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Fig. 1: Fus3D directly regresses a 3D representation from the latent space of a multi-
view geometry transformer, bypassing per-view prediction and post-hoc fusion. This,
compared to VGGT [44] using TSDF fusion, yields improved surface completeness
under sparse views (left, 2 views) and avoids error accumulation reducing details at
scale (right, 24 views), also reflected in the F-score curves across view counts (center).

Abstract. We propose a feed-forward method for dense Signed Distance
Field (SDF) regression from unstructured image collections in less than
three seconds, without camera calibration or post-hoc fusion. Our key
insight is that the intermediate feature space of pretrained multi-view
feed-forward geometry transformers (FFGT) already encodes a powerful
joint world representation; yet, existing pipelines discard it, routing fea-
tures through per-view prediction heads before assembling 3D geometry
post-hoc, which discards valuable completeness information and accu-
mulates inaccuracies. We instead perform 3D extraction directly from
FFGT features via learned volumetric extraction: voxelized canonical
embeddings that progressively absorb multi-view geometry information
through interleaved cross- and self-attention into a structured volumet-
ric latent grid. A simple convolutional decoder then maps this grid to a
dense SDF. We additionally propose a scalable, validity-aware supervi-
sion scheme directly using SDFs derived from depth maps or 3D assets,
tackling practical issues like non-watertight meshes. Our approach yields
complete and well-defined distance values across sparse- and dense-view
settings and demonstrates geometrically plausible completions.
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1 Introduction

3D reconstruction from unstructured image collections and video remains a fun-
damental challenge in computer vision, with broad implications for downstream
tasks in semantic understanding, robotics, and scene interaction. A key require-
ment in such settings is a complete 3D representation, e.g. when accurate dis-
tance information is critical. Distance information, often in the form of Signed
Distance Functions (SDFs), is difficult to acquire when input views are sparse or
otherwise poorly conditioned. In this work, we provide a novel method for this
online and sparse-view setting by leveraging extensively pretrained multi-view
geometry transformers and directly regressing 3D SDFs from them.

Recent feed-forward multi-view geometry transformers, such as DUSt3R [47],
VGGT [44], or DA3 [23], have demonstrated remarkable capabilities in recov-
ering scene geometry directly from images, producing per-image depth or point
maps alongside camera poses and intrinsics in a single forward pass. Central to
their success is a powerful geometry prior acquired through large-scale train-
ing, enabling robust reconstruction even under challenging conditions such as
strong symmetry or minimal inter-view overlap – scenarios that confound clas-
sical feature-matching pipelines.

Despite these advances, a fundamental bottleneck remains in how 3D scenes
are ultimately assembled from the per-image predictions of these transformers.
Current pipelines rely on classical post-hoc fusion of per-view outputs, typically
via point cloud merging, Truncated SDF (TSDF) fusion or Poisson reconstruc-
tion to obtain a coherent 3D representation. This design has two consequential
failure modes. First, in sparse-view settings, the transformer’s learned world
prior is only leveraged locally, per image, leaving unobserved regions geomet-
rically underspecified and yielding incomplete reconstructions (Fig. 1, bottom
left). Second, when processing many views, minor per-view inconsistencies ac-
cumulate and propagate into the fused representation, introducing noise that
degrades reconstruction fidelity at scale (Fig. 1, bottom right, red curve).

We address both failure modes through a single unifying idea: rather than
fusing per-view outputs in 3D space, we directly regress the SDF from the trans-
former’s intermediate latent features. This allows the full multi-view geometry
prior, jointly built up across all input views, to inform the 3D estimate at every
spatial location, yielding complete reconstructions in sparse-view regimes and
noise-free scaling with more views (see crops in Fig. 1).

The central technical challenge is the dimensionality mismatch between the
set of 2D input tokens and the 3D target representation. We resolve this by intro-
ducing a learned embedding query that attend into the geometry transformer’s
feature space, effectively lifting 2D multi-view features into a 3D structured
latent space without requiring any 3D-to-3D autoencoder training regimes. Cru-
cially, we perform repeated extraction during the feature construction process of
the multi-view transformer in order to build meaningful 3D latent features. As
we demonstrate, the resulting features encode a rich geometry prior including
object-level symmetry and shape statistics which enables geometrically complete
and well-defined SDFs even for unobserved surfaces. Finally, the intermediate fea-
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ture volume reveals emergent semantic structure that could serve as a foundation
for downstream perception. In summary, we make the following contributions:

– We identify the per-view prediction bottleneck in feed-forward geometry
transformers as the root cause of both sparse-view incompleteness and noise
accumulation under many views, and thus propose 3D extraction directly
from the transformer’s intermediate feature space.

