jointly handles dynamic scenes from unposed multi-view video of general environments. FF:
feed-forward inference. Unposed: no ground-truth camera poses required. M'V: supports multi-view
input. Dyn.: models dynamic scenes. General: not restricted to a specific domain.

Method Type FF Unposed MV Dyn General
NoPoSplat [67] Static v v v X v
FLARE [70] Static v v v X v
AnySplat [22] Static v v v X v
4DGT [59] Dyn. 4 X X 4 4
NeoVerse [63] Dyn. v/ 4 X v v
DGGT [5] Dyn. v v 4 v X
Shape of Motion [49] Opt. X X X v v
MonoFusion [56] Opt. X X v v v
NoPo4D (Ours) Dyn. v v v v v




forward dynamic methods such as 4DGT [59] model temporally coherent Gaussians with velocity attributes
but require known camera poses and single-camera input. NeoVerse [63] and MoVieS [28] remove the pose
requirement but supervise motion against 3D ground-truth scene flow that is unavailable in real captures, and
both remain restricted to a single camera. DGGT [5] operates in the unposed multi-view dynamic regime
but is trained and tested exclusively on driving scenarios. Per-scene optimization methods such as Shape of
Motion [49] and MonoFusion [56] produce high-quality reconstructions but require known calibration and take
minutes to hours per scene.

This thesis presents NoPo4D!, the first feed-forward system that simultaneously satisfies all four desiderata:
feed-forward inference, no camera pose requirement, multi-view input, and dynamic scene modeling in general
environments. The system builds on the DA3 backbone [29] and extends the 4D Gaussian framework of [59, 63]
to the pose-free multi-view dynamic setting through three design choices. The central contribution is a velocity
decomposition that splits each Gaussian’s motion into per-pixel image-plane shifts and a depth change. Because
the image-plane component directly encodes the Gaussian’s 2D projection without any rendering step, it can
be supervised against pseudo-ground-truth optical flow from an off-the-shelf estimator [54], bypassing both
the rendering dependence of posed methods and the 3D motion annotation requirement of pose-free methods.
This is complemented by a bidirectional motion encoder that aggregates features jointly across all cameras and
timesteps, producing motion predictions that are globally consistent rather than estimated per camera, and by
view-dependent opacity implemented with spherical harmonic coefficients that allows the network to suppress
geometrically inconsistent Gaussians from viewpoints where pose estimation errors are worst.

This thesis makes the following contributions:

1. This thesis identifies the previously unaddressed setting of feed-forward, pose-free, multi-view dynamic
scene reconstruction in general environments and demonstrates via systematic comparison (Table 1) that
no prior method addresses it.

2. This thesis introduces NoPo4D, the first feed-forward system for this setting. The key technical con-
tribution is a velocity decomposition that splits Gaussian motion into per-pixel image-plane shifts and
depth changes, enabling optical flow to supervise the image-plane component directly without rendering
or 3D motion annotations. This is complemented by a bidirectional motion encoder that aggregates fea-
tures across views and frames, and view-dependent opacity that handles cross-view and cross-timestep
Gaussian misalignments.

3. A comprehensive experimental evaluation on four multi-view dynamic benchmarks demonstrates that
NoPo4D consistently outperforms feed-forward baselines and, with optional post-optimization, surpasses
per-scene optimization methods while running orders of magnitude faster. Ablation studies validate the
contribution of each design choice.

!Project page: https://bralani.github.io/nopo4d_html/
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2. Related Work

This chapter surveys the work most relevant to NoPo4D and introduces the technical foundations on which
it is built. The discussion is organised around three themes. The first is Gaussian Splatting, tracing the
evolution from static 3D Gaussian Splatting through dynamic 4D extensions and optimization-based methods,
culminating in the NeoVerse parameterization that NoPo4D directly builds upon. The second is optical flow
estimation, which provides the supervisory signal at the heart of the velocity decomposition and whose evolution
from classical variational methods to modern feed-forward networks is reviewed in some depth. The third is
feed-forward geometry estimation, covering the camera geometry and vision backbone NoPo4D builds upon,
together with the landscape of static and dynamic feed-forward reconstruction methods.

2.1. Gaussian Splatting

Gaussian Splatting is an explicit scene representation that models a 3D scene as a collection of anisotropic
Gaussian primitives, each carrying geometric and appearance attributes. Unlike implicit representations such
as Neural Radiance Fields [35], which encode scene content in the weights of a neural network and require
expensive ray-marching to render, Gaussian Splatting uses a differentiable tile-based rasterizer that projects
and composites the Gaussian footprints directly onto the image plane, enabling fast rendering while remaining
fully differentiable for gradient-based optimization.

This combination of rendering speed, explicit structure, and differentiability has made Gaussian Splatting a
versatile foundation for a wide range of applications beyond novel-view synthesis. In robotics and embodied
AT, it provides compact, updatable scene representations for navigation, manipulation, and sim-to-real transfer,
where the ability to add, remove, or modify individual Gaussians in response to new observations makes it
more amenable to online map updating than implicit representations that encode the scene globally in network
weights. In content creation and visual effects, direct access to Gaussian attributes enables instant relighting
by replacing view-dependent color with physically-based material properties, scene editing by selecting and
transforming Gaussian clusters, and object insertion by compositing independently rendered Gaussian fields.
In medical imaging and scientific visualization, the semi-transparent volumetric nature of the representation
has shown promise for rendering complex anatomical structures and simulation data at interactive rates. In
the context of this thesis, Gaussian Splatting is the core scene representation on which NoPo4D is built, as its
explicit and differentiable nature makes it well-suited for feed-forward dynamic scene reconstruction.

2.1.1 Static 3D Gaussian Splatting

3D Gaussian Splatting [24] represents a scene as a finite collection of G anisotropic three-dimensional Gaussians,
each defined by the tuple:

G
(Hg7 g, ag, Cg)gzl- (1)

The mean pg € R3 encodes the Gaussian’s center in world space, DINS R3*3 is the covariance matrix controlling
the shape and orientation of the ellipsoid, oy € [0, 1] is the opacity, and ¢, is the view-dependent color encoded
as spherical harmonic coefficients.

The covariance is factorized as 3, = RgSgSZRZ, where R, € SO(3) controls the orientation of the ellipsoid
and S, = diag(sg,1,54,2, 5¢,3) With s4; > 0 encodes the extent along each principal axis, giving the full matrix
form:

5371 0 0
=Ry | 0 s2, 0 |R]. (2)
0 0 53,3

This factorization guarantees positive semi-definiteness of ¥, throughout optimization without requiring pro-
jected gradient steps. The full pipeline is illustrated in Figure 1. Rendering proceeds by projecting each
Gaussian onto the image plane via the local affine approximation E?,D =J gWgEgW;FJ;F, where W is the
camera rotation and J, is the Jacobian of the projective transformation at p,. The image is partitioned into

tiles; all Gaussians whose footprint overlaps a tile are sorted by depth and alpha-composited front-to-back:

N i—1
C:Zciain(lfaj). (3)

This tile-based rasterizer is highly parallelizable and enables real-time rendering at hundreds of frames per
second, a sharp contrast with the ray-marching of Neural Radiance Fields [35] and its many successors. Op-
timization is driven by photometric losses against training images and an adaptive densification strategy that
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Figure 1: Overview of the 3D Gaussian Splatting pipeline. Figure taken from [24].

grows Gaussians in under-reconstructed regions and prunes redundant ones, converging in 30-60 minutes from
a sparse Structure-from-Motion [39] point cloud.

The point cloud initialization is not merely a convenience but a practical necessity. Optimizing Gaussian means
directly from random positions is extremely difficult: the photometric loss is nearly flat with respect to mean
positions when a Gaussian is far from its correct 3D location, because other Gaussians already covering the same
image region absorb the gradient signal. In contrast, color and opacity parameters produce well-conditioned
gradients regardless of position, since they directly scale the pixel contribution of whatever region the Gaussian
currently projects onto. Means must therefore start close enough to the true surface for the loss landscape to
be informative, a condition that random initialization almost never satisfies. The SfM point cloud provides a
coarse geometric scaffold that satisfies this condition, allowing the optimization to focus on fine-tuning shape,
scale, and appearance rather than searching the full 3D space from scratch. More recently, geometry foundation
models [23, 26, 29, 48, 52, 53, 60] have emerged as an alternative source of initialization, predicting dense depth
and camera parameters in a single forward pass without requiring feature matching or bundle adjustment.
Their output point clouds can replace the SfM initialization and still feed directly into the full per-scene 3DGS
optimization, making them broadly applicable beyond feed-forward pipelines.

Several properties make 3DGS attractive as a foundation for feed-forward reconstruction: rasterization is orders
of magnitude faster than integrating along rays, the explicit parameters are directly differentiable, and Gaus-
sian means can be initialized by unprojecting pixels from a predicted depth map, making the representation
compatible with feed-forward depth estimators, which is the property NoPo4D exploits.

