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Abstract

Visual Geometry Grounded Transformer (VGGT) jointly predicts cameras, point maps, depth maps, and tracks from multiple im-
ages in a feed-forward manner. It provides multi-view geometry latent features and structured geometric outputs (i.e., cameras,
point maps, depth maps, and tracks). Denoted by Zgeo and Rgeo, these two components together form the geometric state ex-
amined in this survey. From this geometric-state perspective, we organize the literature into two directions: state-strengthening
methods improve how this state is formed from diverse inputs, computed efficiently, made robust, retained over streams, or ex-
tended to dynamic scenes, whereas state-reuse methods use geometric state for novel-view synthesis, simultaneous localization
and mapping (SLAM), semantic 3D scene understanding, geometry-aware world models, and embodied action and planning.
Beyond the method taxonomy, we organize the datasets, metrics, and evaluation targets used to assess geometric-state strength-
ening and downstream reuse. Finally, we point out open challenges for future research. Our open-source resources are available
at https://richardchen225.github.io/vggt_survey/.
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1. Introduction

3D reconstruction is a long-standing problem in computer vi-
sion that provides the geometric foundation for downstream tasks
such as novel-view synthesis [JMX*25, ACGF*26], localization
and mapping [MLC25, MC26], semantic 3D scene understand-
ing [QLZ26b,YWL™26], geometry-aware world models [SWZ*26,
QCL*25], and embodied action and planning [YLL*26b,
AMS*25]. Over the past several years, 3D reconstruction has
progressed from scene-specific optimization with neural repre-
sentations such as NeRF [MST*20] and 3D Gaussian Splat-
ting [KKLD23] toward feed-forward reconstruction represented by
DUSt3R-style [WLC*24] and VGGT-style [WCK*25] models.

Feed-forward reconstruction amortizes the reconstruction pro-
cess across scenes, allowing a model to predict camera or scene

* Corresponding author: Heng Guo (guoheng@bupt .edu.cn).

geometry directly from sparse, unposed, or partially constrained
observations rather than fitting a separate scene-specific model.
A recent influential line of feed-forward reconstruction is repre-
sented by point-map-based models in the DUSt3R family, includ-
ing DUStG3R [WLC*24], MASt3R [LCR24], Fast3R [YSL*25],
MUSt3R [CSA*25], and CUT3R [WZH*25], which made pixel-
aligned 3D structure a practical interface between images and scene
geometry. DUSt3R [WLC*24] uses an image pair as its basic in-
ference unit, so a larger image collection must still be assembled
through global alignment. Building on the direct image-to-point-
map formulation of DUSt3R [WLC*24], the field has progressed
to VGGT-style [WCK*25] models that jointly infer structured ge-
ometric outputs and learn reusable multi-view geometry latent fea-
tures.

Although existing surveys have reviewed neural scene repre-
sentations [XCC*25], 3D Gaussian Splatting [CW26], and feed-
forward 3D reconstruction from DUSt3R to VGGT [ZLC*26a,
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Figure 1: Overview of the survey organization. Feed-forward reconstruction produces a geometric state containing multi-view geometry
latent features Zgeo and structured geometric outputs Rgeo. State-strengthening methods improve how this state is formed, computed, made
robust, retained over streams, or extended to dynamic scenes. Downstream methods reuse geometric state for novel-view synthesis, SLAM,
semantic 3D scene understanding, geometry-aware world models, and embodied action and planning. Datasets and evaluation targets
assess the reviewed methods, and the open challenges concern reliable and persistent state, adaptive representations, and dataset design for
benchmarking geometric state. Numbers in parentheses indicate the number of reviewed works in each category or subcategory.

ZWL*25], the rapidly expanding VGGT [WCK*25] linecage—
including numerous architectural extensions and downstream
adaptations—has received limited systematic analysis. A dedicated
survey is therefore needed to clarify how these works relate to one
another, assess the current state of the field, and identify a roadmap
for future research.

To organize this fragmented literature, we review VGGT-
style [WCK*25] models through their geometric state, compris-
ing multi-view geometry latent features Zgeo and structured geo-
metric outputs Rgeo. We divide existing studies into two branches:
state strengthening and state reuse. As illustrated in Fig. 1, state
strengthening improves how the geometric state is constructed and
maintained, whereas state reuse adapts or consumes the state for
downstream applications.

State strengthening. The first branch improves how the geo-
metric state is formed from diverse inputs, computed efficiently,
made robust, retained across long sequences, or extended to dy-
namic scenes. Accordingly, Section 3 organizes these studies into
diverse-input, efficient, robust, streaming and long-sequence, and
dynamic 3D reconstruction.

State reuse. The second branch uses the structured geomet-
ric outputs, multi-view geometry latent features, or both compo-

nents of the geometric state to support downstream applications
beyond feed-forward reconstruction. Section 4 examines how 5
downstream application groups—novel-view synthesis, SLAM, se-
mantic 3D scene understanding, geometry-aware world models,
and embodied action and planning—use these components. Appli-
cation models may use the state produced by VGGT [WCK*25] or
by a strengthened variant, depending on the information required
by the target application.

Datasets and benchmarks. To support meaningful comparison
across both branches, Section 5 organizes the datasets, metrics, and
evaluation targets used to assess geometric-state strengthening and
downstream reuse. This analysis reveals substantial differences in
evaluation coverage: static reconstruction and rendering have rela-
tively mature resources, whereas long-stream, dynamic, semantic,
embodied, and world-model settings depend more heavily on spe-
cialized datasets.

Open challenges. Based on the reviewed methods and evalua-
tion evidence, Section 6 identifies 3 unresolved problems: building
reliable and persistent geometric state, designing adaptive geomet-
ric representations for diverse applications, and designing datasets
and benchmarks that determine whether application gains result
from changes in or reuse of geometric state. Together, these chal-
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lenges follow the survey’s progression from strengthening the ge-
ometric state, to reusing it in downstream applications, and finally
to evaluating what the state contributes.

Contribution. To summarize, this survey provides the first sys-
tematic review centered on the VGGT [WCK*25] lineage, intro-
duces a geometric-state perspective that unifies state strengthen-
ing and downstream reuse, consolidates the associated datasets
and evaluation targets, and identifies key directions for future re-
search. Our goal is to help researchers understand the rapidly evolv-
ing VGGT [WCK*25] landscape, relate existing methods within a
common framework, and identify promising opportunities for fur-
ther development in this growing field.

2. Feed-Forward 3D Reconstruction: Foundations and VGGT
Model

This section first reviews the evolution from scene-specific op-
timization to feed-forward 3D reconstruction. It then introduces
VGGT [WCK*25] and defines its geometric state. Finally, we dis-
cuss the model limitations that motivate Sections 3 and 4.

2.1. Evolution toward Feed-Forward 3D Reconstruction

Classical 3D reconstruction solves each scene through an optimiza-
tion process. Structure-from-Motion (SfM) [SF16] estimates cam-
era poses and sparse structure from image correspondences, af-
ter which Multi-View Stereo (MVS) [SZPF16] densifies the re-
covered geometry. NeRF [MST*20] and 3D Gaussian Splatting
(3DGS) [KKLD23] replace conventional geometric representations
with neural radiance fields or optimizable Gaussian primitives, but
their original formulations still fit scene-specific parameters from
posed observations. Although these approaches differ in represen-
tation and rendering, geometry becomes available only after opti-
mization has been performed for the target scene.

Feed-forward reconstruction moves reconstruction from per-
scene optimization to amortized inference. After learning across
many scenes, a model can predict camera or scene geometry di-
rectly from sparse, unposed, or partially constrained observations.
The amortized formulation makes geometric structure an imme-
diate network output rather than only the endpoint of a per-scene
solver.

DUSE3R [WLC*24] instantiated the feed-forward paradigm
through point maps, assigning each image pixel a 3D coordinate
in a common coordinate frame within an image pair. Its basic in-
ference unit is an image pair: the network predicts pixel-aligned
point maps for both views, while reconstruction over a larger im-
age collection requires predictions from multiple pairs to be assem-
bled through a subsequent global alignment stage. Camera param-
eters can be recovered from the aligned geometry, but they are not
jointly decoded with a complete multi-view scene representation in
the same forward pass.

Point maps therefore establish a direct image-to-3D mapping,
but DUSt3R [WLC*24] still forms a coherent multi-view recon-
struction by aligning pairwise predictions. This limitation moti-
vates VGGT [WCK*25], which learns a set-level multi-view rep-
resentation from which cameras, point maps, depth, and tracks can

be decoded together. Its formulation and architecture are introduced
next.

2.2. Introduction to VGGT

Given a set of input images, VGGT [WCK™25] aggregates multi-
view evidence into a shared latent representation and predicts cam-
era parameters, dense point maps, depth maps, and 3D point tracks
in a single forward pass. This brings camera estimation, depth
prediction, point-map reconstruction, and tracking into a single
learned inference stage. Unlike pairwise point-map methods, it pro-
cesses the image set jointly and exposes the resulting scene geom-
etry through task-specific prediction heads.

VGGT [WCK*25] uses a multi-view transformer to aggre-
gate information across the image set. Alternating frame-wise and
global attention allows within-view structure and cross-view evi-
dence to interact before camera, point-map, depth, and track heads
make their predictions. Fig. 2 summarizes this architecture, from
image tokenization and multi-view fusion to the 4 structured out-
puts.