– We introduce a learned volumetric extraction module: a set of 3D-position-
conditioned canonical embeddings that progressively fuse multi-view geom-
etry features into a structured latent grid via attention, enabling projection-
free 2D-to-3D lifting.

– We propose a validity-aware SDF supervision scheme, to handle non-watertight
meshes and unobserved regions gracefully, enabling scalable training on large-
scale real-world datasets.

– Our results indicate a geometric shape prior encoded within the 3D feature
space, enabling complete and robust reconstructions in challenging scenarios.

The project page and source code are located at: lorafib.github.io/fus3d/.

2 Related Work

Classical and Online Reconstruction. Classical pipelines using Structure-from-
Motion (SfM) and Multi View Stereo (MVS) remain strong baselines for re-
construction under sufficient overlap and texture [38–40], while SLAM systems
coupled with TSDF fusion enable real-time incremental reconstruction in RGB-
D settings [26,29,32,37]. Both approaches, however, handle camera calibration,
depth estimation and geometry fusion as distinct tasks.

Analysis-by-Synthesis Neural rendering methods formulate 3D reconstruction
through view synthesis based on various scene representations, with NeRF [28]
and Gaussian splatting [17] as canonical examples. Learning-based implicit shape
representations such as SDFs and occupancy functions have become popular
choices for geometry modeling [27, 34]. NeuS and its follow-ups achieve high-
fidelity surface reconstruction by coupling SDF representations with differen-
tiable rendering [21,45,50].

Feed-Forward Geometry from Unposed Images. DUSt3R jointly recovers dense
geometry and camera parameters from unconstrained image collections via point-
map regression [47], substantially reducing the separation between matching,
pose estimation, and dense reconstruction. VGGT, π3, and MapAnything extend
this trend to broader geometric outputs, in the form of depth, point maps, cam-
eras, and tracks, with strong generalization across variable numbers of views [16,
44, 49]. While VGGT achieves impressive geometric generalization, its outputs
remain per-view predictions that must be consolidated via TSDF fusion to yield
a surface, discarding the joint multi-view prior in the process; this predict-then-
fuse pipeline serves as a direct baseline for our approach.

lorafib.github.io/fus3d/
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A parallel line of work augments feed-forward prediction with persistent spa-
tial memory: Spann3R maintains a global-frame memory for consistent point
map prediction [42], while CUT3R develops a stateful formulation for improved
temporal consistency [46]. Despite impressive progress, all of these methods pro-
duce per-pixel or per-patch 2.5D outputs and require post-hoc fusion to assemble
coherent 3D geometry. Their proposed spatial memories support only ray-map or
pixel-aligned readouts [46], not direct 3D positional queries. Our work departs
from this paradigm entirely, performing 3D extraction directly in the trans-
former’s latent space without any per-view prediction or post-hoc fusion.

Generalizable Reconstruction via Differentiable Rendering. Generalizable novel
view synthesis (NVS) methods reconstruct radiance fields or Gaussian primitives
from sparse views, under known [3,4,58] or unposed [14,53] cameras. Generaliz-
able reconstruction methods such as LRM [10] and its follow-ups [9, 61] regress
structured 3D representations from sparse images via large transformers, with
MeshLRM [51] extending this to end-to-end mesh reconstruction through dif-
ferentiable mesh rendering. M-LRM [20] proposes 3D aware positional encoding
for latent features projected into voxel grids, and GeoLRM [59] fuse voxel-based
sparse latent features to decode Gaussians, showcase the promising direction of
3D aware reconstruction in posed scenarios.

Post-hoc consolidation methods address view-aligned primitive redundancy
via fusion [14], pruning [57], or projecting latents via depth maps into grids [48],
but remain bound to the predict-then-fuse composition. We instead aggregate
multi-view features directly into a 3D latent volume, avoiding view-aligned inter-
mediate predictions entirely. Generalizable SDF regression approaches, such as
SparseNeuS [24], VolRecon [36], and UFORecon [31] use learned correspondence
finding based on cost volumes or frustum features and neural SDF decoding.
Hence, VolRecon and UFORecon represent the closest prior work to ours in
terms of output representation and serve as our primary geometry quality base-
lines; however, both require known camera parameters at test time in contrast
to our fully feed-forward, pose-free formulation.