2.1.2 Dynamic 4D Gaussian Splatting

Static 3DGS cannot represent scenes in which objects move, prompting several families of dynamic extension
within the Gaussian Splatting paradigm.

Within the 3DGS paradigm, Deformable 3DGS [65] and 4D-GS [57] attach a time-conditioned deformation MLP
to a canonical Gaussian set, displacing each mean to its time-varying location. Dynamic 3DGS [34] abandons
the canonical representation entirely and instead stores per-timestep Gaussian parameters with rigidity con-
straints that encourage nearby Gaussians to move coherently, enabling explicit long-term tracking. SC-GS [18]
reduces the degree of freedom of this approach by introducing a sparse set of control points whose interpolated
deformation field drives the full Gaussian set, decoupling the motion representation from the number of Gaus-
sians and enabling smoother, more physically plausible deformations. Dynamic Gaussian Marbles [42] learns
long-range point trajectories that persist across the full sequence, explicitly coupling Gaussians to trackable
physical points and enabling temporal consistency over hundreds of frames. MoSca [25] takes a complementary
approach: it lifts monocular video to a 4D Motion Scaffold, a compact smooth representation that encodes
scene-wide deformations, anchors Gaussians onto this scaffold, and solves camera poses via bundle adjustment
without external pose estimation tools, making it one of the few optimization-based methods that does not re-
quire known camera calibration as input. A separate family parameterizes Gaussians directly in (z,y, z, t) space,
producing native 4D primitives with temporal covariances that govern how long each Gaussian contributes to
the rendered video [10, 64]. Shape of Motion [49] represents per-Gaussian trajectories with compact SE(3)
motion bases shared across the scene, enabling globally consistent long-range motion with a small number of
parameters. MonoFusion [56] builds on this idea by first reconstructing each camera view independently using
monocular depth priors [61, 62] and then aligning the per-view Gaussian fields into a shared 4D representation;
it represents the current per-scene optimization state of the art and serves as the strongest baseline. All of these
methods are optimization-based: they require known camera calibration and take minutes to hours per scene.

The parameterization NoPo4D inherits was introduced by NeoVerse [63], which extends each Gaussian to a full

4D tuple:
_ _\G
(ug, 34, ag, Cq, Tg, lg, V;_, A\ w;, w, )g:1' (4)

The static attributes (g4, 34, g,cy) are identical to those of static 3DGS described above. The dynamic



attributes introduce temporal structure: 7, is the temporal center anchoring the Gaussian in time, [, is a lifespan
controlling its active temporal window and encoding the appearance and disappearance of transient objects,
and vgi,wgi € R? are asymmetric forward and backward linear and angular velocities. Letting At = [t — T4l
the position, rotation, and opacity of Gaussian g at time ¢ are:

Hg(t) = pg + V;t - At, (5)
R,(t) = Ry - R(wj - At), (6)
a0(t) = 0y e~ ). ™

where vf]': and w;t select the forward (¢ > 7,) or backward (¢ < 7,) velocities, R(+) converts an axis-angle vector
to a rotation matrix, and o’Z > 0 is a per-Gaussian temporal variance that modulates opacity as a function of
distance from the temporal center, encoding the appearance and disappearance of transient objects. The color
c4 is time-invariant and depends only on viewing direction. The asymmetric velocity parameterization allows
independent modeling of approach and departure, which is important when a scene point changes direction
abruptly. NeoVerse supervises the velocity attributes directly against ground-truth 3D scene flow, which is
available only in synthetic datasets, limiting its applicability to real captures. NeoVerse additionally operates
on a single camera. NoPo4D adopts this parameterization but removes both constraints through the velocity
decomposition described in Section 3.2.3.

2.2. Optical Flow Estimation

Optical flow is the dense 2D displacement field that maps each pixel in frame I; to the location of the
same scene point in frame I;,;. Formally, for a pixel at position (z,y), the flow vector (Axz, Ay) satisfies
Ii(x,y) = Li11(x + Az, y + Ay) under the brightness constancy assumption: a surface patch retains its appear-
ance as it moves across the image plane. This assumption is violated at occlusion boundaries, under illumination
changes, and for highly specular surfaces, making optical flow estimation an inherently ill-posed inverse prob-
lem. A complementary ambiguity, known as the aperture problem, arises because local image measurements
constrain only the component of motion perpendicular to the local edge orientation; full 2D velocity is under-
determined from a single local patch. Both classical and deep learning approaches resolve these ambiguities
through regularization or learned priors.

The Lucas—Kanade method [33] addresses the aperture problem by assuming that flow is locally constant within
a small window around each pixel and solving the resulting over-determined linear system in a least-squares
sense. This local assumption breaks down near motion boundaries, where the flow field is discontinuous, but
the method is highly efficient and remains the basis of many feature-tracking pipelines. Horn and Schunck [17]
took the complementary global view, minimizing an energy functional that combines the brightness constancy
residual with a smoothness penalty on the spatial gradient of the flow field. Their formulation produces dense,
globally smooth flow but tends to blur motion discontinuities. Decades of variational methods refined these
foundations by incorporating robust data terms, occlusion reasoning, and structure-adaptive regularization,
yielding increasingly accurate results on classical benchmarks such as Middlebury [1] and KITTT [12].

The introduction of large synthetic datasets and end-to-end learnable architectures transformed the field.
FlowNet [9] was the first convolutional network trained to regress optical flow from an image pair, demon-
strating that a deep encoder-decoder architecture trained on the synthetic FlyingChairs dataset transfers to
real scenes. FlowNet 2.0 [21] stacked multiple FlowNet modules in a cascade, progressively refining the estimate
and substantially closing the gap to classical methods on standard benchmarks. PWC-Net [43] introduced
the now-canonical combination of spatial pyramid processing, learned feature warping, and a cost volume that
explicitly encodes feature-level correspondences between the two frames; this architecture proved compact,
accurate, and fast, and established cost volumes as the central inductive bias for deep flow estimation.

RAFT [44] represented the next major architectural advance. Rather than predicting flow directly from a
cost volume at a fixed resolution, RAFT constructs an all-pairs 4D correlation volume between every pair of
feature locations in the two frames and then applies a recurrent update operator that iteratively refines a flow
estimate by querying this volume at changing lookup locations. This recurrent refinement scheme achieves
large improvements on standard benchmarks and generalizes substantially better to unseen data than one-shot
predictors. GMFlow [58| reframed flow estimation as global feature matching: by applying a Transformer to
the concatenated feature maps of both frames, each pixel can attend to every location in the second frame
simultaneously, and soft correspondences are read off directly from the attention weights without any iterative
refinement. This global receptive field eliminates the local-to-global limitation of cost volumes and handles
large displacements more robustly, though it is less accurate than recurrent methods on fine-scale motion.
FlowFormer [19] combined the strengths of both paradigms: it compresses the 4D correlation volume into a
compact set of latent cost tokens via a Transformer encoder, then decodes flow estimates through cross-attention
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Figure 2: Optical flow predictions from SEA-RAFT [54] on Sintel [3] (test), KITTI2015 [12] (test),
and Middlebury [1] (train). Top row: input frames. Bottom row: predicted flow visualized using the
standard HSV color encoding, where color encodes direction and brightness encodes magnitude. Figure
taken from [54].

between query locations and these tokens, followed by RAFT-style recurrent refinement. This two-stage design
achieves state-of-the-art accuracy on Sintel [3] and KITTI [12] while retaining the global context that pure
cost-volume methods lack.

SEA-RAFT |[54], used in NoPo4D to compute pseudo-ground-truth flow labels, improves upon the RAFT
architecture with a lightweight iterative refinement scheme and a simple energy-based training objective that
produces more accurate and consistent estimates, particularly in textureless and low-contrast regions where
brightness constancy is weakest. The quality of these pseudo-labels directly conditions the quality of the velocity
decomposition supervision, and improvements to the flow estimator propagate automatically into NoPo4D
without architectural changes.

While the methods above operate on isolated frame pairs, multi-frame optical flow approaches exploit temporal
context from neighboring frames to resolve correspondences that are ambiguous or occluded in a single pair.
VideoFlow [40] demonstrated that propagating correlation volumes across multiple past and future frames
substantially improves accuracy at occlusion boundaries, where the correct match is visible only in a neighboring
frame; its multi-frame recurrence closes a persistent gap on long-range displacement benchmarks with minimal
additional latency. This temporal aggregation principle motivates the bidirectional motion encoder of NoPo4D,
which similarly aggregates features across multiple consecutive frames and views to produce robust velocity
estimates in challenging dynamic regions.