More concretely, DINOv2 [ODM*24] patchifies each image into
image tokens, to which VGGT [WCK*25] appends a camera token
and register tokens for that view. The first view receives distinct
learned tokens so that it can serve as the reference frame. For an
image set iy = {I;}¥_,, the backbone can be summarized as

Xi<0) = [Epwo (L), 2™, Z:°8),

(t+1) _ 40

X = ‘Ar((’,)

Here /; is the ith input image, N is the number of views, and Epno
is the DINOv2 [ODM™24] image encoder that maps I; to patch
tokens. The learned token zi®™ carries view-level camera infor-
mation, while Z{eg denotes the bank of register tokens appended

©

o M
(X)), 1(¢) € {frame, global}.

to view i; X, is their concatenation with the patch tokens, and
x = {Xl.w) Y| collects the tokens at transformer stage ¢. The
(0)

operator .AT( 0 is the /th attention block, and t(¢) specifies whether
that block applies frame-wise or global attention. Frame-wise atten-
tion processes each Xl-(a separately, whereas global attention pro-
cesses the tokens concatenated across views. The intermediate im-

age tokens across these stages form the hierarchy later denoted by
de().

The prediction heads read different parts of this shared hierar-
chy. We denote the camera-head output for view i by g; = [g;,;, fi]
where ¢g; € R* is a rotation quaternion, t; € R3 is translation, and
fi = (f*, ) contains the horizontal and vertical fields of view;
the first camera defines the reference coordinate frame. A Dense
Prediction Transformer (DPT) decoder [WCK*25] combines im-
age tokens from multiple backbone stages to produce dense depth
maps, point maps, tracking features, and confidence estimates for
depth and points. The tracking module then consumes the dense
tracking features together with a set of query points Q and predicts
their cross-view locations and visibility. Thus tracks are query-
conditioned outputs, whereas cameras, depth, and point maps are
decoded directly for every input view.

The outputs are separate but architecturally coupled through end-
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Figure 2: VGGT [WCK*25] architecture. Input images are converted into tokens and augmented with camera and register tokens. Alternating
Sframe-wise and global attention produces the multi-view geometry latent features Zgeo. Prediction heads decode cameras, depth maps, point

maps, and tracks as the structured geometric outputs Rgeo.

to-end multi-task training, which can be schematically summarized
as

L= ﬁcamera + Ldepth + £pmap + 7\¢rack£track~ (2)

Camera parameters are supervised with a robust regression loss;
depth and point maps use confidence-weighted value and gradient
terms; and the tracking objective includes correspondence and vis-
ibility supervision. The prediction heads share multi-view features
through the backbone, but joint training does not by itself enforce
exact geometric agreement among their predictions.

Taken together, the architecture exposes two related forms of
geometric information. Before decoding, the intermediate trans-
former stages retain multi-view geometry latent features shaped by
the joint camera, point-map, depth, and tracking objectives. Af-
ter decoding, the prediction heads provide structured geometric
outputs, including cameras, point maps, depth maps, and query-
conditioned tracks, that can be inspected or used by another appli-
cation model. This distinction is central to the later literature: meth-
ods may modify the internal representation, operate on the decoded
geometry, or combine both components in a downstream applica-
tion. The next subsection formalizes these two parts as the geomet-
ric state used throughout the survey.

2.3. Introduction to Geometric State

To compare methods that access different parts of
VGGT [WCK*25], we formalize the geometric state as an
analytical abstraction for this survey. This abstraction separates the
internal multi-view representation from the structured quantities
decoded from that representation:

SVGGT = (Zg807Rgeo)7 (3)

Equation (3) defines one geometric state with two components:
Zgeo denotes multi-view geometry latent features, and Rgeo con-
tains structured geometric outputs. For VGGT [WCK*25], Svgar
denotes the base geometric state. Later methods may strengthen
how these components are formed, retained, or decoded.

The multi-view geometry latent features are collected from se-
lected stages of the backbone:

Z@m)::{zgh}éeﬁ, )

where £ denotes whichever backbone stages a particular method
exposes or selects. Thus deo denotes the selected feature lev-
els rather than a fixed tensor shared by every method. These fea-
tures are learned through multi-view aggregation and joint camera,
point-map, depth, and track supervision; correspondence-like and
epipolar structure observed in the attention layers provides addi-



Q2

Ql

2026

Q4

Q3

Q2

2025

2026

Ql

Q

R. Chen et al. / VGGT for 3D Reconstruction and Beyond

# | Water-VGGT

% VGTW __ H

A

m| RayTun3R

A

SAF3R =
B[ RegimeVGGT }

S5of27

A

( wagr _J= 7

Good Token | 4{  QVGGT | { DarkVGGT &
<] aaties {— rc0 o Anchor3R A
:
S_veere i TumevGGT s B otamba- VGGT Y e voeT )@ H{aveerD @
® Lite3R R PaceVGGT )@
T O simancarievoeTh @ [Robust D VGGTH L Saive )
O Fhgar  HL SterevGGT O H ness )@ 5[ FramevGGT L STAC__ O @ bmmiveei |
== VGGT-360 HD-VGGT Ik & veer {— oveer )@ @[ DynamicVGer ]
@[ EventvGGT PanoVGGT |10, . {_ LongStream | @
. { VeraQ3p_ i
& CnteveeT M Ssmemvoer] @ Vo)
Attention - LASER
“ comapse {_LiteVGGT _]& [ RobustVGGT H N swivGGT )@ ®(_VGGTD K dpveer @
v [ LiDAR-VGGT OmniVGET_JU @[ AVGGT (™ FashVGGT i
{ WorlaMirror | 3. A Ccome B Y[ _rpacEap K
O MapAnything_ H S QuantVGGT H { Biocksparse )~ 8 EvieeR |
5[ FastvGGT
@[FustveeT | [ StreamVGGT |4 VGGT-Long @
Diverse-Input Efficient Robust Streaming & Long-Sequence Dynamic
3D Reconstruction 3D Reconstruction 3D Reconstruction 3D Reconstruction 3D Reconstruction
11 works 22 works 5 works 17 works 8 works
Strengthen geometric state
A4
Combined strengthening VGGT Geometric state Combined applications
® Efficient + streaming + dynamic ® SLAM + semantics +
Z,, R embodied action

Potential directions

Multi-view geometry

latent features

® Uncertainty-calibrated geometry
® Continual adaptation

Intermediate-layer features,
frame- and global-

-attention features

Structured geometric | Pty
outputs Potential directions
® Geometry-guided 3D editing
® Physical simulation

Cameras, point maps,
depth maps, and tracks

Nometric state
A4

Novel View SLAM Semantic 3D Geometry-Aware Embodied Action
Synthesis h Scene Understanding World Models and Planning
15 works 20 works 19 works 10 works 15 works
: VGGT-SLAM [ Geometric
© Distillation
Dense Semantic |- #2¢( GeoAware-VLA 1] (Efficient Geometry o
VGGTX A& Matching _|© [ _veGror 1 Encoders
& GopH RS ) s | S
Gesplat ® EC3R-SLAM & BT [ WristWorld vooP
(__EAGLE __® gl
2 (VGGT-Mapping 1 [ SpaceMind b anavGGT @ v o | ML T |
B[ Gasplar K @[ Reloc.VGGT N UniPR3D )@ CETCAM _)® =
LD G
Cornvoer i Kaimevo ) © — Syneivin )6
@ %[ VGGT-Motion H{{VGGT-SLAM 2.0 SeeneVGGT ] § { CincSeene |8 2 ABotM0__H{ Augviasp )@
@[ SSRGS Gs @[ veeTMPR H{ VGGTGe J@® ®[_GPOx ™ GGipe g @ vGGbrive H{  ocra )@
2 veGs gl Recondrive )8 g5 wulitoe gl AIMSLAM )= @[ seVGGT K 8L VCETWorld 3™ Vopramer )8 @(__mDP__ Hspwn )@
g‘”
VGGT-Segmentor |
Localization | M {(VGGTSLAM |©) 8
[ AsyneEvGs _HU spiatweaver )@ R Geolink o™ catmJ® LG
y SplatWeaver _J 4 = 3pvim VGGTCD_ )4 @[ Gemap M al Controlled
3[orGs ] h| EATTT B P VGGT0ce  H{ T DGO { CamGeoJ@ “-A--Iysis
GS ([ ca K
4 Panolmager 1 =[__DR-MV3D
{ RICLc O [ Muviseg ]

v \4

¥'| OV3DSeg-VGGT [

@[ MECo-wAM K Test-Time
Geometric Sealin;

v

Figure 3: Development of the VGGT [WCK*25] lineage around geometric state. The center contains multi-view geometry latent features Zgeo
and structured geometric outputs Reeo. The 5 upper branches organize geometric-state strengthening methods, and the 5 lower branches
organize downstream applications. Methods follow chronological order outward from the center, with years and quarters marked on the left.
The side panels illustrate combinations of strengthening directions and applications, together with potential directions.

tional evidence that these features encode more than appearance
alone [BMBR25].

For N views and a set of track queries Q, Rgeo collects the struc-

tured geometric outputs used by the later taxonomy:
Reeo(Q) = {Gi. P DL TH(Q) Y, )

C; denotes the camera pose together with intrinsics derived from
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the predicted fields of view; P; is the image-aligned point map
expressed in the first-camera reference frame; D; is depth along
the rays of view i under the model’s shared normalized scale; and
T;(Q) contains tracks conditioned on queries rather than an uncon-
ditional scene tensor. Visibility and the confidence maps associated
with depth and points are auxiliary outputs and are left outside the
compact state notation. Normals, Gaussian parameters, semantics,
or other variant-specific predictions are treated as derived outputs
rather than part of the base geometric state.

The two components support different uses of the geometric
state. Zgeo carries cross-view information before it is committed to
a particular decoded output, whereas Rgeo €Xposes cameras, points,
depth, and tracks in an explicit coordinate frame. When states are
produced from separate windows, their structured geometric out-
puts may additionally require pose, scale, and orientation align-
ment; whether the state is frozen, fine-tuned, adapted, distilled,
or jointly trained describes how it is transferred rather than which
component is used.

Fig. 3 summarizes the development of the VGGT [WCK*25]
lineage around geometric state. The upper branches organize the 5
strengthening groups in Section 3, and the lower branches organize
the 5 application groups in Section 4. Within each branch, methods
are arranged by when they appeared.