3D Generative Methods. Autoencoder-based pipelines compress explicit 3D rep-
resentations into volumetric latent codes that support generation, interpolation,
and image-conditioned reconstruction [2, 5, 8, 30, 52]. These structured latent
spaces have proven especially expressive for high-fidelity geometry generation
and are increasingly paired with diffusion models for diverse shape synthesis [52].
Our extraction transformer shares this volumetric latent structure but departs
fundamentally in how it is trained: autoencoder pipelines require 3D-to-3D train-
ing in order to learn a meaningful latent representation, thus relying on high
quality 3D data not only as supervision signal but also as input to the encoder
which is often omitted for the actual generation task [52]. While direct 3D super-
vision is replaceable using differential rendering, the reliance on 3D data as input
during training creates a bottleneck for dataset generation [13]. By leveraging
a pretrained backbone with 2D-to-3D training, we shift the burden of represen-
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Fig. 2: Juxtaposition of geometric extraction metholodogies. Common pipelines like
VGGT [44] (top) route transformer features through per-view 2D decoder heads, dis-
carding the joint multi-view representation before 3D assembly. We instead extract
dense 3D features directly from the transformer’s intermediate feature space, preserv-
ing the full multi-view information.

tation learning to scalable 2D models, using limited 3D data only to lift their
powerful priors into a consolidated 3D space.

3 Method

Contemporary geometry transformers G [44, 47] encode a set of context im-
ages {Ii}Ni=1 into per-patch features, processed by interleaved frame-local self-
attention and frame-global cross-attention blocks before being routed to special-
ized 2D decoder heads Hdepth,Hpts,Hcam that produce per-image depth maps,
point maps, and camera parameters in one-to-one correspondence with input
patches. A coherent 3D scene is then recovered via post-hoc fusion, lifting per-
view predictions into a shared coordinate frame via point cloud followed by a
surface reconstruction step. This is entirely decoupled from the transformer’s
internal representations and misses the opportunity to leverage the rich priors
encoded in the model. In this design, the expressive joint multi-view feature
space assembled by G is discarded before the 3D representation is constructed.

In contrast, we replace the per-view decoder heads with a learned 3D extrac-
tion module E that operates directly on the transformer’s intermediate feature
space. Rather than projecting back to individual image planes, E aggregates
multi-view geometry features into a dense volumetric feature grid via attention,
without explicit camera projection or per-view fusion, allowing the full joint
multi-view prior to inform every spatial location simultaneously. A juxtaposi-
tion of these two paradigms can be seen in Fig. 2.

3.1 Learned Volumetric Extraction from Multi-View Features

To directly regress a 3D representation from a set of input images {Ii}Ni=1, we
propose a three-stage pipeline: a pretrained geometry transformer backbone G
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Fig. 3: Architecture of Fus3D: The geometry transformer G (beige) processes tokenized
input images, yielding a list of 2D intermediate features {zb2D}Bb=1 extracted from differ-
ent stages. The extraction transformer E (orange) leverages 2D-to-3D cross attention
(green) to absorb the 3D information into features of the learned canonical embed-
ding z3D, and distributes this information via 3D self-attention (blue) throughout the
volumetric latent. The head H3D decodes the resulting structured latent ẑ3D into a
dense SDF grid.

that provides powerful multi-view geometry features; a 3D extraction trans-
former E that fuses the intermediate features of G into a dense volumetric latent
grid; and a 3D decoder head H3D that maps these latent features to a dense grid
of SDF values f̂XΩ

in a grid XΩ over a volume domain Ω. An overview of the
architecture is given in Fig. 3.

Backbone. Our design requires that all input views are processed within a uni-
fied feature space, such that intermediate representations are directly comparable
across frames. This property holds for geometry transformers like VGGT [44],
DA3 [23], and π3 [49], which process all views jointly in a shared token sequence,
but not for pair-wise methods such as MASt3R [19] or DUSt3R [47], which han-
dle image pairs independently and aggregate predictions post-hoc. We therefore
adopt the transformer architecture of VGGT as the geometry backbone G. As
a direct consequence, no explicit conditioning on precomputed camera calibra-
tion is required. We retain VGGT’s coordinate convention, placing the scene’s
coordinate frame at the camera center of the first input view.