Scene flow [46] is the three-dimensional analogue of optical flow: it assigns a 3D displacement vector to every
point in the scene, representing true physical motion rather than its 2D projection onto the image plane.
Recovering scene flow from a monocular video requires estimating both depth and 2D flow and reasoning about
their geometric relationship, making it substantially harder than either task in isolation. FlowNet3D [31] was
the first end-to-end network for point-cloud scene flow, using a flow-embedding layer that aggregates local
motion cues across point neighborhoods; while accurate on depth-sensor data, it requires RGB-D or LiDAR
input and cannot operate on ordinary video footage. Self-supervised methods have since attempted to estimate
scene flow from monocular video by jointly optimizing depth, camera ego-motion, and residual object motion
under photometric consistency constraints, but these estimates compound each other’s errors: inaccurate depth
produces incorrect 3D displacements, and imprecise ego-motion contaminates the residual dynamic component.
Dense scene flow from video-only input thus remains unreliable, particularly under fast motion, occlusion, and
low-texture regions. The connection between 3D Gaussian velocities and 2D optical flow is the key insight that
NoPo4D exploits: by decomposing Gaussian motion into an image-plane component and a depth change, the
image-plane component can be matched directly to 2D optical flow without requiring 3D scene flow annotations
or differentiable rendering, as described in detail in Section 3.2.3.

2.3. Feed-Forward Geometry and Reconstruction

Classical 3D reconstruction pipelines chain a sequence of independently optimized stages: sparse feature ex-
traction and matching, triangulation, and bundle adjustment that refines cameras and structure jointly. While
accurate, these pipelines require minutes to hours of per-scene computation, demand sufficient visual overlap
between views, and degrade on textureless or reflective surfaces. The feed-forward paradigm shifts this cost to
training time: a network trained once on large and diverse scene collections learns to infer geometry directly
from pixels, generalizing across scenes without any per-scene optimization at inference.

The Vision Transformer (ViT) [8] became the backbone of choice for feed-forward geometry tasks: operating on
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Figure 3: DUSt3R [52] pipeline: paired images are encoded by a shared ViT and decoded into dense
pointmaps and confidence maps expressed in camera 1’s frame.

a sequence of non-overlapping image patches with full self-attention from the first layer, it captures long-range
spatial dependencies that convolutional networks model only at deeper, lower-resolution layers. DINOv2 [36]
distills this into a self-supervised backbone whose features are simultaneously spatially localized and semantically
rich, transferring effectively to dense prediction tasks without any task-specific pretraining. Decoding dense
geometry from ViT tokens requires recovering spatial resolution from the flattened token sequence; the Dense
Prediction Transformer (DPT) [37] achieves this by reassembling intermediate ViT features into multi-scale
spatial grids and fusing them through convolutional blocks, yielding full-resolution output maps. Building on this
architecture, Depth Anything [62] trained a ViT-DPT stack through large-scale semi-supervised distillation on
tens of millions of images, producing a monocular depth prior that transfers reliably across diverse environments.
Depth Anything V2 [61] refined it further with synthetic-to-real curriculum training, improving accuracy on thin
structures and transparent surfaces. These monocular models produce geometrically coherent depth per image,
but since each view is processed independently they cannot enforce cross-view consistency or recover metric scale
without explicit camera calibration. Given a predicted depth map and camera intrinsics K = diag(fs, fy, 1)
with principal point offset, each pixel (u,v) with depth d can be lifted to a 3D point:

u
X=dK'|v], (8)
1

giving a dense point cloud for each image independently. Cross-view consistency requires a shared coordinate
frame, which monocular models lack.

DUSt3R, [52] established the feed-forward 3D reconstruction paradigm by training a transformer to directly
regress dense 3D point maps from image pairs, where each entry assigns a world-space 3D coordinate to the
corresponding pixel. This replaces the entire classical reconstruction pipeline of feature matching, triangulation,
and bundle adjustment with a single forward pass that generalizes to unseen scenes without any per-scene
optimization. Both pointmaps are expressed in the first camera’s coordinate frame; for collections of more than
two images, pairwise predictions are aligned into a global coordinate system by minimizing a weighted sum of
squared pointmap distances across overlapping pairs, from which camera extrinsics can be recovered without
any explicit camera parameterization in the network itself. This implicit treatment of camera geometry makes
DUSt3R robust to completely uncalibrated inputs, a property that NoPo4D inherits via its Depth Anything 3
backbone.

MASt3R [26] extended DUSt3R by adding a dense matching head that improves correspondence quality for
pairs with large viewpoint changes. Subsequent work scaled the paradigm further: Fast3R [60] introduced a
parallel inference scheme for hundreds of simultaneous views.

VGGT [48] (Visual Geometry Grounded deep structured Transformers) broadens the scope of feed-forward
geometry estimation by jointly predicting camera parameters, depth maps, dense 3D point maps, and 2D
feature tracks from an arbitrary collection of images in a single forward pass. The architecture, illustrated in
Figure 4, processes each input image with a frozen DINOv2 backbone to produce patch-level visual features.
These per-image features are then concatenated and augmented with a learnable camera token appended to each
frame’s token sequence, which aggregates the geometric information needed to predict intrinsics and extrinsics.
The combined token sequence is processed by a transformer that alternates between two attention regimes
repeated L times: global attention layers in which all tokens across all frames attend jointly, enabling cross-
view correspondence and triangulation-like reasoning, and frame attention layers in which tokens within each
frame attend only to one another, refining local spatial structure. After this alternating attention stack, the
camera tokens are decoded by a lightweight camera head with a small multi-layer perceptron, while the spatial
tokens are decoded by a DPT head [37] into depth maps, world-space point maps, and feature tracks. This
unified design avoids the cascade of independently optimized modules present in classical pipelines and replaces
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Figure 4: VGGT [48| pipeline. Each input image is encoded by a shared DINOv2 backbone and
augmented with a camera token. A transformer with alternating global attention (across all frames)
and frame attention (within each frame) is applied L times. The camera tokens are decoded by a
camera head to predict camera parameters, while the spatial tokens are decoded by a DPT head into
depth maps, point maps, and feature tracks. Figure taken from [48].

them with a single differentiable network. Compared to DUSt3R-family models, VGGT adds explicit camera
prediction and feature tracks as native outputs, removing the separate global alignment step needed to recover
extrinsics from pairwise point maps. NoPo4D uses VGGT-style alternating attention indirectly through its
Depth Anything 3 backbone, which adopts the same within-view / cross-view attention alternation to achieve
multi-view-consistent depth and camera prediction.

MoSt3R, [68] adapts DUSt3R to dynamic video by estimating per-timestep point maps for each frame; the
backbone processes frame pairs independently and camera parameters are recovered from the pairwise outputs
without requiring poses as input, making it the first pose-free feed-forward geometry method for dynamic
scenes. Its output is a time-varying point cloud rather than renderable Gaussian primitives, so novel-view
synthesis still requires a subsequent rendering step. D2USt3R [15] takes a complementary approach, introducing
Static-Dynamic Aligned Pointmaps with dedicated prediction heads and loss functions for static and dynamic
regions separately; optical flow-based alignment losses distinguish camera-induced from object-induced motion,
substantially reducing point-map error on moving objects compared to MoSt3R, though unlike MoSt3R it
requires known camera poses to compute the expected ego-motion flow. Spann3R [47] extended the paradigm
to online processing by managing an external spatial memory that accumulates 3D information across frames and
predicts per-image point maps directly in a global coordinate system without any optimization step, enabling
real-time reconstruction from ordered image streams. CUT3R [51] pushed this further with a stateful recurrent
model that continuously updates a persistent scene representation as new observations arrive, handling both
static and dynamic content in a unified online framework. Depth Anything 3 [29] demonstrated that a plain
DINOv2 backbone with alternating within-view self-attention and cross-view attention layers achieves multi-
view-consistent depth and camera prediction with fewer parameters than specialized architectures, establishing
that cross-view attention is the key ingredient for consistent multi-camera geometry rather than task-specific
architectural changes. Figure 5 illustrates the DA3 architecture.