2.4. Limitations of VGGT

The limitations of VGGT [WCK*25] fall into two groups. The
first concerns the conditions under which its geometric state can be
formed and retained for reconstruction, motivating the strengthen-
ing directions in Section 3. The second concerns how that state can
support objectives beyond reconstruction, motivating the down-
stream reuse studied in Section 4.

On the reconstruction side, the lack of a general mechanism for
handling optional geometry, additional sensors, and non-standard
imaging motivates diverse-input 3D reconstruction; growing per-
forward-pass cost motivates efficient 3D reconstruction; failures
under degraded or ambiguous visual observations motivate ro-
bust 3D reconstruction; finite context and inconsistent predictions
across windows motivate streaming and long-sequence 3D recon-
struction; and the static-scene formulation motivates dynamic 3D
reconstruction. Each direction strengthens how Zgeo is formed or
retained, how it produces Rgeo, or how both components evolve
over time.

On the downstream side, even accurate reconstruction leaves a
reconstruction-oriented representation rather than a complete solu-
tion for later applications. The structured geometric outputs do not
directly provide appearance, persistent mapping, semantic identity,
future transitions, or action grounding, while the multi-view ge-
ometry latent features must still be selected and adapted for these
objectives. Section 4 therefore examines how application models
support NVS, SLAM, semantic 3D scene understanding, geometry-
aware world models, and embodied action and planning. Across
these applications, the central issue shifts from improving state for-
mation to selecting, adapting, or combining Zgeo and Rgeo accord-
ing to the target capability.

3. Strengthening Geometric State for 3D Reconstruction

Reconstruction methods strengthen one or both components of
VGGT’s [WCK*25] geometric state. They improve how Zgeo is
formed and retained, how reliably it produces Rgeo, or how both
components extend over time. We organize these advances into
diverse-input, efficient, robust, streaming and long-sequence, and
dynamic 3D reconstruction. Table 1 maps these categories to the
affected state components, mechanisms, and outcomes.

3.1. Diverse-Input 3D Reconstruction

VGGT [WCK*25] is designed primarily for pinhole RGB images
and does not directly accommodate known geometry, additional
sensors, or non-standard imaging systems. We therefore organize
diverse-input reconstruction into 3 directions: optional camera and
depth as input incorporates cameras, depth, or partial geometry;
geometry-aware sensor fusion combines visual features with stereo
or LiDAR measurements; and diverse imaging systems adapt re-
construction to high-resolution, fisheye, panoramic, or event inputs.

Optional camera and depth as input. Methods in this group
differ in how optional camera, depth, or partial-geometry inputs
are represented before multi-view fusion. OmniVGGT [PLD*26]
injects encoded camera parameters and depth tokens, with
stochastic training supporting different input combinations. Map-
Anything [KMS*26] factorizes calibration, poses, depth, and par-
tial reconstructions into ray directions, ray depths, camera poses,
and metric scale for a common VGGT-style [WCK*25] trans-
former. WorldMirror [LMW *26] jointly tokenizes intrinsics, poses,
depth, and image features, then predicts several geometric and ren-
dering outputs through task-specific heads. The key design choice
is therefore whether optional geometry enters as additional tokens,
factored geometric quantities, or a unified multi-task input repre-
sentation.

Geometry-aware sensor fusion. SterecoVGGT [CQS*26] and
LiDAR-VGGT [WGX™26] extend the input setting beyond stan-
dard monocular RGB collections. Frozen VGGT [WCK™*25] fea-
tures provide useful camera-calibration knowledge for stereo, but
direct use can lose the fine spatial detail needed for binocular
matching. SterecoVGGT [CQS*26] therefore applies a training-
free feature-adjustment pipeline to restore spatial detail while ex-
ploiting the calibration information encoded in the frozen fea-
tures. LIDAR-VGGT [WGX™26] couples LiDAR-inertial odom-
etry with VGGT [WCK™25] through coarse-to-fine fusion, using
metric sensing to constrain scale and large-environment consis-
tency while retaining dense visual geometry.

Diverse imaging systems. Non-standard images re-
quire changes at different stages of reconstruction. HD-
VGGT [CHH*26] separates coarse global inference from
reliability-aware refinement to preserve high-resolution detail.
For fisheye cameras, Fisheye3R [DHZ*26] adapts reconstruc-
tion directly, whereas RayTun3R [SAC26] corrects positional
encodings biased toward pinhole cameras. Panoramic meth-
ods either reconstruct perspective slices and reproject them,
as in VGGT-360 [YJSZ26], or learn spherical encoding and
rotation-aware training directly, as in PanoVGGT [GCW™26].
EventVGGT [RZC*26] changes the feature extraction stage for
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event-based depth. The required modification therefore depends
on whether the input differs in resolution, camera projection, or
sensing process.

The 3 groups broaden reconstruction through optional geomet-
ric information, additional sensor measurements, and diverse im-
age formation, respectively. All expand the evidence available to
form Zgeo and predict Rgeo, but none guarantees that every sup-
plied measurement is preserved exactly in the final structured geo-
metric outputs.

3.2. Efficient 3D Reconstruction

Dense multi-view processing in VGGT [WCK™*25] requires sub-
stantial computation and memory as the number or resolution of in-
put views grows. We therefore organize efficient reconstruction into
two directions: quantization-based compression reduces the numer-
ical cost of model weights and activations, while efficient network
architecture design reduces redundant token processing and atten-
tion computation.

Quantization-based compression. The central question is
where reduced precision can be applied without damaging geomet-
ric prediction. QuantVGGT [FQW*26] and VersaQ-3D [ZCL*26]
identify activation outliers, unstable calibration, and heteroge-
neous precision requirements as the main obstacles to generic
quantization. TAPTQ [PTX*26] compensates modules with long-
tailed activation error, FGQ [ZCF*26] allocates precision us-
ing task-, block-, and channel-level Fisher sensitivity, and
QVGGT [PWW26] combines block-wise mixed precision with
special-token filtering and consistency-aware scale search. The pro-
gression is from uniform compression toward sensitivity-aware
precision allocation around the pathways responsible for camera,
depth, and point predictions.

Efficient network architecture design. Beyond quantization-
based compression, a second line reduces architectural re-
dundancy. FastVGGT [SZQ*26], LiteVGGT [SLX*26], Co-
Me [CQL*26], and PaceVGGT [LQW*26] merge or prune to-
kens using similarity, geometric confidence, or learned pre-
attention importance. Spark3R [TFG*26], Good Token Hunt-
ing [ZOS*26], and RegimeVGGT [YLL*26a] distinguish query
from key-value roles, frame from patch selection, or shal-
low, middle, and deep layer regimes. HTTM [WMS*26],
FlashVGGT [WX26], block-sparse global attention [WSPL26],
HeSS [KSL*26], TurboVGGT [HWH*26], and SAF3R [DLW*26]
instead restructure or adapt attention across heads, layers, and
inputs; Lite3R [ZZZ*26] combines sparse linear attention with
low-precision training. Analyses by AVGGT [SZL*26] and the
attention-collapse study [LLSG25] explain why such reductions
must remain selective, while VGGT-Q [WCZ*26] uses a unified
dense head and scene tokens for feature aggregation. The shared
logic is to reduce token processing and attention computation
across heads, layers, and views while retaining the cross-view geo-
metric information needed by the prediction heads.

The two directions reduce the cost of a forward pass in different
ways: quantization lowers numerical cost, whereas efficient net-
work architecture design reduces token processing and attention

computation. Both aim to form Zgeo more efficiently without los-
ing the cross-view information needed for stable Rgeo.

3.3. Robust 3D Reconstruction

VGGT [WCK*25] can become unreliable when visual evidence is
degraded by the environment or contaminated by distractors and in-
consistent views. We therefore organize robust reconstruction into
two directions: methods for adverse environments recover or sup-
plement weak visual evidence, while distractor and outlier rejection
prevents irrelevant content or views from corrupting multi-view fu-
sion.

Adverse environments. The appropriate robustness mech-
anism depends on why visual evidence is degraded. Dark-
VGGT [KZC*26] supplements missing visible-light structure with
RGB-thermal observations. Underwater reconstruction instead ad-
dresses attenuation and scattering: Water-VGGT [LPX*26] im-
poses water-optics constraints, while Wat3R [RJS*26] adapts ge-
ometry from unlabeled underwater video through cross-view con-
sistency. Thermal sensing provides additional observations in dark-
ness, whereas physical constraints and adaptation address system-
atic environmental distortion.

Distractor and outlier rejection. VGTW [PYWW26] sup-
presses transient distractors and occlusions during cross-view
fusion. RobustVGGT [HHJ*26] addresses irrelevant or non-
overlapping input views by exploiting emergent outlier suppression
in VGGT [WCK*25] attention and intermediate features. It filters
inconsistent views with a global threshold and reruns reconstruc-
tion without fine-tuning. Both methods improve robustness to con-
taminated image sets by identifying inputs that should contribute
less to Zgeo.

The two groups address different causes of unreliable input ev-
idence: adverse environments degrade otherwise relevant obser-
vations, whereas input contamination introduces views or content
that should be rejected. Existing methods improve the reliability of
Regeo by supplementing weak evidence or suppressing inconsistent
evidence. Coverage remains condition-specific: darkness, underwa-
ter scenes, and distractors have dedicated solutions, whereas rain,
fog, and compound weather corruption remain less studied within
the current VGGT [WCK*25] literature.

3.4. Streaming and Long-Sequence 3D Reconstruction

VGGT [WCK*25] jointly processes a bounded image set and there-
fore cannot update its reconstruction causally as new frames ar-
rive or maintain a globally consistent reconstruction over long se-
quences. We therefore organize this subsection into two directions:
causal reconstruction updates geometry online as each frame ar-
rives, while long-sequence reconstruction connects bounded local
predictions into a consistent global result.