Learned Canonical Embedding. The mismatch in dimensionality between per-
image feature representations and the target 3D output is a major difficulty
for 3D feature extraction from 2D latents from G. To address this problem,
we take inspiration from neural memory approaches for continuous reconstruc-
tion [42, 46], in which a scene-agnostic learned embedding, initialized indepen-
dently of any observed image, serves as the initial state of a memory that is
subsequently updated through attention layers [41]. We generalize this idea to
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3D: rather than using a 2D positional encoding, we condition a set of learned
embeddings z3D (we use extents of 163 and dimension d=2048) on their corre-
sponding 3D voxel positions within the volume Ω. These position-conditioned
latent features constitute the initial state of the 3D memory, into which multi-
view geometry information is progressively fused and compressed.

The voxel-grid structure implies that the region of interest must be approxi-
mately known at inference time. While the bounding box of Ω can, in principle,
vary per scene, we adopt a scheme whereby the datasets are considered in a
normalized coordinate space, yielding a fixed bounding box relative to the first
input view, common in the field [7, 31, 36, 54]. (In Sec. 5, we show preliminary
results for queries with varying scale and shift.)

Multi-view Feature Aggregation. Following the design of 2D decoder heads [44],
we adopt a hierarchical design to compute volumetric features from our learned
3D embeddings z3D and the intermediate 2D latent features {zb2D}Bb=1 of the
backbone G. Our 3D extraction transformer E lifts and computes the updated
volumetric 3D features as

ẑ3D = E
(
z3D, {zb2D}Bb=1

)
, (1)

elements of {zb2D}Bb=1 are injected at distinct stages of E , as seen in Fig. 3.
Concretely, the embeddings z3D serve as the initial queries for the first cross-

attention module of E , whose keys and values are drawn from the first intermedi-
ate feature map z12D. The attended volume is then passed through a volumetric
self-attention block, which propagates information across spatial locations in
the volume Ω. Following the interleaved local–global attention design of Wang
et al. [44], these two operations form a single transformer block. The process is
repeated for each intermediate feature map in {zb2D}Bb=1 (B=4) with the updated
3D features ẑ3D carried forward between stages; the full four-stage sequence is
then applied twice, yielding 8 transformer blocks in total.

3.2 Feed-forward SDF Regression

We define the ideal signed distance function f for the shape S ⊂ R3 as

f(x) =

{
−d(x, ∂S), x ∈ S,

d(x, ∂S), x /∈ S,
(2)

where x ∈ S are points inside the shape, x /∈ S are outside and x ∈ ∂S are at
the boundary of S. The unsigned distance is then d(x, ∂S) = mins∈∂S ||x− s||2.

Decoding. The volumetric latent features ẑ3D produced by E are decoded by
f̂XΩ

= H3D(ẑ3D) with a resolution of 643. H3D is a simple convolutional up-
sampling network. f̂XΩ

represents the SDF values f̂(xi,j,k) corresponding to the
voxel center positions xi,j,k at index (i, j, k) of grid XΩ sampling the bounding
volume Ω. The voxel size is denoted as ϵ.
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Supervision. Following prior SDF works [55,56], we supervise the network with a
combination of a direct value loss LSDF, a gradient loss L∇, and add an Eikonal
regularizer Leik. However, in practice, target SDF values may not be well-defined
everywhere within Ω, requiring masking.

Validity Masks. TSDF fusion leaves unobserved regions without valid values, and
large-scale 3D asset datasets (Sec. 4) frequently contain non-watertight meshes,
for which the interior is ambiguous and spurious sign flips arise in case of open
boundaries (see the supplemental material). Rather than relying on mesh pre-
processing [22, 56], we instead model these failure modes in our training loss
through two binary masks defined on XΩ .

The validity mask Mval ⊆ XΩ identifies positions x for which the ground-
truth SDF value is well-defined and reliable; all loss terms are evaluated exclu-
sively on X ⊆ Mval.

The Eikonal mask Meik ⊆ XΩ identifies positions in which the ground-truth
SDF is locally smooth and sign-consistent. It is constructed by evaluating Leik
on the ground-truth field fXΩ

itself. If the Eikonal term is greater than 1 by
a sufficiently large amount, we classify the value and its local neighborhood
as unreliable. Consequently, unreliable regions are excluded from sign-sensitive
supervision. Using these masks, we adapt the regression losses in the following
ways:

LSDF(X) =
1

|X|
∑

xn∈X


∥∥∥f̂(xn)− f(xn)

∥∥∥
1
, xn ∈ Meik,∥∥∥ |f̂(xn)| − |f(xn)|
∥∥∥
1
, xn /∈ Meik,

(3)

L∇(X) =
1

|X|
∑

xn∈X


∥∥∥∇xf̂(xn)−∇xf(xn)

∥∥∥
2
, xn ∈ Meik,

0, xn /∈ Meik.
(4)

Outside Meik, LSDF degrades gracefully to an unsigned distance variant, pre-
serving a meaningful signal without imposing incorrect sign supervision.