A parallel thread in feed-forward reconstruction predicts Gaussian primitives rather than point maps, enabling
immediate rendering. PixelSplat [4] introduced the first feed-forward model for Gaussian-based novel view
synthesis from stereo pairs, predicting a dense probability distribution over 3D space and sampling Gaussian
means via a differentiable reparameterization trick. Its core building block is an epipolar transformer that
cross-attends features from one view onto the epipolar lines of the other, making known camera intrinsics and
extrinsics a hard requirement: a pose error directly corrupts the feature matching that drives depth estima-
tion. MVSplat [6] scales feed-forward Gaussian prediction to arbitrary multi-view inputs by replacing epipolar
attention with a plane-sweeping cost volume, achieving ten times fewer parameters and twice the inference
speed of PixelSplat while retaining the same pose requirement. NoPoSplat [67] removed this requirement by
fine-tuning a MASt3R-style backbone to directly regress per-pixel Gaussian attributes in the coordinate frame
of the first camera, achieving sub-second novel-view synthesis without any calibration. FLARE [70] follows
a cascaded design: it first estimates camera poses from a geometry backbone and then conditions a separate
Gaussian head on those poses, separating the geometric and appearance prediction stages for improved stabil-
ity. AnySplat [22] generalizes to unconstrained collections of any size by replacing pairwise matching with a
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Figure 5: Depth Anything 3 architecture. Multiple images are patch-embedded and processed by
a single transformer with L, within-view self-attention layers followed by L, alternating layers that
interleave within-view and cross-view attention. A Dual-DPT head decodes per-view depth maps and
ray maps, while a camera encoder/decoder branch predicts camera parameters. Supervision comes
from a teacher depth model (Lp), ray matching (L), pointmap reconstruction (Lp), and camera
losses (L¢). Figure taken from [29].

global attention mechanism over all views simultaneously; it also introduces a brief test-time post-optimization
that refines the feed-forward output with 1000 gradient steps of photometric loss, a refinement strategy that
NoPo4D adopts directly. Splatt3R. [41] extends MASt3R with a Gaussian prediction head that jointly regresses
per-pixel point maps and Gaussian attributes in a single forward pass; a two-stage training strategy avoids
the local minima present when fitting Gaussian splats directly from stereo views. Pref3R [7] targets variable-
length sequences by augmenting the DUSt3R backbone with a spatial memory network that incrementally
accumulates reconstructed geometry across ordered frames, enabling pose-free novel-view synthesis at 20 FPS
without any per-scene optimization. PF3plat [16] addresses pose-free video by initializing Gaussians from a
pre-trained monocular depth estimator and refining cross-view alignment with geometry confidence scores that
downweight unreliable depth regions, explicitly mitigating the gradient noise induced by Gaussian misalignment
across views. YoNoSplat [66] unifies pose-conditioned and pose-free prediction in a single model: an Intrinsic
Condition Embedding module estimates camera intrinsics when unavailable, and a mixing training strategy
that gradually transitions from ground-truth to predicted poses allows the model to handle any combination of
calibrated and uncalibrated inputs. All of these methods are restricted to static scenes.

Extending feed-forward reconstruction to dynamic scenes requires supervising temporal motion without dense
3D annotations. L4GM |[38| proposed the first feed-forward 4D Gaussian model, conditioning a video diffusion
prior on a single reference image to predict per-timestep Gaussians that animate an object over time; while
it demonstrates compelling object-level dynamics, its training on curated single-object datasets with known
camera trajectories means it does not generalize to unbounded multi-object environments or casual capture
conditions. 4DGT [59] introduced the first feed-forward dynamic Gaussian model for general scenes, equipping
each Gaussian with a temporal center, a lifespan, and asymmetric forward and backward linear and angular
velocities; it achieves real-time rendering of dynamic scenes without per-scene optimization, but requires known
camera poses and processes a single camera stream at a time. NeoVerse [63] relaxes the pose requirement of
4DGT but supervises 3D velocities directly against ground-truth scene flow, which is available only in synthetic
datasets, limiting its applicability to real captures. MoVieS [28] extends monocular feed-forward reconstruction
with motion-aware feature extraction but retains the single-camera constraint. DGGT [5] is the most directly
comparable prior work, operating in the unposed multi-view dynamic setting; however, it is designed specifically
for driving scenarios and does not transfer to general environments with varied motion and camera arrangements.
In the experiments, DGGT is retrained on the same training data as NoPo4D to isolate its architectural
limitations from distribution effects. UFO-4D [20] achieves unposed feed-forward 4D reconstruction from stereo
pairs by lifting per-frame disparity maps into time-varying Gaussian fields, but its two-camera constraint and
reliance on synchronized stereo capture limit applicability to wider multi-camera arrays. At the time of writing,
no prior method jointly handles dynamic scenes, multi-view input, unknown camera poses, and general scene
content in a single feed-forward pass; NoPo4D is the first to do so.

Taken together, this survey reveals a clear gap in the landscape of feed-forward reconstruction methods, which
is quantified in Table 1 of the Introduction. The feed-forward paradigm offers two advantages that per-scene op-
timization cannot match: inference time measured in seconds rather than minutes, and zero-shot generalization
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to scenes never seen during training. Static pose-free methods such as NoPoSplat and PF3plat demonstrate
that accurate camera calibration is not a prerequisite for high-quality Gaussian prediction; feed-forward dy-
namic methods such as 4DGT and NeoVerse demonstrate that costly per-scene optimization is not required
for temporal modeling. Yet no single method combines all four desiderata simultaneously. The three design
choices of NoPo4D address each missing ingredient in turn: the velocity decomposition replaces unavailable
3D scene flow supervision with 2D optical flow, enabling motion learning without known poses or depth-sensor
annotations; the bidirectional motion encoder aggregates temporal features across frames and cameras to handle
ambiguous motions that are underdetermined from individual pairs; and view-dependent opacity absorbs the
cross-view Gaussian misalignments that arise when camera parameters are estimated rather than prescribed,
ensuring stable training across a variety of capture conditions.
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Figure 6: NoPo4D architecture. Given C streams of time-synchronized video, DA3 [29] extracts
multi-view features through alternating within-view and cross-view attention. Frozen depth and camera
heads recover per-frame geometry, which is unprojected into Gaussian means p. A trainable Gaussian
head decodes static parameters (R, s, «, c¢), while a bidirectional motion branch processes consecutive-

frame features to produce velocities (v, w®), motion gate p, and temporal variance og.

3. Method

3.1. Problem Formulation

. . . . . c
The system considers C' uncalibrated, time-synchronized video streams, Z = {(If)g;l }c=1’ where I¢ € RITXWx3

is the frame from camera c at timestep t. The cameras are assumed to form a static rig (the relative pose
between cameras is constant over time) as in capture setups such as Ego-Exo4D [13]. Intrinsics, extrinsics, and
distortion parameters are all unknown.

NoPo4D simultaneously estimates per-camera intrinsics K¢ and extrinsics (RC, t¢), obtained by averaging the
backbone’s per-frame pose predictions across t, and a collection of G 4D Gaussians [24, 57|:

_ _\G
(ug,Zg,ag,cg,Tg,lg,v;,vg,w;,wg )g:1' (9)

Each Gaussian carries static attributes [24]: mean p,, covariance 3, view-dependent opacity «, and view-
dependent color ¢, (both encoded as spherical harmonic coefficients), and dynamic attributes [57]: temporal
center 74, lifespan l,, and forward and backward linear and angular velocities v;t, w;t that permit asymmetric
motion around the temporal center. The total number of Gaussians is G = C - T - H - W: one Gaussian is
instantiated per pixel, per frame, per camera.

3.2. Model Architecture

The system has four stages, illustrated in Figure 6. A pretrained transformer backbone processes all input
frames and produces dense multi-view feature tokens. Frozen depth and camera decoder heads then predict
per-frame depth maps and camera parameters, which are back-projected to initialize Gaussian means. A
trainable DPT Gaussian head decodes the remaining static Gaussian parameters from the backbone features.
Finally, a trainable bidirectional motion encoder processes consecutive-frame features to predict the velocity
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attributes and temporal parameters for each Gaussian. All outputs are assembled into the full 4D Gaussian
representation and rendered via differentiable tile-based rasterization.

3.2.1 Feature Backbone

The pretrained transformer backbone from Depth Anything 3 Large [29] is employed. The backbone processes
input frames through a stack of frozen within-view self-attention layers that build per-image representations
independently, followed by trainable alternating layers that interleave within-view and cross-view attention
to fuse information across cameras. Before the alternating layers, sinusoidal temporal tokens are injected that
encode each frame’s normalized timestamp in [0, 1]. These tokens make the backbone aware of temporal ordering,
enabling the cross-view attention to aggregate across both viewpoints and timepoints. The backbone output

is a set of multi-view feature tokens F = {(Ff)thl}CCZI, where F§ € RVXP has N = HW/P? spatial tokens,

P =14 is the ViT patch size of DA3, and D is the embedding dimension.

Frozen pretrained decoder heads then predict per-frame depth maps ]f)f e REXW

>0
(RS, t5). Under the static-rig assumption, these per-frame estimates are averaged over ¢ to yield stable per-

, intrinsics K¢, and extrinsics

camera parameters KC, RC, te.
Each depth map is then back-projected into world space. The unprojection of pixel (z,y) with depth d using
camera parameters (R° t¢, K°) gives:

P¢ = 17 1(D§, RS, t¢, K°), (10)
producing a world-space point map laf € REXWX3 Fach Gaussian is uniquely indexed by g = (c,t,z,y), and
its mean p, is set to the corresponding point-map entry P¢(z,y). This one-Gaussian-per-pixel design is not
merely convenient for initialization; it is the property that makes the velocity decomposition possible, because
it establishes a direct correspondence between each Gaussian and its source pixel.

Keeping the depth and camera heads frozen during training is critical, as the gradient signal from Gaussian
rendering is too noisy to preserve the pretrained geometric priors.