Causal reconstruction. The first direction addresses online re-
construction with an unknown sequence length: the model must
update the current geometry before seeing future observations.
StreamVGGT [ZZG*26] introduces causal attention with a his-
torical key—value (KV) cache, FrameVGGT [XO26a] organizes
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Table 1: Strengthening geometric state in 3D reconstruction. Different columns show what part of the state is strengthened, representative
methods, how the strengthening is performed, and the resulting capability.

‘What is strengthened Representative works How it is strengthened Result

Sec. 3.1 Diverse-Input 3D Reconstruction

* Zgeo: input evidence
from optional geometry
and additional sensors

*  Zgeo, Rgeo: camera
models and
image-formation settings

(i) Optional camera and depth as input:
OmniVGGT [PLD*26] / MapAnything [KMS*26] /
WorldMirror [LMW*26]

(ii) Geometry-aware sensor fusion:

StereoVGGT [CQS*26] / LIDAR-VGGT [WGX*26]
(iii) Diverse imaging systems:

HD-VGGT [CHH*26] / Fisheye3R [DHZ*26] /
VGGT-360 [YJSZ26] / PanoVGGT [GCW*26] /
EventVGGT [RZC*26] / RayTun3R [SAC26]

Sec. 3.2 Efficient 3D Reconstruction

*  Zgeo: token and feature
computation
* Zgeo —+ Rgeo: geometric

information retained after

compression

(i) Quantization-based compression:

QuantVGGT [FQW*26] / VersaQ-3D [ZCL*26] /
TAPTQ [PTX*26] / FGQ [ZCF*26] /

QVGGT [PWW26]

(ii) Efficient network architecture design:
FastVGGT [SZQ*26] / LiteVGGT [SLX*26] /
HTTM [WMS*26] / FlashVGGT [WX26] /
Block-Sparse [WSPL26] / Co-Me [CQL*26] /
AVGGT [SZL*26] / Attention Collapse [LLSG25]/
HeSS [KSL*26] / VGGT-Q [WCZ*26] /
PaceVGGT [LQW™*26] / Spark3R [TFG*26] / Good
Token Hunting [ZOS*26] /

RegimeVGGT [YLL*26a] / TurboVGGT [HWH*26]
/ SAF3R [DLW*26] / Lite3R [ZZZ*26]

Sec. 3.3 Robust 3D Reconstruction

*  Zgeo: evidence formed
from degraded or
contaminated images

* Zgeo —+ Rgeo: reliability
of predicted geometry

(i) Adverse environments: DarkVGGT [KZC*26] /
Water-VGGT [LPX*26] / Wat3R [RIS*26]

(ii) Distractor and outlier rejection:

VGTW [PYWW26] / RobustVGGT [HHJ*26]

Sec. 3.4 Streaming and Long-Sequence 3D Reconstruction

*  Zgeo: historical
information retained
between windows

* Rgeo: scale and
coordinate consistency
across windows

(i) Causal reconstruction: StreamVGGT [ZZG*26] /
FrameVGGT [X026a] / STAC [WSCL26] /
InfiniteVGGT [YYY*26] / OVGGT [LCH*26] /
Evict3R [MAJ*25] / XStreamVGGT [SYF*26] /
StreamCacheVGGT [LYJ*26] /

Retrieve VGGT [ZIJWI26] /

Mamba-VGGT [DXW*26]

(ii) Long-sequence reconstruction:

LASER [DXL*26] / LongStream [CCX*26] /
Anchor3R [TCD*26] / VGGT-Long [DTX*26] /
SwiftVGGT [LLY *26] / Diversity-aware
Partitioning [PCS*26] / VGG-T? [ELA*26]

Sec. 3.5 Dynamic 3D Reconstruction

*  Zgeo: features that
separate persistent
structure from scene
change

* Rgeo: time-varying
geometry and motion

(i) Dynamic geometry and 4D representation:
PAGE-4D [ZWC*26] / 4D-VGGT [WZLY26] /
V-DPM [SILV26] / SelfEvo [HYZ*26] /
DynamicVGGT [HLL*26]

(ii) Motion-guided geometry correction:

VGGT4D [HCY*25] / Robust 4D VGGT [ZHD*26] /
4DVGGT-D [ZLH*26]

(i) Encode known cameras,
depth, poses, or partial geometry
(ii) Fuse stereo or LIDAR
measurements with visual
features

(iii) Adapt feature extraction and
geometric decoding to
resolution, projection, or sensing
modality

(i) Quantize weights and
activations with
sensitivity-aware precision
(ii) Merge, prune, or select
tokens and use sparse or
compressed attention and
compact heads

(i) Add thermal observations,
physical constraints, or domain
adaptation

(ii) Suppress distractors and
reject irrelevant or
non-overlapping views

(i) Select, compress, retrieve, or
propagate history during causal
updates

(ii) Divide long inputs into local
windows and align their scale
and coordinates using anchors,
loop closure, or specialized
training

(i) Fuse information across
space and time and predict
dynamic or future geometry
(ii) Detect moving regions and
reduce their effect on camera,
depth, and point predictions

* Reconstruct from more
input types

» Use metric or
partial-geometry
constraints

¢ Support non-standard
cameras and imaging
systems

* Reduce runtime and
memory per forward pass

¢ Retain camera, depth, and
reconstruction accuracy
after compression

¢ Recover more reliable
geometry in darkness or
underwater scenes

* Prevent distractors and
outlier views from
corrupting reconstruction

* Process causal streams and
image collections larger
than a single inference
window

e Limit memory while
maintaining globally
aligned cameras and
geometry

* Stabilize camera and
geometry estimates in
dynamic scenes

* Represent scene change
and, where modeled,
predict dense 3D motion

bounded context into frame-wise units, and STAC [WSCL26] com-
presses past information using temporal salience and voxel-aligned
spatial aggregation. Infinite VGGT [YYY*26], OVGGT [LCH*26],
and Evict3R [MAJ*25] bound the retained context through

rolling selection, anchor protection, or training-free evic-
tion. XStreamVGGT [SYF*26] further combines KV prun-
ing and quantization, while StreamCacheVGGT [LYJ*26] se-
lectively merges cached tokens to reduce cache size. Re-
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trieveVGGT [ZJWJ26] rebuilds a fixed context through retrieval,
and Mamba-VGGT [DXW?*26] propagates a compact external
state. These designs strengthen Zgeo by selecting, compressing,
retrieving, or propagating the past evidence most useful for each
causal update.

Long-sequence reconstruction. The second direction addresses
long inputs whose observations cannot be processed in one
bounded forward pass. Individually accurate local predictions can
become mutually inconsistent after many state updates, so long-
sequence methods must both partition observations and recon-
nect their outputs. LASER [DXL*26] aligns layer-dependent scales
across adjacent windows, while LongStream [CCX*26] learns
keyframe-relative poses, orthogonal scale, cache consistency, and
periodic refresh. Anchor3R [TCD*26] avoids a persistent first-
frame gauge: it predicts current-centric local measurements and
uses transient anchors, motion averaging, and loop-closure rein-
sertion to recover a global map. VGGT-Long [DTX*26] com-
bines overlapping chunks with lightweight loop closure, while
SwiftVGGT [LLY*26] detects loops from backbone features and
applies single-step Sim(3) alignment. Diversity-aware View Par-
titioning [PCS*26] balances visual dissimilarity and spatial dis-
persion when constructing chunks. VGG-T? [ELA*26] distills
variable-length KV geometry into a fixed-size multilayer per-
ceptron (MLP) state through test-time training. These methods
strengthen RRgeo by keeping decoded cameras and geometry in a
consistent scale and coordinate system as the sequence grows.

Together, the two directions address online state updates and
globally consistent reconstruction over inputs that exceed a
bounded inference window. Causal reconstruction retains the ev-
idence needed for each update, while long-sequence reconstruction
aligns the resulting local predictions across the full sequence.

3.5. Dynamic 3D Reconstruction

VGGT [WCK*25] assumes a static scene, so moving content can
corrupt camera and geometry estimates and cannot be represented
as time-varying structure. We therefore organize dynamic 3D re-
construction into two directions: the dynamic geometry and 4D
representation direction explicitly models scene structure and mo-
tion over time, while motion-guided geometry correction identifies
dynamic or uncertain regions to stabilize pose and geometry.

Dynamic geometry and 4D representation. The first di-
rection represents scene changes within the geometric state
rather than only correcting their effect on static reconstruc-
tion. PAGE-4D [ZWC*26] uses dynamics-aware masks to route
motion evidence differently for pose and geometry, and 4D-
VGGT [WZLY26] factorizes cross-view spatial fusion and cross-
time local fusion. V-DPM [SILV26] makes the extension explicit
with time-varying dynamic point maps and dense 3D motion, to-
gether with camera and geometry prediction in the full model.
SelfEvo [HYZ*26] addresses limited 4D supervision: its spatio-
temporal self-distillation adapts pretrained reconstruction models,
including VGGT [WCK*25], using unlabeled videos rather than
scarce 4D annotations. Driving scenes provide a demanding in-
stance of this technical direction because they contain many mov-
ing objects and require temporally consistent geometry over long

trajectories. DynamicVGGT [HLL*26] addresses this setting by
jointly predicting current and future point maps, applying motion-
aware temporal attention, and modeling point motion with a dy-
namic Gaussian head.

Motion-guided geometry correction. The second direction
retains the pretrained VGGT representation but reduces the
effect of moving regions on VGGT [WCK*25] predictions.
VGGT4D [HCY*25] mines layer-wise motion cues from global
attention and feeds refined dynamic masks back into early in-
ference. Robust 4D VGGT [ZHD*26] combines attention-derived
uncertainty with local geometry purification, whereas 4DVGGT-
D [ZLH*26] first stabilizes pose against dynamic interference and
then refines static and dynamic depth. These training-free meth-
ods detect motion or uncertainty and use it to correct pose, depth,
or point-map predictions. The two directions respectively represent
scene change within the geometric state and correct base geometry
using motion cues.