Additionally, we keep the camera loss Lcam by Wang et al. [44] to retain the
G’s camera estimation functionality.

Total Loss. We combine the above terms as:

Ltot = λs LSDF(XS) + λG LSDF(XΩ) + λ∇ L∇(XΩ) + λeik Leik(XΩ) + Lcam, (5)

where L(XΩ) refer to losses evaluated on voxel centers of grid XΩ , and addi-
tionally employ LSDF(XS), where XS refers to sample positions close to the the
shape boundary ∂S to put extra emphasis on surface extraction. The gradients
for L∇(XΩ) and Leik(XΩ) are computed by finite differences on the grid.

4 Experimental Setup

Datasets and Sampling
All experiments require scenes annotated with images, camera parameters, and
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a surface mesh. Meshes are converted to SDFs or TSDFs [29] via rendered depth
maps on the fly (see the supplemental material for details). Unlike VGGT [44],
we do not normalize scale relative to the first view’s depth, instead normalizing
to a dataset-global scene range. Both datasets feature restricted camera setups,
simplifying the regression task (see the supplemental material). Mini-batches of
size b are constructed by drawing b scenes, each with 2–8 unique views sam-
pled uniformly without overlap constraints. Images are rescaled to 448 px on
the longer side; augmentation crops the shorter side to 228–448 px and applies
consistent color jitter on each view set.

Objaverse. We use ≈5% of the Objaverse [6] subset used by Xiang et al. [52]:
17K object-centric scenes with 24 views each, and 170 held-out scenes for evalu-
ation. Supervision meshes are carved to retain only triangles potentially visible
from outside the object. We note that this is a comparably small training set,
leaving substantial headroom for improvement at larger scale.

DTU. For forward-facing DTU scenes [12], objects are only partially observed,
so the ground-truth mesh is open and SDF signs (inside/outside) are ill-defined.
Hence, we adapt the calculation of losses in two ways: we compute LSDF(XΩ)
from a depth-fused TSDF. For LSDF(XS), we keep using the GT mesh but resort
to its unsigned variant by setting Meik to the empty set during its computation.
The setup of train and test splits follows VolRecon [36] and UFORecon [31].

Training
Initialization. The backbone G is initialized with the publicly available VGGT
weights [43], which use DINOv2 for patch tokenization [33]. The 3D decoder
head H3D follows the structure generation decoder of Xiang et al. [52] with the
final sigmoid activation removed, initialized from their released weights accord-
ingly. The extraction transformer E and canonical embedding z3D are trained
from scratch.

Backbone finetuning. In these experiments, we specialize our back-end to work
better for object-centric datasets. Inspired by Ren et al. [35], we achieve this
through light-weight LoRA fine-tuning [11] and apply the same fine-tuning strat-
egy consistently across all comparison methods.

Training Curriculum. We employ a two-stage curriculum. In the first stage, the
SDF is predicted at low resolution (163) using a single linear decoder, supervised
with LSDF and Lcam only. In the second stage, H3D is introduced to predict the
full-resolution SDF grid under the complete loss described in Sec. 3.2. For DTU
experiments, we fine-tune the resulting weights on the DTU training set.

Following related work [14], we use Adam with decoupled weight decay reg-
ularization as optimizer [25] and a cosine learning rate scheduler with warm up
for all stages. Training uses up to four NVIDIA A100 80 GB GPUs.
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5 Results

We assess the quality of our method’s predictions in two complementary settings:
With generalizable implicit methods and with pose-free feed-forward fusion base-
lines. We further provide analysis to validate our key design decisions.