3.2.2 Static Attribute Decoding

A DPT decoder head applied to the backbone features F§ predicts the remaining static parameters per pixel.
The covariance X, is factorized as X, = R, diag(s,)? Rg, where the rotation Ry is obtained from a predicted
unit quaternion qq € R* and the scale Sg € Ri);o is decoded with an exponential activation. Color ¢, is decoded
as spherical harmonic coefficients of order k, enabling view-dependent appearance.

Opacity is parameterized by SH coefficients oy € R*+D” pather than a scalar, making it view-dependent.
This design choice is far more important here than in monocular settings: with a single camera, all Gaussians
are unprojected from the same viewpoint and spatial misalignments are minimal. In the multi-view case
instead, camera parameters are estimated rather than given, so Gaussians unprojected from different cameras
are inevitably slightly misaligned in 3D space: a point visible from two cameras will produce two Gaussians
at slightly different world positions, and neither can be discarded without losing valid photometric information
from one of the views. A scalar opacity would force a global trade-off between keeping or suppressing such a
Gaussian, whereas SH-parameterized opacity allows the model to learn a per-direction confidence: the Gaussian
remains fully opaque from the camera that unprojected it correctly and fades for cameras where the reprojection
is inconsistent. This acts as a soft, learned data-selection mechanism that gracefully handles the geometric
imprecision inherent to pose-free reconstruction, without requiring any explicit outlier detection or multi-view
consistency loss. The ablation in Section 4.5 confirms this: replacing SH opacity with a scalar is the second
most damaging architectural modification.

3.2.3 Decomposed Motion Parameterization

The central technical contribution of NoPo4D is a velocity decomposition that avoids both the differentiable-
rendering dependence of posed methods and the 3D-motion-annotation requirement of pose-free methods.
Prior feed-forward dynamic methods [59, 63| predict 3D Gaussian velocities directly in world space. To supervise
these velocities, they must either render the predicted motion as 2D optical flow and compare to ground-truth
flow (which ties supervision quality to pose accuracy, as rendered flow depends on the projected Gaussian
positions) or compare 3D velocities to 3D scene flow ground truth (unavailable at scale). The proposed decom-
position avoids both paths.

A DPT head decodes, for each pixel (z,y) in frame ¢, a 2D image-plane shift (Az, Ay) and a depth displacement
Ad. The pixel shifts are bounded by a tanh nonlinearity and scaled to image dimensions (W, H). These
quantities define the projected position and depth of the same scene point at the next timestep:

=z +Az, y =y+Ay, Di,(z,y)=Di(z,y) + Ad. (11)
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Figure 7: Input frames and predicted optical flow. Top row: example RGB frames from the
training set. Bottom row: corresponding image-plane shift fields (Az, Ay) predicted by NoPo4D,
which encode per-pixel motion directly without any rendering step.

Using the predicted intrinsics K¢ with focal lengths (f,, fy) and principal point (¢, ¢y), source and displaced
pixels are unprojected into camera-space coordinates, and their difference is computed:

(' —ca) f)§+1 —(z—ca) f)f
A fz A
AXeam = | (4’ —¢y)Diy — (Y —¢y) DY | - (12)

A fy A
Dy, — D

The forward linear velocity v; is obtained by rotating this camera-space displacement into world coordinates
and normalizing by the temporal interval At:

R® AXcam

At

The backward velocity v is computed symmetrically from the preceding frame pair.
The key property of this parameterization is that the image-plane shift (Az, Ay) encodes the same quantity as
the 2D optical flow at pixel (z,y): it is the displacement of the source Gaussian’s projected position between
consecutive frames, computed directly from the predicted quantities without any rendering step. This means
it can be compared directly to pseudo-ground-truth optical flow estimated by an off-the-shelf model, giving a
training signal that is completely decoupled from the quality of the predicted camera poses. Figure 7 shows
example input frames and their corresponding SEA-RAFT optical flow fields used as supervision targets.
Empirical verification in the ablation study of Section 4.5 confirms that this coupling is necessary. When
both the decomposition and the optical-flow loss are removed simultaneously (ablation No decomposition + no
flow loss), training diverges: velocity magnitudes grow unboundedly because there is no rendering-free signal
to constrain them in the pose-free setting. Replacing only the decomposition while retaining flow supervision
through rendering (ablation No decomposition) also degrades performance, confirming that the direct pixel-level
pathway provides a cleaner gradient.

vy = (13)

3.2.4 Bidirectional Motion Encoder

The image-plane shifts, depth changes, angular velocities, and temporal parameters are all produced by a
bidirectional motion encoder M. The key design principle is that motion estimation requires two sources of
context that the backbone alone cannot provide: temporal context (what changed between frames) and cross-
view context (how the same motion looks from different cameras). The encoder is purpose-built to aggregate
both simultaneously.
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For each consecutive frame pair (¢,¢+ 1), the encoder concatenates feature tokens from all C' cameras at frame
t with tokens from all C' cameras at frame t + 1, yielding a combined sequence of 2C'N tokens. Two learnable
temporal embeddings are added to distinguish source-frame tokens from neighbor-frame tokens, giving the
attention mechanism an explicit signal about which tokens belong to which timestep. A standard multi-head
self-attention block then performs joint attention over the full sequence, allowing every spatial location in every
camera to attend to every other location across both frames and all viewpoints in a single pass. This joint
attention is what makes the encoder bidirectional in the multi-view sense: a token from camera c at time ¢ can
directly attend to tokens from camera ¢’ at time ¢ + 1, resolving motion ambiguities that would be unresolvable
from a single stream. The resulting tokens are split back into forward (¢t — ¢ + 1) and backward (¢t < ¢t + 1)
halves and decoded by a shared DPT head into pixel-aligned motion fields.

For each Gaussian g, the motion encoder produces: the forward and backward image-plane shifts and depth
displacements used to compute vgﬂE via Equations (11)—(13); forward and backward angular velocities w;t €R3
encoding rotational motion around the Gaussian’s center; a per-pixel motion gate p, € (0,1), implemented
as a sigmoid-activated scalar, that suppresses velocity predictions in static scene regions where motion should
be zero; a temporal covariance o, > 0 controlling how long the Gaussian remains visible around its temporal
center; and a temporal center 7, anchored to the source frame’s timestamp. The motion gate is particularly
important: without it, the model tends to hallucinate small spurious velocities for background Gaussians, which
accumulates into visible flickering artifacts.

The ablation No motion branch (Section 4.5) evaluates the alternative of predicting velocities directly from
backbone features without the cross-frame, cross-view attention step. Without the joint attention, each camera’s
velocity is estimated independently from single-frame features, producing predictions that are inconsistent across
views and that cannot exploit the temporal context needed to resolve motion ambiguities.

3.3. Training

3.3.1 Losses

The total training loss combines four terms:

L= Erecon + )\motion‘cmotion + Aconsis£consis + Edistilb (14)

The reconstruction l0ss Liecon = AMSELMSE +AssimLssim +Arpips Lrpips is evaluated on target frames rendered
from the predicted Gaussians and poses, aligned into the scene coordinate frame via the two-pass procedure
described in Section 3.3.2.

The motion loss supervises Gaussian dynamics by comparing predicted pixel shifts to pseudo-ground-truth
optical flow f* from SEA-RAFT [54]. To avoid training on static background noise, supervision is applied only
to pixels where the ground-truth shift magnitude exceeds 2 pixels, denoting this set Q' = {p € Q | [|f*(p)|2 > 2}:

> Az, Ay)(p) — £ ), - (15)

1
/
| | peQY

Amotioncmotion = )\ﬂow Q

This direct pixel-level comparison bypasses rendering entirely, decoupling motion supervision from pose estima-
tion errors.
The depth consistency loss penalizes deviations of rendered depth from the backbone’s own predictions:

> IID () —D»)[3. (16)

peEQ

1
)\consis‘cconsis = Aconsisﬁ
This loss acts as a regularizer that prevents Gaussians from drifting away from their initialized positions, but
it cannot stand alone: without geometric grounding from the other losses, the model finds degenerate solutions
that collapse all Gaussians onto a flat surface (as the loss ablation in Table 5 shows).