Dynamic variants make both forms of geometric information
time dependent: the multi-view geometry latent features Zgeo must
distinguish persistent structure from change, while the structured
geometric outputs Rgeo €Xpose time-varying geometry and, where
modeled, motion without destabilizing the coordinate frame.

3.6. Summary of Geometric State Strengthening

This section has shown how geometric state is strengthened through
broader inputs, lower computation, greater robustness, retained
streaming context, and explicit scene dynamics. These directions
are not independent: streaming and long-sequence reconstruction
depend on efficient computation, while online reconstruction of dy-
namic scenes also requires memory mechanisms that preserve con-
text without treating motion as static structure. Combining multiple
strengthening directions therefore broadens both the conditions un-
der which Zgeo and Rgeo remain useful and the information that
later applications can obtain from the state. Section 4 next exam-
ines those applications.

4. Reusing Geometric State Beyond 3D Reconstruction

Downstream applications reuse the structured geometric outputs
Rgeo, the multi-view geometry latent features Zgeo, or their com-
bination. We organize this literature into 5 applications: NVS,
SLAM, semantic 3D scene understanding, geometry-aware world
models, and embodied action and planning. Table 2 summarizes
the geometric-state information used in each application and the
corresponding method groups.

4.1. Novel View Synthesis

Novel-view synthesis converts the geometric state into a renderable
scene representation for synthesizing unseen views. With 3D Gaus-
sian Splatting [KKLD23] as the dominant representation, methods
differ in whether feed-forward geometry completes the reconstruc-
tion or provides a starting point for later refinement. We therefore
organize them into direct feed-forward 3D Gaussian reconstruction
and 3D Gaussian reconstruction initialized by feed-forward geom-
etry.
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Table 2: Geometric-state reuse across 5 downstream applications: novel view synthesis (NVS), SLAM, semantic 3D scene understanding,
geometry-aware world models, and embodied action and planning. Different columns show which geometric-state components and informa-
tion are used in each application and list the corresponding method groups.

Geometric-state components and Method groups and representative works

information used

Sec. 4.1 Novel View Synthesis

* TRgeo: cameras, depth, and point maps used
to construct or initialize renderable
geometry

*  Zgeo: multi-view geometry latent features ¢
decoded into appearance or Gaussian
parameters

Sec. 4.2 SLAM

* TRgeo: cameras, depth, and point maps used
for tracking, alignment, and mapping

*  Zgeo: multi-view geometry latent features
used for correspondence, retrieval, and .
place recognition

Sec. 4.3 Semantic 3D Scene Understanding

*  Zgeo: multi-view geometry latent features o
used for segmentation, language
reasoning, and association

* Rgeo: 3D locations and geometry used to
ground semantic predictions

Sec. 44 Geometry-Aware World Models

*  Zgeo: multi-view geometry latent features ¢
predicted over time or used to condition .
and supervise generation

* TRgeo: cameras, depth, and point maps used
to condition or evaluate future predictions ¢

Sec. 4.5 Embodied Action and Planning

* Zgeo: multi-view geometry latent features ¢
fused into policies or geometry-aware
VLA models .

Direct feed-forward 3D Gaussian reconstruction: AnySplat [JMX*25] /

VGD [LWW?*25] / SplatWeaver [WLSZ26] / G3Splat [HCX*25] /

ReconDrive [YXW*26] / OF*GS [CLZ*26]

3D Gaussian reconstruction initialized by feed-forward geometry:

VGGT-X [LLT*25] / Gesplat [LXZK25] / VGGS [XHZ*26] / Geo-EVS [LTH26] /
Panolmager [X026b] / SSR-GS [FW26] / Distractor-Free GS [GWC*26] /
AsyncEvGS [DJX*26] / RGB-Thermal GS [CXFM26]

SLAM systems: VGGT-SLAM [MLC25] / VGGT-SLAM 2.0 [MC26] /
VGGT-SLAM++ [MKHA26] / EC3R-SLAM [HOBG?25] / AIM-SLAM [JSLM26] /
VGGT-Geo [QLZ*26a] / VGGT-Mapping [TMJ25] / CALM [ZZD*26]

Visual odometry: VGGT-Motion [XZXT26] / HyVGGT-VO [PZC26] / Keyframe
VO [DSK*26]

Relocalization: VGGT-MPR [XQY *26] / UniPR-3D [DCL*26] /

GPA-VGGT [XZH*26] / Reloc-VGGT [DWW*25] / MultiLoc [DL26] /

RIC-Loc [KKLK26] / G2IA [JXY*26] / UAV Geometric Localization [LYX*26] /
GeoLink [ZLZ*26]

3D semantic prediction and mapping: SegVGGT [QLZ26b] /

VGGT-Segmentor [GZT*26] / VGGT-Det [CWC*26] / OV3DSeg-VGGT [ZHR*26]
/ VGGT-Occ [CDW*26] / GPOcc [ZLC26b] / DeGO [GLLA26] / Dense Semantic
Matching [YWL*26] / MuViSeg [FAP*26] / SceneVGGT [GHDE*26] /

VGGT-CD [ZLW*26]

Language-based 3D scene reasoning: MVGGT [WWJ*26] /

4DLangVGGT [WBL*25] / SpaceMind [ZZX*26] / 3DThinker [CZY *26] /
Geometric Distillation [LCK*25] / Distilled 3D VLM [AIC*26] /

DR-MV3D [CLPS26] / EAGLE [CLW*26]

Geometry-conditioned video-depth prediction: VGGT-World [SWZ*26]
Geometry-conditioned video generation: CETCAM [ZGL*26] /

CineScene [HHL*26] / CamGeo [LJL*26] / WristWorld [QCL*25] /

VideoGPA [DYC*26] / V-Dreamer [HCD*26]

Geometry-guided action prediction and rollout selection: MECo-WAM [ZZS*26]
/ GEM-4D [ZCZ*26] / Test-Time Geometric Scaling [ZCS*26]

Geometry-enhanced action policies: VGGT-DP [GZX*26] / R3DP [ZDS*26] /
VO-DP [NHQ*25] / Efficient Geometry Encoders [VVR25]/ OCRA [WFF*26]
Geometry-based planning and trajectory generation: GraspView [WDS*25] /

* TRgeo: depth, points, or camera geometry SyncTwin [HYG*26] / MG-Nav [WLL*25]
used for planning and feasible action » Geometry-aware VLA models: 3D-Mix [YLL*26b] / GeoAware-VLA [AMS*25] /
GLaD [GCT*25] / AugVLA-3D [RCX*26] / ABot-MO [YZL*26] /
VGGDrive [WLH*26] / Controlled Analysis [YLMM™26]
Direct feed-forward 3D Gaussian reconstruction. This route train feed-forward Gaussian heads with VGGT [WCK*25]-derived
decodes the Gaussian scene without first optimizing a sepa- initialization or distillation; SplatWeaver further distills cam-
rate representation from structured geometric outputs. AnyS- era and depth supervision while allocating primitives adaptively.

plat [JMX*25], VGD [LWW™25], and SplatWeaver [WLSZ26] G3Splat [HCX*25] regularizes the geometry of the decoded
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Gaussians, ReconDrive [YXW®26] adds spatio-temporal heads
for dynamic driving scenes, and OF3GS [CLZ*26] incremen-
tally predicts, refines, and fuses Gaussians from a frozen Stream-
VGGT [ZZG*26] front end. These variants trade a separate scene-
optimization stage for direct or incremental inference.

3D Gaussian reconstruction initialized by feed-forward
geometry. This route retains a subsequent reconstruction
or optimization stage after cameras, points, or depth have
been inferred. VGGT-X [LLT*25] scales and globally aligns
VGGT [WCK*25] outputs before robust 3DGS [KKLD23] train-
ing; Gesplat [LXZK25] and VGGS [XHZ*26] initialize pose-free
or sparse-view reconstruction from cameras, points, or depth. The
same principle extends to extrapolative driving views in Geo-
EVS [LTH26], sparse panoramic views in Panolmager [XO26b],
glossy surfaces in SSR-GS [FW26], and transient-content removal
in Distractor-Free GS [GWC*26]. AsyncEvGS [DJX*26] and un-
paired RGB-thermal GS [CXFM26] additionally use the inferred
geometry to align event or thermal observations. Feed-forward
structured geometric outputs provide the geometric starting point,
while the retained reconstruction stage refines appearance and
adapts to the target setting.

The distinction is whether Gaussians are reconstructed directly
from the feed-forward representation or refined after initialization
from Rgeo. Both routes must preserve cross-view structure when
appearance, dynamics, or sensing modality changes.

4.2. SLAM

SLAM uses VGGT [WCK*25] or its long-sequence extensions as
geometric front ends to build consistent maps and camera trajecto-
ries. Unlike the reconstruction methods reviewed in Section 3.4,
SLAM adds the system components needed for joint mapping
and tracking, camera-motion estimation without full mapping, and
pose recovery in previously observed scenes. We therefore organize
these methods into SLAM systems, visual odometry, and relocal-
ization.

SLAM systems. The first group uses VGGT [WCK*25] as
a dense front-end and adds the tracking, submap alignment,
and global optimization needed to construct a consistent map.
VGGT-SLAM [MLC25], VGGT-SLAM 2.0 [MC26], and VGGT-
SLAM++ [MKHA26] align feed-forward submaps with projective
or global optimization. EC3R-SLAM [HOBG25] and AIM-
SLAM [JSLM26] reduce redundant inference through sparse
tracking or informative keyframes, while VGGT-Geo [QLZ*26a]
adds confidence-aware geometric constraints and VGGT-
Mapping [TMJ25] supports robot navigation. CALM [ZZD*26]
extends this role to kilometer-scale mapping by using an assistant
camera baseline, intrinsic correction, and anchor propagation
to resolve scale and nonlinear submap distortion. Across these
systems, Rgeo is useful only after local gauges and accumulated
drift are reconciled.