Comparison with Feed-Forward SDF Baselines
We compare with VolRecon [36] and UFORecon [31] on the DTU dataset. Given
the domain gap between Objaverse, we finetune on their proposed training
split (see Sec. 4). Note that this fine-tuning reduces the geometric extrapola-
tion, so that it is limited to potentially visible regions for which a supervision
signal is available. Since both methods require known camera parameters, we
supply VGGT-predicted poses and intrinsics in place of ground-truth, placing
all methods in a fully feed-forward, pose-free setting consistent with our own. We
note that this may disadvantage the baselines, which were designed for precise
camera input; for completeness, additional comparisons are shown in the supple-
mental material, supplying VolRecon and UFORecon with COLMAP-estimated
and ground-truth poses, though these settings forfeit the feed-forward assump-
tion and introduce additional computational overhead. Coordinate systems from
different modalities are aligned to the ground-truth frame utilizing standard
alignment procedures [1,18,60]; see the supplemental material for details. In line
with UFORecon [31], we distinguish between sets with substantial view overlap
as favorable configurations, and unfavorable ones, where views are far apart with
limited shared visibility, posing a harder problem.

favorable (23, 24, 33) unfavorable (1, 16, 36)
↓ CD DGT2P DP2GT CD DGT2P DP2GT

VolRecon † 2.905 2.331 3.478 5.781 3.811 7.751
UFORecon † 2.771 2.101 3.440 3.275 2.252 4.298
VolRecon 3.678 3.369 3.987 8.878 5.869 11.887
UFORecon 3.415 2.989 3.841 4.942 3.737 6.146
Fus3D 2.432 1.804 3.059 3.525 2.814 4.236

Table 1: Quantitative results with direct SDF pre-
diction baselines in a feed-forward scenario. For ref-
erence, † indicated non-feed forward (COLMAP)
poses for competing methods.

As shown in Tab. 1 and
Fig. 4 (and in the supple-
mental material), we consis-
tently outperform both Vol-
Recon and UFORecon in the
feed-forward setting with un-
known poses. We improve
Chamfer distance by 29% in
both the favorable and un-
favorable cases. Qualitatively,
our reconstructions are more complete and less noisy throughout; this is most
pronounced in the unfavorable setting. Notably, despite requiring no camera pa-
rameters at inference time, we remain competitive with both baselines even when
supplied with COLMAP-estimated poses. This suggests that the joint multi-view
prior preserved in our volumetric latent space effectively compensates for the ab-
sence of explicit camera conditioning.

Comparison with Unposed Predict-Then-Fuse Baselines
We compare our method with the default 2D extraction paradigm of geometry
transformers on the Objaverse dataset, isolating the effect of direct volumetric
latent extraction versus predict-then-fuse surface reconstruction.
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Fig. 4: Qualitative results on DTU. Beige boxes indicate input views. Numbers in
brackets correspond to image indices of “favorable” (23, 24, 33) and “unfavorable” (1,
16, 36) view combinations. (Following the baselines’ evaluation protocols, only visible
geometry is evaluated.)

For a fair comparison, we fine-tune VGGT on the Objaverse training set
(denoted VGGTft), supervising depth maps and camera parameters following our
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Fig. 5: Comparison vs ground-truth TSDF iso-
surfaces (green) on 170 Objaverse test scenes,
w.r.t number of input views. Left: F-scores with
threshold 0.5ϵ. Right: Chamfer distances.

standard training regime, with
conventional fine-tuning for the
prediction heads and LoRA-based
backbone refinement [35]. We
compare with two post-hoc fu-
sion strategies for VGGTft out-
puts: VGGTft+Poisson, apply-
ing Poisson surface reconstruc-
tion [15] to predicted and fused
point maps, and VGGTft+TSDF,
constructing isosurfaces from pre-
dicted depth maps and cameras
via TSDF fusion [29] followed by
marching cubes [60]. For Fus3D,
surfaces are likewise extracted via marching cubes. To ensure a fair comparison,
all methods are evaluated at matching output resolutions by sampling with the
same voxel size ϵ. Reconstructed surfaces are compared against ground truth via
F-score and Chamfer distance computed on sampled surface points, following
Yariv et al. [56].

Fig. 5 reports these metrics as a function of the number of input views. As
Objaverse is a 360° object-centric dataset, large regions remain unobserved in
sparse-view settings, directly exposing the limitations of predict-then-fuse ap-
proaches: TSDF fusion leaves holes in unobserved regions, and while Poisson
reconstruction can close smaller gaps, its extrapolation is limited and not ro-
bust. We include a TSDF constructed from ground-truth depth and cameras,
TSDF from GT, indicating the upper bound achievable without geometric ex-
trapolation. Visual examples are shown in Fig. 6 and 7. Notably, although both
Fus3D and VGGTft are trained on up to 8 views, Fus3D generalizes well to 24
views at inference time, while the predict-then-fuse baselines suffer from accu-
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mulating inconsistencies at higher view counts, directly validating the scalability
advantage of extracting geometry from the joint latent space rather than fusing
per-view predictions.