The distillation loss preserves the pretrained geometric priors of the DA3 backbone by distilling from the frozen
DA3 Giant model:

Ldistill = /\poseﬁpose + Adepthﬁdepth + )‘normalﬁnormaly (17)

where Lpose is a Huber loss on predicted versus teacher poses, and depth and normal losses are ¢ distances
|D — D*||3 and ||[VD — VD*||3. Removing distillation is the single most damaging modification in the loss
ablation, confirming that the pretrained DA3 representations are easily corrupted by the noisy gradients from
dynamic Gaussian training if not anchored to their original predictions. Each auxiliary loss thus addresses a
distinct failure mode: distillation preserves priors, flow grounds dynamics, and consistency enforces coherence.
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Multi-View Epipolar Consistency Loss (optional). A 3D point observed by two cameras simulta-
neously must carry the same world-space velocity. For each pixel (z,y) in camera ¢, the predicted depth ljf(x, y)
and the estimated camera parameters are used to unproject it to a world point, which is then reprojected into
camera ¢’ to find the corresponding pixel (2’,y’). Denoting by Q.. the set of pixels whose reprojection falls
inside camera ¢’, and by g = (¢, t,z,y), ¢ = (¢, t, |2'], |y']) the two Gaussians, the loss penalizes their velocity

difference:
c

1 1
Loy = v =zl 18
c(C—1) > Qe | > Vo Vg, (18)
C,c;;:ll (g, g’) S QCC/

with backward velocities v~ handled symmetrically. A critical subtlety is that reprojection alone does not
guarantee a valid correspondence: the reprojected pixel (z/,y’) may be occluded in camera ¢, in which case
g’ observes a different surface entirely. Detecting occlusions requires comparing the reprojected depth against
the depth predicted for (z/,y’) in camera ¢, but both depth values are themselves estimated and noisy, making
this check unreliable in practice. Accurate correspondences could instead be obtained with a pretrained dense
matcher such as LightGlue [30] or RoMa [11], which produce geometrically robust matches without relying on
depth. However, running such a model for every camera pair at every training step would substantially increase
training cost, making this loss impractical for large-scale training. We therefore did not include it in the final
objective.

3.3.2 Training Curriculum

Training proceeds in two stages of 20,000 steps each. The first stage trains on single-camera viewpoints,
which initializes the static scene representation and the motion heads on individual streams before the added
complexity of multi-camera fusion is introduced. The second stage extends to batches of 16 frames sampled
across 1-4 cameras simultaneously, with temporal stride between consecutive frames sampled from 4-8 and
warmed up linearly over the first 2,000 steps. Starting with closely-spaced frames allows the motion encoder
to build reliable predictions from small displacements, where optical flow estimates are most accurate, before
gradually extending to wider temporal baselines where motion ambiguity is higher.

Since NoPo4D is pose-free, rendering target views during training requires mapping the predicted target poses
into the scene’s coordinate frame, which is defined implicitly by the backbone’s context-frame predictions. A
two-pass strategy is employed. In the first pass (with gradients), only context frames are processed, producing
Gaussians and context-frame poses that define the scene frame. In the second pass (without gradients), all frames
including target frames are processed, yielding fresh context and target poses. The Umeyama algorithm [45]
then finds the closed-form Sim(3) mapping from the second-pass context poses to the first-pass context poses,
and this transformation is applied to the target poses to bring them into the scene frame. Because the second
pass is detached from the computational graph, the rendering loss supervises only the first-pass Gaussians, not
the encoder’s pose predictions. The same two-pass procedure is used at inference time when rendering from
novel viewpoints.

3.3.3 Backbone Fine-Tuning Strategy

Among the backbone’s components, NoPo4D fine-tunes only the alternating cross-view attention layers, keeping
the within-view layers and the pretrained depth and camera heads frozen. The rationale is that the alternating
layers govern cross-camera feature fusion, which is the aspect of the backbone’s computation that most differs
between DA3’s static-scene pretraining and the dynamic multi-view fine-tuning objective. Adapting these layers
allows the backbone to integrate temporal tokens and handle dynamic content, while the frozen within-view
layers preserve the broad per-image representations that make DA3 features generally useful. The ablation
study in Section 4.5.3 compares six configurations and shows a monotonic improvement as more alternating
layers are unfrozen, with fine-tuning all 16 layers achieving the best result.

3.3.4 Post-Optimization

An optional test-time refinement stage, following AnySplat [22], takes the feed-forward output as initialization
and applies 100 gradient steps of photometric optimization against the input context views, after pruning
Gaussians with opacity below 0.01. Each Gaussian attribute is optimized with a dedicated learning rate:
1.6 x 107 for pgy, 5 x 1073 for s,, 1 x 1073 for q , 5 x 1072 for ay, 2.5 x 1073 for ¢ , 5 x 1073 for (R¢, t°),
1 x 107* for 74, 5 x 1073 for 0,, and 1 x 1072 for p,. These per-parameter rates reflect the different scales
and sensitivities of each attribute: opacity benefits from aggressive updates to quickly suppress floaters, while
position requires a small rate to avoid disrupting the geometrically accurate initialization. Because the feed-
forward initialization is already geometrically accurate, convergence is rapid (under 5 seconds per scene) and
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the refinement corrects residual Gaussian placement errors that the feed-forward pass cannot resolve due to
its single-inference nature. This stage is entirely optional; the feed-forward-only results already outperform all
prior feed-forward baselines.
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4. Experiments

4.1. Implementation Details

NoPo4D is trained on approximately 2,900 Ego-Exo4D [13] scenes, a large-scale dataset of everyday human
activities captured by synchronized multi-camera rigs in diverse environments including kitchens, sports facili-
ties, and medical settings. Frames are undistorted and downsampled to a maximum of 448 pixels on the longer
side. Following AnySplat [22], random aspect-ratio jittering is applied in [0.5,1.0], center-cropping at 77-100%,
and horizontal flipping. Training runs in two stages of 20,000 steps each: a single-camera stage followed by a
multi-camera stage with 16-frame batches across 1-4 cameras. AdamW [32] is used with separate learning rates
of 5 x 1076 for the backbone alternating layers, 5 x 107> for the motion encoder, and 1 x 10~ for the velocity
DPT head and Gaussian head. All rates follow a 1,000-step linear warmup and cosine annealing to one-tenth
of the initial value. Loss weights are Aysg = 1, ALprps = 0.5, Agstm = 0.05, Aconsis = 0.1, Agow = 0.02,
Apose = 1.0, Adepth = 0.1, Anormal = 0.1. Training uses batch size 1 per GPU on 4 NVIDIA GH200 GPUs with
data parallelism.

4.2. Experimental Setup

The evaluation covers four multi-view dynamic benchmarks with different properties. ExoRecon [56] derives
sparse multi-view captures from Ego-Exo4D and is thus the in-distribution benchmark, using the same test-scene
split as MonoFusion to allow direct comparison. Immersive Light Field (ILF) [2] contains real-world dynamic
scenes captured by a spherical 46-camera array, with scenes spanning concerts, sports events, and outdoor
activities. Kubric [14] is a synthetic dataset with physically-simulated multi-object scenes rendered from multiple
viewpoints, providing controlled large-displacement motion. N3DV [27] offers high-quality captures with 18-21
cameras, enabling evaluation under varying input-view counts and from novel viewpoints significantly removed
from the input cameras. The latter three benchmarks are out-of-distribution relative to the Ego-Exo04D training
data.

All benchmarks are evaluated with the same chunk-based protocol. Each scene is partitioned into non-
overlapping chunks of 5 consecutive timestamps; the 4 surrounding frames serve as context input, and the
middle frame is the held-out target. The target frame is synthesized at each input camera viewpoint and we
report PSNR, SSIM [55], and LPIPS [69] averaged across cameras, chunks, and test scenes, capping evaluation
at 60 chunks per scene for ExoRecon and 100 for the others. On N3DV, evaluation is additionally performed
at moderate (5.7°-27.7°) and extreme (34.6°-71.9°) novel viewpoints.

Comparison is made against feed-forward and per-scene optimization baselines. Among feed-forward methods,
NeoVerse [63] and MoVieS [28] are monocular methods extended to the multi-view setting by independently
reconstructing each stream and aligning the per-view outputs. DGGT [5] is the most directly comparable
method; it is retrained on the same Ego-Exo4D-derived training data as NoPo4D to eliminate distribution
effects. The per-scene optimization baselines are MonoFusion [56], MV-SOM [50], and Dyn3D-GS [34], all of
which require known camera poses.

4.3. Quantitative Results

Table 2 reports results on the in-distribution ExoRecon benchmark. NoPo4D substantially outperforms all feed-
forward baselines, leading the nearest competitor (NeoVerse) by 9.1 dB PSNR. The gap over DGGT retrained
on the same data (8.7 dB) isolates the architectural contribution from training-distribution effects. With the
optional 100-step post-optimization, NoPo4D surpasses MonoFusion, the current per-scene optimization state of
the art, by 1.5 dB PSNR, despite requiring no camera calibration. This demonstrates that a strong feed-forward
initialization enables brief refinement to match or exceed methods built on full per-scene optimization.

Tables 3 and 4 report out-of-distribution performance on the remaining three benchmarks. On ILF and Kubric,
NoPo4D consistently leads the strongest feed-forward baseline (DGGT), with a particularly pronounced ad-
vantage on Kubric (3.5 dB feed-forward), which contains large-displacement motion that benefits most from
the explicit motion parameterization. Post-optimization delivers further gains of 2-5 dB across both datasets,
indicating that the feed-forward output generalizes well even outside the training distribution.