Visual odometry. Unlike SLAM systems, these methods fo-
cus on estimating camera motion without constructing and glob-
ally optimizing a persistent map. VGGT-Motion [XZXT26] and
HyVGGT-VO [PZC26] couple dense geometry to long-range cam-
era tracking or visual odometry, while keyframe-based feed-

11 of 27

forward VO [DSK*26] learns which frames to include in the
VGGT [WCK*25] window. Per-window pose accuracy alone is in-
sufficient: temporal selection, scale alignment, and global consis-
tency determine whether small local errors accumulate along the
estimated trajectory.

Relocalization. Place-recognition methods first identify rele-
vant references: VGGT-MPR [XQY*26] uses VGGT [WCK*25]
embeddings, depth-assisted LiDAR densification, and tracking-
based re-ranking; UniPR-3D [DCL*26] aggregates 2D and 3D
VGGT [WCK™*25] tokens for multi-view retrieval; G2IA [JXY*26]
combines VGGT [WCK*25] geometry priors with instance-
aware candidate verification; and GeoLink [ZLZ*26] distills of-
fline VGGT [WCK*25] geometry into a 2D-only cross-view
retrieval representation. Pose relocalization is addressed by
GPA-VGGT [XZH*26], Reloc-VGGT [DWW™*25], and Multi-
Loc [DL26] through VGGT [WCK*25] adaptation or multi-
reference pose estimation, while RIC-Loc [KKLK26] derives mul-
tiple posed-reference hypotheses and uses their consensus and
dispersion for selective localization. UAV geometric localiza-
tion [LYX*26] reconstructs local 3D structure and renders a bird’s-
eye-view intermediary for cross-view 3-DoF pose regression. This
route is hybrid: Zgeo narrows or transfers the search representation,
while Rgeo establishes geometric compatibility.

SLAM therefore adds 3 capabilities to feed-forward or stream-
ing geometry: globally consistent mapping, visual odometry, and
recovery of pose in a previously observed scene. Structured geo-
metric outputs anchor geometry and pose, while multi-view geom-
etry latent features support correspondence and retrieval.

4.3. Semantic 3D Scene Understanding

Semantic 3D scene understanding changes the target from recon-
structing structure to attaching categories, language, and persis-
tent identities to it. Semantic heads read multi-view spatial fea-
tures from Zgeo, While Rgeo anchors their predictions in 3D. We
therefore organize these methods into two directions: 3D semantic
prediction and mapping; and language-based 3D scene reasoning.

3D semantic prediction and mapping. This group predicts
semantic labels for objects, visible regions, or occupied 3D
space and maintains those predictions across views or time.
SegVGGT [QLZ26b], VGGT-Segmentor [GZT*26], and VGGT-
Det [CWC™26] address instance segmentation, cross-view segmen-
tation, or multi-view detection. OV3DSeg-VGGT [ZHR*26] ex-
tends segmentation to open-vocabulary categories. Beyond vis-
ible surfaces, VGGT-Occ [CDW*26] decodes semantic occu-
pancy from a frozen multi-view encoder, GPOcc [ZLC26b] con-
verts surface points and features into sparse Gaussian occupancy,
and DeGO [GLLA26] distills cross-view and cross-time fea-
tures into deformable Gaussians. Persistent semantic mapping ex-
tends these outputs across views or time: Dense Semantic Match-
ing [YWL*26] associates pixels across object instances, Mu-
ViSeg [FAP*26] matches whole segments jointly across multi-
ple views, SceneVGGT [GHDE*26] retains instance identities and
timestamps in an online 3D map, and VGGT-CD [ZLW *26] regis-
ters observations from different epochs to identify physical scene
changes.
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Language-based 3D scene reasoning. Methods dif-
fer in whether geometry enters through explicit ground-
ing, feature fusion, or distillation. MVGGT [WWJ*26] and
4DLangVGGT [WBL*25] ground referring expressions across
views or time. SpaceMind [ZZX*26] fuses VGGT [WCK*25] fea-
tures under camera guidance, whereas 3DThinker [CZY *26] aligns
a reasoning latent with VGGT [WCK*25] geometry. Geometric
Distillation [LCK*25] transfers correspondence, relative-depth,
and cost-volume cues into a vision—language model (VLM), and
Distilled 3D VLM [AIC*26] adopts VGGT [WCK*25] as the
encoder of a compact reasoning model. DR-MV3D [CLPS26]
supervises global-map construction and view planning with
geometry-consistent pseudo targets. EAGLE [CLW*26] localizes
visual queries in 3D by combining episodic appearance and
geometry memories. Each mechanism connects language or query
outputs to cross-view spatial relations, but at a different stage of
the reasoning model.

Together, the two directions progress from assigning meaning
to 3D structure to reasoning about that structure with language or
query memories. They typically combine transferable multi-view
geometry latent features in Zgeo with the spatial anchors provided
by structured geometric outputs in Rgeo.

4.4. Geometry-Aware World Models

Geometry-aware world models differ in what they predict and
where geometric state enters the prediction process. Geometry can
be predicted as future depth, guide the generation of future visual
observations, or support action prediction and the selection of ge-
ometrically consistent rollouts. We therefore organize these meth-
ods into geometry-conditioned video-depth prediction, geometry-
conditioned video generation, and geometry-guided action predic-
tion and rollout selection.

Geometry-conditioned video-depth prediction. VGGT-
World [SWZ*26] takes RGB observations as input and predicts
future video depth by evolving Zgeo autoregressively rather
than predicting future pixels alone. The model uses the current
multi-view geometry latent features to forecast a future geometric
state, and structured geometric outputs then decode or verify
the depth and camera geometry implied by the predicted state.
This setting directly tests whether geometric state can support
temporally coherent depth prediction beyond the observed frames.

Geometry-conditioned video generation. Geometry can con-
dition generation as explicit tokens, multi-view geometry la-
tent features, distilled supervision, or an evaluation signal. CET-
CAM [ZGL*26] tokenizes predicted cameras and depth, whereas
CineScene [HHL*26] injects multi-view geometry latent fea-
tures. CamGeo [LJL*26] distills camera, depth, and cross-frame
constraints during training. WristWorld [QCL*25] reconstructs
poses and 4D point maps before generating future wrist-camera
views, while VideoGPA [DYC*26] forms preference pairs from
a VGGT [WCK*25] reconstruction score. V-Dreamer [HCD*26]
uses video generation priors to synthesize robot interaction videos
and then converts their motion into kinematically aligned trajecto-
ries. Although the resulting trajectories support planning, its core
predictive mechanism is video generation, so we classify it as a
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world model. The relevant evidence is whether each form of gen-
eration preserves coherent structure under camera, scene, or robot
motion and yields useful downstream trajectories where applicable.

Geometry-guided action prediction and rollout selection.
MECo-WAM [ZZS*26] transfers relational 4D targets from a
frozen VGGT [WCK*25] encoder into a video—action world
model. GEM-4D [ZCZ*26] distills dense correspondence from
a pretrained 4D geometry model into video prediction and con-
verts consistent rollouts into robot trajectories; VGGT [WCK*25]
is evaluated as a teacher choice rather than assumed to be its
default geometry model. Test-Time Geometric Scaling [ZCS*26]
uses frozen VGGT-Q [WCZ*26] camera, depth, and point-map
predictions to rank sampled world—action rollouts by reprojection
consistency and selectively spend additional computation. These
methods use geometry to supervise action prediction or select a ge-
ometrically consistent rollout; their value must ultimately appear in
both geometric consistency across predicted frames and improved
action success.

Visual fidelity alone is insufficient for these methods. Future
observations must preserve 3D structure, and action-conditioned
models must show that this structure improves an action prediction
or reliably identifies a better rollout.

4.5. Embodied Action and Planning

Embodied methods use geometric state to choose, plan, or ex-
ecute actions that affect an environment. Different action mod-
els incorporate geometry at different stages, from policy features
to explicit motion planning and multimodal action reasoning. We
therefore organize them into geometry-enhanced action policies,
geometry-based planning and trajectory generation, and geometry-
aware VLA models.

Geometry-enhanced action policies. The design choice is how
geometric evidence enters action prediction. VGGT-DP [GZX*26]
and R3DP [ZDS*26] fuse multi-view geometry latent features with
the policy, VO-DP [NHQ*25] balances semantic and geometric ob-
servations, and Efficient Geometry Encoders [VVR25] reduce the
latency of this transfer. OCRA [WFF*26] adds object-centric point
clouds and tactile priors instead of relying on dense features alone.
In these policies, Zgeo provides multi-view spatial features and se-
lected structured geometric outputs provide explicit geometry for
contact-related action prediction.

Geometry-based planning and trajectory generation. These
methods use reconstructed geometry directly to select views, plan
motion, or generate feasible trajectories. GraspView [WDS*25]
uses reconstruction for view selection and grasp alignment,
SyncTwin [HYG™26] maintains a registered digital twin, and MG-
Nav [WLL*25] aligns observations and goals in spatial memory.
Structured geometric outputs, alone or together with multi-view ge-
ometry latent features, connect observations and memory to feasi-
ble motion in these systems.