Tab. 2 reports full metrics at 8 input views across 170 Objaverse test scenes.
Fϵ F0.5ϵ CD EMD SDF

MAE
Fus3D 0.83 0.51 0.021 0.019 0.004
VGGTft+ TSDF 0.80 0.43 0.022 0.014 0.023
VGGTft+ Poiss. 0.70 0.38 0.044 0.052 –
TSDF VGGT 0.35 0.12 0.080 0.082 0.136
Poiss. VGGT 0.29 0.10 0.121 0.788 –

Table 2: Quantitative comparison on
the 170 test scenes of the Objaverse
dataset for 8 input views. Lower seg-
ment shows non-finetuned baselines.

Fus3D outperforms all baselines on F-
score at both thresholds, Chamfer dis-
tance, and mean absolute error (MAE) on
valid SDF values of XΩ , with a particu-
larly pronounced advantage on SDF MAE
(0.004 vs. 0.023 for VGGTft+TSDF), a
direct consequence of regressing the SDF
explicitly rather than deriving it from
fused depth predictions. VGGTft+TSDF
remains competitive on surface-level met-
rics but degrades on stricter thresholds (F0.5ϵ: 0.43 vs. 0.51), reflecting residual
noise and incompleteness from per-view fusion. VGGTft+Poisson lags on all
metrics, confirming the limited extrapolation capacity of Poisson reconstruction
in sparse-view settings. For completeness, we report metrics for non-finetuned
baselines in the lower segment which show substantially lower performance com-
pared to the task-adapted baselines. The only metric where Fus3D does not lead
is EMD, where VGGTft+TSDF scores marginally better (0.014 vs. 0.019).

SDF from Mesh Fus3D VGGTft+Poisson VGGTft+TSDF Fus3D VGGTft+Poisson VGGTft+TSDF SDF from Mesh

Fig. 6: Visual examples from two input views depicted in the beige boxes.

Fus3D VGGTft+PoissonVGGTft+TSDF SDF from Mesh

2 8 24 2 8 24 2 8 24

Fig. 7: Visual examples with varying number of input views. Two exemplary views
shown on the left.

Ablations and Analysis
Eikonal Validity. Fig. 8 (left) visualizes the Eikonal term on a slice of the pre-
dicted SDF f̂XΩ

and of the TSDF obtained from VGGTft outputs. TSDFs store
fused projective rather than Euclidean distances, causing systematic distance
overestimation and Eikonal violations within the truncation band. These arti-
facts manifest as distorted isosurfaces when extracting at offsets ̸= 0. Outside
the truncation band, the Eikonal condition is recovered by construction through
Euclidian redistancing in observed free space [29]. Fus3D, by contrast, predicts
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well-behaved SDF values throughout the volume, particularly near and outside
the surface. This is reflected quantitatively in Fig. 8 (right): at an isovalue offset
of 0.5ϵ, Fus3D achieves an even higher F-score than the TSDF constructed from
ground-truth synthetic data, demonstrating that the quality of the predicted
distance field, not just surface placement, is a meaningful advantage of direct
SDF regression.

VGGTft+TSDF Fus3D

0 10 20
context views

0.3

0.4

0.5

0.6

0.7

Fus3D
VGGTft+TSDF
TSDF from GT

Fig. 8: Left: Visualization of the eikonal term for the center slice of the x-axis. Right:
Plot of the F0.5ϵ-score for surfaces extracted at isovalue +0.5ϵ.

PCA Analysis of ẑ3D. To probe the structure of the learned volumetric latent
space, we do Principal Component Analysis (PCA) on ẑ3D across objects from
the same category. Fig. 9 shows that the dominant components vary smoothly in
space and correlate with the SDF zero-crossing, adapting consistently to changes
in object shape and pose, suggesting that the latent volume encodes geometri-
cally meaningful structure rather than unstructured per-voxel features. Fig. 10
further shows that features near the surface tend to align with shared geomet-
ric parts across instances of the same category, hinting that the latent space
captures some degree of category-level surface structure beyond object-specific
occupancy. We note that due to the relatively low resolution of the volumetric
grid, these patterns appear at a coarse spatial scale and finer correspondences are
not resolved. Nevertheless, the consistent PCA colorings across shapes suggest
that the latent volume implicitly organizes geometry in a structured way, which
may be beneficial for downstream tasks such as shape recognition or generation.