On N3DV (Table 4), NoPo4D leads by nearly 4 dB at input cameras and remains competitive at moderate novel
viewpoints. At extreme viewpoints (34.6°-71.9°), pixel-aligned metrics begin to misrepresent perceptual quality:
a blurry but pixel-aligned prediction can score higher than a sharper but slightly-shifted one. The qualitative
comparisons of Figure 9 confirm that NoPo4D produces visually cleaner reconstructions with better-preserved
geometry and texture at extreme angles, while DGGT exhibits semi-transparent ghosting and NeoVerse and
MoVieS over-smooth.
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Table 2: Held-out view synthesis on ExoRecon [56]. FF denotes feed-forward inference.

Method FF PSNR+ SSIM 4t LPIPS |
Dyn3D-GS [34] X 2428 0692 0539
MV-SOM [50] X 26.91 0.890 0.138
MonoFusion [56] X 3043  0.930  0.060
NoPo4D (Ours, post-opt.) X 31.95 0.928 0.075
MoVieS [28] v 18.78 0.725 0.288
DGGT [35] /1967 0645 0417
DGGT (Ego-Exo4D) [5] /2044 0704 0418
NeoVerse [63] v 20.03 0.714 0.354
NoPo4D (Ours) v 29.15 0.886 0.125

Table 3: Generalization to out-of-distribution datasets. NoPo4D was not trained on either
benchmark. NeoVerse was trained on Kubric and is therefore in-distribution on that benchmark.

Immersive Light Field [2] Kubric [14]
Method PSNR 1 SSIMt LPIPS, PSNRt SSIM1 LPIPS |
MoVieS [28] 16.12 0.650 0.410 14.49 0.720 0.260
NeoVerse [63] 19.83 0.680 0.360 16.86 0.500 0.520
DGGT [5] 20.65 0.700 0.360 20.14 0.530 0.430
DGGT (Ego-Exo4D) [5] 2023 0.685 0.453 1822  0.551 0.522
NoPo4D (Ours) 21.63 0.740 0.280 23.61 0.739 0.256

NoPo4D (Ours, post-opt.)  24.04 0.817 0.245 28.17 0.838 0.159

4.4. Qualitative Evaluation

Figures 8 and 9 compare rendering quality across methods on three distinct scenarios, each exposing a different
axis of difficulty.

ExoRecon: dynamic foregrounds. On real-world Ego-Exo4D captures, NoPo4D reconstructs fine-
grained motion such as hand gestures, tool manipulation, and body pose changes that baselines consistently
smear into blurry or doubled regions. The difference is most visible at object boundaries: NoPo4D produces
clean, sharp edges around moving limbs, whereas NeoVerse and MoVieS blend foreground and background
together because their monocular per-stream reconstruction cannot reason about the shared 3D structure.
DGGT, despite being retrained on the same data, produces noticeably lower-frequency outputs and frequently
hallucinates structure in occluded regions.

Kubric: large-displacement motion. The synthetic Kubric sequences contain fast-moving rigid objects
with large inter-frame displacements, which stress-test the velocity decomposition. NoPo4D correctly localizes
moving objects and preserves their shape across frames. Competing methods either misplace the objects (due
to flow estimation failures at large displacements) or produce artifacts at their boundaries where the dynamic
and static Gaussians are incorrectly merged. The explicit bidirectional velocity representation allows NoPo4D
to handle these cases because the motion prediction is grounded in optical flow rather than implicit deformation
fields.

N3DV: extreme novel viewpoints. At viewpoints 34.6°~71.9° away from the input cameras, NoPo4D’s
explicit 3D Gaussian representation maintains recognizable geometry and texture. The Gaussian primitives,
initialized from accurate depth predictions, provide a geometrically consistent scaffold that supports synthesis far
from the training views. In contrast, DGGT shows pronounced ghosting artifacts where overlapping Gaussians
from different cameras are not coherently merged, and NeoVerse/MoVieS produce over-smoothed outputs that
lose fine texture detail because their implicit representations cannot extrapolate reliably at large angular offsets.
These qualitative differences also illustrate a known limitation of pixel-aligned metrics: at extreme viewpoints,
numerical scores can favor blurry-but-aligned predictions over sharper-but-shifted ones, which partly explains
why the quantitative gap understates the perceptual advantage visible in Figure 9.
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Table 4: View synthesis on N3DV [27], evaluated at input cameras, moderate novel views, and
extreme novel views.

Input Cameras Novel Cameras (Moderate) Novel Cameras (Extreme)
Method PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
MoVieS [28] 14.10 0.556 0.505 14.54 0.435 0.582 9.63 0.162 0.716
NeoVerse [63] 24.50 0.789 0.313 18.63 0.530 0.449 13.32  0.423 0.601
DGGT |[5] 23.08 0.749 0.268 17.93 0.532 0.435 15.87  0.449 0.557
DGGT (Ego-Ex04D) [5] 2249 0.713 0.356  6.84 0.223 0.626 10.43 0.419 0.631
NoPo4D (Ours) 28.43 0.905 0.144 19.84 0.578 0.315 15.69 0.467 0.520

NoPo4D (Ours, post-opt.) 31.79 0.956 0.089 19.93 0.570 0.320 15.91 0.449 0.531

Table 5: Ablation studies on ExoRecon. Each row in the left table removes one architectural
component. Each row in the right table shows which auxiliary losses are present (v') or absent (X);
the reconstruction loss is always active.

Recon. Distill. Consis. Flow PSNR SSIM LPIPS

Method PSNR 1 SSIM + LPIPS |
25. .82 162
No opacity SH 21.61 0.758 0.247 j :: ‘)/( :; 355019 g 232 g 823
No motion branch 22.97 0.856 0.161 ) ' '
. v X v v 2591 0.815 0.159
No decomposition 27.67 0.865 0.129 v v X /2802 0.867 0.122
N 1 i 27. .861 .12 ’ ’ ’
o temporal encoding 7.69 0.86 0.125 Y Y v X 2819 0.869 0.125
NoPo4D 29.1 o 12
oPo4D (Ours) 915 0.886  0.125 v v Vv 2915 0.886 0.125
(a) Architectural components. (b) Augiliary losses.

4.5. Ablation Studies

Table 5 isolates the contribution of each architectural component and each auxiliary loss on ExoRecon.

4.5.1 Architectural Components

The architectural ablation reveals that removing the bidirectional motion encoder (No motion branch, —6.2
dB) and replacing SH opacity with scalar opacity (No opacity SH, —7.5 dB) are by far the most damaging
modifications. The magnitude of the motion-branch drop reflects the fact that independent per-camera veloc-
ity estimation cannot produce globally consistent motion: each camera reaches different conclusions about the
direction of moving objects, and the resulting conflicting Gaussian velocities degrade rendering quality dras-
tically. The opacity drop is comparably large because scalar opacity forces a binary choice (keep or discard
a Gaussian globally) whereas SH opacity allows the network to suppress geometrically inconsistent Gaussians
only from the specific viewpoints where they cause artifacts, preserving their contributions elsewhere. Replac-
ing the velocity decomposition with direct 3D velocity prediction (No decomposition, —1.5 dB) confirms that
the direct pixel-level supervision pathway is meaningfully cleaner than the rendered alternative. Removing the
sinusoidal temporal tokens (No temporal encoding, —1.5 dB) shows that the alternating attention layers benefit
from explicit temporal context.

4.5.2 Auxiliary Losses

The loss ablation reveals complementary roles for the three auxiliary losses. The consistency loss alone (recon +
consis) is catastrophic (3.51 PSNR): without geometric grounding from distillation or flow, the model satisfies
the depth constraint trivially by collapsing Gaussians onto a degenerate flat surface. This confirms that the
consistency loss functions as a regularizer rather than a primary supervisory signal. In the leave-one-out
comparisons, distillation (—3.2 dB) prevents the alternating attention layers from drifting away from their
pretrained DA3 representations; flow (—1.0 dB) keeps velocity predictions from collapsing toward zero; and
consistency (—1.1 dB) prevents multi-view geometric disagreements from persisting. The full configuration
combines all three to address each failure mode simultaneously.
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Figure 8: Qualitative comparison on ExoRecon [56] and Kubric [14]. NoPo4D recovers fine-
scale structure with sharp dynamic foregrounds while baselines exhibit blurring, geometric distortion,
or missing motion.

4.5.3 Backbone Fine-Tuning Strategy

Table 6: Backbone fine-tuning strategy comparison on ExoRecon.

Configuration Trainable params PSNR 1 SSIM 1+ LPIPS |
Unfreeze camera and depth heads 525 M 16.94 0.654 0.354
Full fine-tuning 621 M 25.09 0.829 0.162
Freeze backbone 266 M 25.68 0.804 0.151
Fine-tune last 4 layers 318 M 26.32 0.841 0.152
Fine-tune last 8 layers 369 M 27.28 0.853 0.140
Ours (16 alternating layers) 470 M 29.15 0.886 0.125

Table 6 compares six fine-tuning configurations. Unfreezing the depth and camera heads is catastrophic (—12.2
dB), confirming that these heads encode strong geometric priors that are easily destabilized by the noisy gra-
dients from dynamic losses. Full fine-tuning also underperforms (—4.1 dB): the deeper backbone layers contain
general-purpose representations that transfer well from DA3’s large-scale pretraining and should be preserved.
Completely freezing the backbone under-fits (—3.5 dB) because the dynamic multi-view setting requires task-
specific adaptation that the frozen weights cannot provide. Progressive unfreezing shows monotonic improve-
ment, and fine-tuning all 16 alternating attention layers while keeping the within-view layers and pretrained
heads frozen achieves the best result. The alternating layers govern cross-view attention, which is precisely
where the static-scene pretraining objective diverges from the dynamic multi-view fine-tuning objective.