Geometry-aware VLA models. These methods add geo-
metric information to vision—language—action (VLA) models
that connect visual observations and language to actions. 3D-
Mix [YLL*26b] and GeoAware-VLA [AMS*25] use plug-and-
play or implicit feature fusion, while GLaD [GCT*25] distills
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VGGT [WCK*25] features into the visual tokens of a VLA
model. AugVLA-3D [RCX*26] augments action features with
depth cues derived from VGGT [WCK*25]. ABot-M0 [YZL*26]
admits VGGT [WCK*25] as one optional plug-and-play geome-
try module in a dual-stream policy, rather than making it the pol-
icy’s core. VGGDrive [WLH*26] injects cross-view features into
a driving VLM for risk perception, motion prediction, and trajec-
tory planning, rather than direct low-level control. Controlled anal-
ysis [YLMM*26] compares several VGGT [WCK*25]-VLA fu-
sion strategies under matched settings. These models mainly use
multi-view geometry latent features and retain structured geomet-
ric outputs when contact, collision, or feasibility requires geometric
constraints.

Together, these directions use geometric state at 3 levels of em-
bodied decision making: learned action prediction, explicit plan-
ning, and multimodal action reasoning. Multi-view geometry latent
features support transferable policy representations, while struc-
tured geometric outputs provide the spatial precision needed to
evaluate feasible motion and interaction.

4.6. Summary of Downstream State Reuse

Across the 5 downstream applications, the required access to geo-
metric state depends on the capability being built. NVS and SLAM
rely strongly on structured geometric outputs, semantic applica-
tions attach meaning to spatial anchors, world models require rep-
resentations that support transitions beyond observed evidence, and
embodied methods combine geometric state with action objectives.
Although this is not a strict progression, applications closer to pre-
diction and closed-loop action tend to combine the geometric pre-
cision of Rgeo with the transferable information in Zgeo. The com-
mon requirement is therefore not one fixed way of using the state,
but preservation of the information needed by each application un-
der its supervision and temporal setting; Section 5 next examines
the evidence used to evaluate these capabilities.

5. Datasets and Benchmarks

This section reviews the datasets and evaluation targets used for
geometric-state strengthening and downstream reuse. Section 5.1
groups datasets by their primary use in 3D reconstruction, NVS,
or other downstream tasks. Sections 5.2 and 5.3 then examine
how state-strengthening methods and downstream applications are
evaluated, and Section 5.4 summarizes the limitations of current
datasets and evaluation targets.

5.1. Dataset Taxonomy

We organize evaluation resources into 3 groups according to their
primary use: datasets for 3D reconstruction, datasets for novel-view
synthesis (NVS), and datasets for other downstream tasks. The as-
signment is not exclusive; a dataset remains in its principal group
even when its observations or annotations support the evaluation
of additional tasks. The collection includes datasets used by the
reviewed methods and established resources for the correspond-
ing task families. Table 3 first summarizes task-support coverage
within this collection. Table 4 then provides dataset-level details,
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including scene type, source, reported dataset scale, and supported
strengthening or reuse tasks.

Datasets for 3D reconstruction. The evolution of recon-
struction datasets can be traced through 3 representative stages.
DTU [JDV*14] established controlled multi-view evaluation on
object-scale scans; ETH3D [SSG*17] later extended accurate
geometry to high-resolution indoor and outdoor scenes; and
Waymo [SKD*20] now represents large-scale, multimodal outdoor
data with broad task annotations. This evolution proceeds along
3 directions. First, spatial coverage expands from isolated objects
to rooms, landmarks, and city-scale environments, as illustrated by
ScanNet v2 [DCS*17], ScanNet200 [RLD22], MegaDepth [LS18],
and Waymo [SKD*20]. Second, temporal coverage moves from
bounded image sets to trajectories and long sequences, with
KITTI [GLU12], TartanAir [WZW*20], and Waymo [SKD*20]
supporting trajectory estimation and long-sequence reconstruc-
tion evaluation. Third, sensing conditions become more diverse:
Replica [SWM™19] and Kubric [GBB*22] provide exact synthetic
geometry and controllable motion, while real collections increas-
ingly include changing illumination, non-pinhole cameras, events,
thermal sensing, and LiDAR. Within the dataset collection sum-
marized in Table 3, this group provides broader support for cam-
era pose, depth, reconstruction, long-stream, dynamic, and SLAM
evaluation.

Datasets for NVS. NVS benchmarks likewise progress from es-
tablished video collections to larger and more diverse scene col-
lections. RealEstate10K [ZTF*18] provided an early large col-
lection of posed real-estate videos; Mip-NeRF 360 [BMV*22]
later established evaluation for unbounded scenes; and DL3DV-
10K [LST*24] now supplies large-scale real-world videos span-
ning indoor and outdoor environments. Their development follows
3 directions. First, scene coverage broadens across object-centric,
outdoor, and unbounded settings: CO3Dv2 [RSH*21] covers 51
object categories through multi-view object-centric sequences,
ACID [LTJ*21] focuses on outdoor scenes, and Mip-NeRF
360 [BMV*22] evaluates unbounded environments. Second, tem-
poral complexity extends static-scene rendering to dynamic content
through DyCheck [GLT*22] and HyperNeRF [PSB*21]. Third,
data scale increases from a small number of carefully captured
scenes, such as Deep Blending [HPP* 18] and LLFF [MSOC*19],
to large real-video collections such as RealEstate10K [ZTF*18]
and DL3DV-10K [LST*24]. Table 3 shows that all datasets in this
group support NVS evaluation, while fewer support depth, recon-
structed geometry, temporal consistency, or downstream tasks.

Datasets for other downstream tasks. This group is organized
by the applications being evaluated. Semantic datasets range
from urban scene understanding in Cityscapes [COR*16] to
referring expressions in MVRefer [WWJ*26], interaction-aware
4D understanding in HOI4D [LLJ*22], and aligned egocen-
tric and exocentric observations in Ego-Exo4D [GWT*25].
World-model datasets support interaction-conditioned or
controllable future generation through HolHQ [ZGL*26]
and  Scene-Decoupled-Video-dataset [HHL*26]. Embodied
datasets progress from controlled manipulation suites such
as MetaWorld [YQH*20], CALVIN [MHRBB22], Man-
iSkill 3 [TXS*25], LIBERO [LZG*23], and RoboTwin
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Table 3: Evaluation-task coverage within the dataset collection summarized in Table 4. Each cell reports the number and percentage of
datasets that provide observations or annotations supporting the corresponding evaluation target, with background color encoding the

percentage.
State-strengthening tasks Downstream-reuse tasks

Dataset Cam 3D Lon Dyn Sem World Emb.
Dataset group * Depth & . NVS SLAM ) action/

count  pose recon.  stream 4D under. models plan

. 36 35 24 18 15 20 15 o -
3D reconstruction 46 ARG ON (52%) (39%) (33%) 8 (17%) @3%)  (33%) 5(11%) 0 (0%)
NVS IV 4 (40%) 1 (10%) 1 (10%) 0 (0%) 2 (20%) (1018%) 0(0%) 0(0%) 2(20%) 0(0%)

Other downstream 15 1 (7%) 2(13%) 1((7%) 0(0%) 2({13%) 0(0%) 0(0%) '5(33%) 8(53%) h

(67%)

2.0 [CCC*26] to real-world interaction and driving
data in DROID [KPN*24], Ego-Exo4D [GWT*25], and
NAVSIM [DHL*24]. Cityscapes [COR*16] provides 5,000
urban video snippets, while NAVSIM [DHL*24] expands task-
oriented evaluation to 115,000 filtered driving scenarios. Table 3
consequently shows moderate coverage for semantic understand-
ing, broader coverage for world models, and the strongest coverage
for embodied action, but little support for NVS or SLAM evalua-
tion targets; these datasets measure application outcomes well but
provide less evidence about whether gains arise specifically from
improved geometric state.

5.2. Evaluation Targets for Geometric State Strengthening

Evaluation targets for diverse-input, efficient, robust, streaming
and long-sequence, and dynamic reconstruction often assess the
same geometric outputs under different conditions. Diverse-input
methods vary the available measurements, efficient methods vary
per-forward-pass precision and computation, and robust methods
vary sensing conditions or input corruption. Streaming and long-
sequence methods evaluate state transfer and alignment across win-
dows, while dynamic methods evaluate time-varying scenes. Geo-
metric accuracy must therefore be reported together with the condi-
tion being tested. Table 5 summarizes common geometric measures
and the evaluation focus, representative datasets, key metrics, and
comparison conditions for each strengthening direction.

Within bounded reconstruction, diverse-input targets vary in-
trinsics, poses, depth, partial geometry, sensing modality, or cam-
era model and test whether these inputs improve camera, depth,
and point predictions. Efficiency targets retain the same geomet-
ric outputs while changing view count, resolution, numerical pre-
cision, token budget, architecture, or hardware; runtime, memory,
computation, and geometric accuracy are then reported for a sin-
gle forward-pass setting. Robustness targets instead vary the type
and severity of visual degradation, environmental interference, oc-
clusion, or transient distractors. Because the output tasks overlap,

Coveraze

0% 100%

these conditions must be matched before accuracy, latency, mem-
ory, efficiency, or robustness gains are compared.

Temporal targets cover streaming, long-sequence, and dynamic
reconstruction. Streaming and long-sequence evaluation combines
trajectory drift and retained geometry with sequence and window
length, cache or state size, chunk overlap, alignment, loop closure,
revisit conditions, and whether observations are processed offline
or causally. Dynamic targets further separate camera motion, static
structure, moving regions, and dense 3D motion through trajec-
tory, mask, flow, and reconstruction metrics. Reports must pair each
temporal target with the geometry retained over the evaluated se-
quence.

5.3. Evaluation Targets for Downstream State Reuse

Current downstream targets measure the resulting application ca-
pability rather than the contribution of the geometric-state infor-
mation used by the application. Because the 5 applications produce
different outputs, we examine their targets directly in the order of
NVS, SLAM, semantic 3D scene understanding, world models, and
embodied applications. Table 6 links evaluation tasks to represen-
tative datasets, key metrics, and comparison conditions within each
application group.