Fig. 9: Visualization of the PCA of ẑ3D of 3 different avatar-like assets. Images show
the central slices, with the first three components used as RGB channels. The contours
indicate the zero-crossing of the SDF min-projection along the visualized axis.
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Fig. 10: PCA Visualization of occupied voxels of ẑ3D on four car-like assets. First three
components are used as RGB channels and visualized as surface colors.

0 10 20
context views

0.5

1.0

1.5

2.0

2.5

3.0

3.5 Fus3D
VGGT
VGGT+Poisson
VGGT+TSDF

Fig. 11: Inference times
in seconds w.r.t the num-
ber of input views.

Inference Evaluation. Fig. 11 reports inference times
as a function of the number of input views. For VGGT-
based baselines, only the relevant heads are evaluated,
e.g. Hdepth and Hcam for TSDF, omitting Hpts. Both
post-hoc fusion approaches add substantial overhead
to the total reconstruction time, growing with view
count. Fus3D introduces a higher constant cost rel-
ative to the backbone alone, visible as a larger gap
in sparse-view settings; however, this gap narrows as
view count increases, since Fus3D omits VGGT’s 2D
heads Hdepth and Hpts entirely, leaving the runtime
dominated by the shared per-view feature extraction
common to all methods. At higher view counts, Fus3D
therefore scales more favourably than the predict-then-fuse baselines.

Variable Ω Default Ω

F0.5ϵ CD F0.5ϵ CD
Fus3D+ 0.281 0.018 0.467 0.021
Fus3D+ wo. Q 0.274 0.021 0.466 0.022

3D Querying. Our model predicts SDF val-
ues for the query volume Ω by conditioning
the initial learned embedding z3D with its 3D
voxel positions in Ω. In the table on the right, we report metrics (bold is better)
for a briefly finetuned variant that handles varying query domains (Fus3D+),
thus allowing for a control mechanism to select the region of interest (see Fig. 12
for a visualization). Fus3D+ wo. Q ablates the use of a learned embedding, re-
placing the initial query entirely by the linearly projected 3D voxel positions.
Default Ω evaluates the default region of interest. For Variable Ω, a volumetric
query with random center and extent was evaluated for every scene. Notably,
the difference between Fus3D+ and Fus3D+ wo. Q is especially pronounced in
case of Variable Ω.

6 Conclusion

Discussion & Future Work. While our reconstructions are dense, complete, and
plausible even in unobserved regions, fine-scale details can be missing and sur-
faces may appear over-smoothed. One contributing factor is the relatively low
resolution of our grid. We deliberately use a simple dense decoder to focus on the
3D feature extraction. Its dense output also represents free space which may be
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SDF from GT full SDF from GT (in Ω) Fus3D+ (in Ω)

Fig. 12: Varying the query domain Ω, potentially leading to zoomed or cropped results.
Left: extracted isosurfaces. Right: slices of the SDF volumes.

valuable for tasks such as trajectory planning or robotic manipulation. For high-
fidelity surface extraction, however, sparse representations or multi-scale upsam-
pling are promising directions to improve resolution without prohibitive memory
costs. In Sec. 5, we show that Fus3D can be extended to handle shifted and
rescaled query domains, which suggests that iterative extraction is a plausible
extension. Another promising direction is to more tightly integrate our extractor
with the backbone, instead of treating it as a “read-only” feature provider. This is
conceptually related to spatial-memory approaches, where the model maintains
and updates a consistent state as additional views are processed.

Summary. We present Fus3D, a feed-forward pipeline for dense surface recon-
struction that directly regresses a fused signed distance functions from the inter-
mediate feature space of a pretrained multi-view geometry transformer. To en-
able training on large-scale real-world data, we introduced a validity-aware SDF
supervision scheme that handles non-watertight meshes and unobserved regions
without expensive or appearance altering preprocessing. By replacing per-view
decoder heads with a learned volumetric extraction module, we preserve the joint
multi-view prior assembled by the backbone. By doing so, we address two funda-
mental failure modes of predict-then-fuse pipelines: sparse-view incompleteness
and accumulation of inaccuracies under many views. Experiments demonstrate
consistent improvements in surface completeness, SDF quality, and scaling be-
havior over both generalizable SDF baselines and feed-forward fusion pipelines.
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