4.6. Scalability Analysis

NoPo4D is trained with at most 4 cameras but evaluated here with C' € {2,...,12} on N3DV, testing whether
the cross-view attention generalizes to unseen camera configurations. Figure 10 reveals three key findings.

Quality. NoPo4D maintains a consistent and substantial quality lead over all baselines across the full range
of camera counts on all three metrics. As C' increases, all methods experience a moderate quality decrease: with
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Figure 9: Qualitative comparison on N3DV [27] under extreme viewpoint changes. NoPo4D
maintains recognizable geometry and texture at large viewpoint offsets, while DGGT shows ghosting
and NeoVerse/MoVieS over-smooth.

more cameras, the held-out target views are further from any input camera, making the synthesis task harder.
NoPo4D degrades most gracefully, losing only ~4.7 dB PSNR from C' = 2 to C = 12, compared to ~6.9 dB for
NeoVerse. DGGT loses ~3.6 dB but starts from a much lower baseline, so the absolute gap to NoPo4D remains
large throughout. The SSIM and LPIPS curves confirm the same ordering: NoPo4D consistently achieves higher
structural similarity and lower perceptual distance than any baseline at every camera count.

Graceful generalization. The fact that quality does not collapse beyond C' = 4 demonstrates that the
cross-view attention mechanism in the backbone generalizes naturally to configurations unseen during training.
This is a non-trivial property: the model must correctly fuse features from up to 12 cameras using attention
weights learned exclusively from 1-4 camera inputs. The smooth degradation curve suggests that the learned
attention patterns are robust to varying numbers of context tokens, likely because self-attention is permutation-
invariant and the temporal embeddings provide sufficient structure even with more views.

Computational cost. Memory and inference time scale near-linearly with camera count for NoPo4D,
NeoVerse, and MoVieS, reaching under 27 GB and 5 seconds at 12 cameras. DGGT, in contrast, grows super-
linearly in both memory (~50 GB) and inference time (~15 seconds) at 12 cameras, making it impractical for
dense multi-camera deployments. The near-linear scaling of NoPo4D follows directly from the one-Gaussian-
per-pixel design: the total number of Gaussians grows linearly with C, and the cross-view attention, while
quadratic in sequence length, is bounded in practice by the fixed input resolution.
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Figure 10: Scalability on N3DV as the number of input cameras varies from 2 to 12. Top
row: rendering quality (PSNR, SSIM, LPIPS). Bottom row: peak GPU memory and inference time.
NoPo4D was trained with at most 4 cameras and generalizes gracefully, while DGGT memory and

inference time grow super-linearly.
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5. Conclusions

This thesis introduced NoPo4D, the first feed-forward system for 4D Gaussian reconstruction from unposed
multi-view video in general environments. Prior work had addressed at most two of the three key challenges
simultaneously: modeling dynamic content, fusing multi-view information, and estimating geometry without
known camera poses. NoPo4D fills the remaining gap by combining three design choices that each address a
distinct obstacle in the joint problem.

The central contribution is the velocity decomposition, which splits each Gaussian’s 3D motion into a 2D
image-plane shift and a depth change. Because the image-plane component encodes the Gaussian’s projected
displacement without any rendering step, it can be supervised directly against pseudo-ground-truth optical flow
from an off-the-shelf estimator. This creates a training signal that is completely decoupled from pose estimation
accuracy, sidestepping the circular dependency that plagues posed dynamic methods and the synthetic-data
requirement that limits unposed alternatives. This is the first work to establish a direct, render-free connection
between 3D Gaussian velocities and 2D optical flow, opening a practical pathway for supervising dynamic
reconstruction at scale.

The bidirectional motion encoder provides the multi-view consistency that the decomposition alone cannot
guarantee. By performing joint self-attention over all cameras at two consecutive timesteps, it produces velocity
predictions that are globally coherent across the camera rig, addressing the failure mode in which independently
estimated per-camera velocities assign conflicting motion to the same scene point. View-dependent opacity,
implemented with spherical harmonic coefficients, complements the encoder by allowing the network to suppress
Gaussians from viewpoints where geometric estimation errors are worst, without globally discarding them.
Across four multi-view dynamic benchmarks—FExoRecon, Immersive Light Field, Kubric, and N3DV— NoPo4D
consistently outperforms all feed-forward baselines and, with 100 steps of post-optimization, surpasses per-scene
optimization methods that require known camera calibration, while running orders of magnitude faster.

5.1. Future Work

Several directions remain open:

e Moving camera rigs. NoPo4D assumes a static camera rig; when cameras themselves move, the
per-camera pose averaging collapses distinct positions into a single incorrect estimate, degrading recon-
struction quality.

e Pretrained teacher dependency. The model relies on pseudo-ground-truth signals from DA3 [29]
and SEA-RAFT [54]; as these models improve, NoPo4D benefits automatically, but training quality is
ultimately bounded by their accuracy.

e Higher-order motion. The velocity decomposition is currently first-order in time; capturing accelera-
tion or periodic trajectories within the same feed-forward framework is a natural next direction.

e Monocular and asynchronous capture. Extending the system beyond synchronized multi-camera
rigs would substantially broaden its applicability.

In summary, NoPo4D demonstrates that pose-free, feed-forward 4D reconstruction is not only feasible but
competitive with methods that rely on known calibration and minutes of per-scene optimization. By grounding
dynamic supervision in optical flow rather than rendered outputs, and by fusing multi-view information through
a shared attention mechanism, the system opens a practical path toward scalable, real-time dynamic scene
reconstruction from the increasingly common multi-camera capture hardware found in robotics, sports analytics,
and mixed reality applications.
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A. Failure Cases

Figure 11 documents three representative failure modes. In fast-moving regions such as rapidly swinging limbs
or thrown objects, the pseudo-ground-truth optical flow from SEA-RAFT becomes unreliable, and the motion
encoder receives incorrect supervision, producing cross-view Gaussian misalignments that manifest as semi-
transparent floating artifacts around the moving region. When the camera rig itself moves, the static-rig
assumption is violated, and averaging per-frame pose predictions collapses distinct camera positions into an
incorrect single estimate, misaligning the unprojected Gaussian positions. Finally, scene regions that are visible
from only a narrow range of input viewpoints may carry depth estimation errors from the monocular backbone,
with no cross-view geometric constraint to correct them; at extreme novel viewpoints, these depth errors surface
as floating Gaussian artifacts.

(a) Fast-moving regions. (b) Moving camera rig. (¢c) Far-from-input view-
points.

Figure 11: Faijlure cases. (a) Cross-view misalignments and floating artifacts in fast-moving regions.
(b) Degradation under camera motion, violating the static-rig assumption. (c) Floating Gaussian
artifacts far from input camera viewpoints.
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Abstract in lingua italiana

I recenti metodi feed-forward per il 3D Gaussian Splatting hanno compiuto progressi notevoli su singoli aspetti
della ricostruzione di scene tridimensionali, ma nessun metodo esistente affronta congiuntamente contenuti
dinamici, input multi-vista e pose delle telecamere sconosciute in un unico passaggio feed-forward. I metodi che
gestiscono la dinamica richiedono pose accurate delle telecamere o accettano solo input monoculare; i metodi
multi-vista senza pose affrontano unicamente scene statiche; i metodi di ottimizzazione per-scena colmano alcune
di queste lacune, ma con un costo da minuti a ore per scena. Questa tesi introduce NoPo4D, il primo sistema
feed-forward che affronta questo quadrante inesplorato. Basandosi su un backbone geometrico pre-addestrato e
sui recenti framework 4D Gaussian, NoPo4D introduce una scomposizione della velocita che separa il moto delle
Gaussiane in spostamenti nel piano immagine per pixel e variazioni di profondita, consentendo la supervisione
diretta della componente 2D tramite flusso ottico pseudo-ground-truth. Questo approccio evita sia la dipendenza
dal rendering differenziabile sia la necessita di annotazioni di moto 3D. Il sistema & completato da un encoder
di moto bidirezionale per I'aggregazione di feature cross-vista e cross-frame, e da un’opacita dipendente dalla
vista che mitiga i disallineamenti delle Gaussiane tra viste e istanti temporali diversi. Su quattro benchmark
multi-vista dinamici, NoPo4D supera costantemente i baseline feed-forward precedenti e, con una fase opzionale
di post-ottimizzazione, raggiunge o supera i metodi per-scena pur essendo significativamente pit veloce.
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