NVS targets use held-out views to measure appearance and,
where geometry is available, surface fidelity. Input and target
views, camera information, resolution, scene-specific optimization,
masks, and dynamic content must be aligned before rendering or
geometry scores are compared. High rendering quality alone does
not establish accurate surfaces.

SLAM targets combine trajectory and map evaluation with re-
trieval and metric-pose evaluation for relocalization. Trajectory
segments, alignment rules, loop-closure settings, map retention, re-
trieval databases, and decision thresholds must be matched; low
local trajectory drift can otherwise coexist with global map loss.

Semantic-understanding targets evaluate objects, regions, occu-
pancy, correspondence, cross-epoch change, language grounding,
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Table 4: Datasets included in the evaluation taxonomy, grouped by primary use and supported tasks. A v indicates that the dataset provides
observations or annotations supporting the corresponding evaluation target; an X indicates that such support was not identified. #Scenes
reports the dataset scale used in this table; alternative reported scales are shown in parentheses when a scene count is unavailable. Type
symbols denote (5] objects, A indoor scenes, % outdoor scenes, and A % indoor and outdoor scenes. Source identifies real, synthetic, or

mixed data.
State-strengthening tasks Downstream-reuse tasks
Cam. 3D Long Dyn. Sem.  World Erpb,
Dataset #Scenes Type Source Depth NVS SLAM action/
pose recon. stream 4D Under. models plan

Datasets for 3D Reconstruction

DTU [JDV*14] 124 (<) Real v X v X X v X X X X
TUM-dynamics [SEE*12] 1 A~ Real v v X v v X v X X X
ADT [PCY*23] 2 a Real v v v X v X X v X X
EuRoC MAV [BNG*16] 3 a Real v X X v X X v X X X
TUM RGB-D [SEE*12] 4 a Real v v v v X X v X X X
7-Scenes [SGZ*13] 7 a Real v v v v X X v X X X
NRGBD [AMBG*22] 10 @A Synthetic v v v v X X X X X X
Replica360-2K [RAYR22] 13 A  Synthetic X v X X X X X X X X
Replica [SWM™*19] 18 A Synthetic v v v X X v v v X X
Bonn [PBL*19] 24 a Real v v v v v X v X X X
Matterport3D [CDF*17] 90 A Real X v v X X X X v X X
Dark3R [GMT*26] 104 a Real v v X X X X X X X X
Stanford2D3D [ASZS17] 271 a Real X v v X X X X v X X
NYU-v2 [SHKF12] 464 A Real X 4 X X X X X v X X
ScanNet++ v2 [YLND23] 1,006 A Real v v v X X v v v X X
ScanNet v2 [DCS*17] 1,513 a Real v v v X X X v v X X
ScanNet200 [RLD22] 1,513 a Real v v v X X X v v X X
ARK:itScenes [BCD*21] 1,661 a Real v v v X X X X v X X
EventScape [GRG*21] 4 %  Synthetic X v X X v X X v X X
Nordland [SNP13] 4 F 3 Real X X X v X X v X X X
Cambridge

Lo TREEIS 5 F 3 Real v X X X X X v X X X
Virtual KITTI 2 [CMH20] 5 % Synthetic v v v v v X X X X X
Oxford Spires [TMBZ*25] 6 2 Real v X v v X v v X X X
DENSE [HCGS20] 8 % Synthetic X v X X X X X X X X
KITTI-360 [LXG22] 11 2 Real v v v v v X v v v X
PointOdyssey [ZHS*23] 20 %  Synthetic v 4 X v v X X X X X
KITTI Odometry [GLU12] 22 2 Real v v v v X X v X X X
TartanAir [WZW*20] 30 %  Synthetic v v v v v X v v v X
MegaDepth [LS18] 196 F 3 Real X v v X X X X X X X
nuScenes [CBL*20] 1,000 F Real v v X X v v X v v X
Waymo [SKD*20] 1,150 F 3 Real v v X v v v X v v X
Oxford RobotCar [MPLN17]  (~20M F 3 Real v X X v X X v X X X

frames)®

LaMAR [SDS*22] 3 ¥ 3 Real v X X X X X v X X X
STheReO [YJK*22] 3 ¥ 3 Real v v X X X X X X X X
FIORD [GTR*25] 10 ¥ 3 Real v v v X X X X X X X
MVSEC [ZT0O* 18] 11 ¥ 3 Real v v X v X X v X X X
BEDLAM2.0 [TBA*25] 15 A % Synthetic v v X X v X X X X X
%‘“mk;l:;‘?KPZKm 21 A% Rel X X v X X v X X X X
ETH3D [SSG*17] 25 ¥ 3 Real v v v X X X X X X X
NCLT [CBUEL16] 27 ¥ 3 Real v X X v X X v X X X
TUM-VI [SGD*18] 28 ¥ 3 Real v X X v X X v X X X
Sintel [BWSB12] 35 A % Synthetic v v X X v X X X X X

“For Oxford RobotCar [MPLN17], OmniWorld [ZWZ*26], and SPair-71k [MLPC19], we did not identify a reported scene count in the source used here;
frame or pair counts are shown to indicate dataset scale.

or spatial reasoning. Because geometry is assessed through task-
specific annotations, comparisons must align class vocabularies,
2D-3D label mappings, view and temporal splits, registrations,

query sets, and matching thresholds.

World-model targets extend observed geometry to future obser-
vations or actions. They assess geometry forecasting, future-view
or video generation, and action-conditioned rollouts using geomet-
ric consistency, visual fidelity, and, where applicable, task suc-
cess. Prediction horizon, conditioning, sample budget, and rollout-
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TABLE 4 (CONTINUED)
State-strengthening tasks Downstream-reuse tasks
Cam. 3D Long Dyn. Sem.  World Erpb.
Dataset #Scenes Type Source Dep NVS SLAM action/
pose recon. stream 4D Under. models plan
Datasets for 3D Reconstruction (continued)
ViViD++ [LCsS*22] 36 ¥ 3 Real v v X X X X X X X X
DAVIS [PPTM*16] 50 F 3 Real X X X X v v X v X X
Kubric [GBB*22] 10,000 A'#& Synthetic v v v X v X X X X X
OmniWorld [ZWZ*26] (18515M A g Real+ v v X v X X X v X
Synthetic
frames)
Datasets for NVS
CO3Dv2 [RSH*21] 51 (<) Real v X v X X v X X X X
NVS-HO [ACGF*26] 67 (<) Real X X X X X v X X X X
Deep Blending [HPP* 18] 19 a Real X X X X X v X X X X
ACID [LTJ*21] 891 F 3 Real X X X X X v X X X X
DyCheck [GLT*22] 7 ¥ 3 Real v v X X v v X X X X
LLFF [MSOC*19] 8 ¥ Real X X X X X v X X X X
Mip-NeRF 360 [BMV*22] 9 ¥ Real X X X X X v X X X X
HyperNeRF [PSB*21] 10 ¥ Real X X X X v v X X X X
RealEstate 10K [ZTF*18] ~10,000 A% Real v X X X X v X X v X
DL3DV-10K [LST*24] 10,510 A% Real v X X X X v X X v X
Datasets for other downstream tasks
SPair-71k [MLPC19] (70,958 (<) Real X X X X X X X v X X
pairs)
SIMPLER [LHG*24] 8 @ Synthetic X X X X X X X X X 4
CALVIN [MHRBB22] 34 @  Synthetic X X X X X X X X v 4
MetaWorld [YQH™*20] 50 A Synthetic X X X X X X X X X v
RoboTwin 2.0 [CCC*26] 50 A Synthetic X X X X X X X X v v
HOI4D [LLJ*22] 57 a Real X v v X v X X 4 X 4
ManiSkill 3 [TXS*25] 58 #A  Synthetic X X X X X X X X X v
DROID [KPN*24] 86 a Real X X X X X X X X 4 v
LIBERO [LZG*23] 130 @A Synthetic X X X X X X X X v 4
MVRefer [WWJ*26] 1,513 a Real X X X X X X X v X X
Cityscapes [COR*16] 5,000 F 3 Real X v X X X X X v 4 X
NAVSIM [DHL*24] 115,000 F 3 Real X X X X X X X X X 4
Ego-Exo4D [GWT*25] 131 A% Real v X X X v X X v v v
HoIHQ [ZGL*26] 3,000 A% Synthetic X X X X X X X X v X
i e 3400 @& Synthetic X X X X X X X X v x

dataset [HHL*26]

selection rule must be specified because a visually plausible single-
step future does not establish persistent geometry or useful long-
horizon state transitions.

Embodied targets report task or manipulation success rates, path
efficiency, collision rates, driving comfort, or trajectory quality. Ge-
ometry is evaluated indirectly through action outcomes, so the task
suite, demonstrations, camera setup, control horizon, policy initial-
ization, and encoder adaptation must be fixed before gains are at-
tributed to the geometric-state information supplied to the applica-
tion.

Across these applications, downstream scores—such as segmen-
tation accuracy, video quality, manipulation success rate, and tra-
jectory quality—characterize the resulting capability. The next sub-
section summarizes the observed limitations in dataset coverage
and target comparability.

5.4. Limitations of Current Datasets and Evaluation Targets

The reviewed tasks do not have equal evaluation coverage. Static
RGB geometry and NVS have comparatively mature datasets and
targets, whereas long streams, dynamic scenes, specialized sensors,
semantic persistence, embodied interaction, and world-model pre-
diction rely on smaller or task-specific collections. Few datasets
contain the geometric, temporal, semantic, and action annotations
needed to evaluate several capabilities on the same scenes.

Evaluation targets also vary within a dataset. Input count, im-
age resolution, temporal window, train—test split, scale alignment,
model adaptation, and hardware are not standardized across papers.
Moreover, current targets rarely test what geometric information
Zgeo retains, and cameras, depth maps, point maps, and tracks in
Regeo are often scored separately without checking whether they de-
scribe consistent geometry. Dataset coverage is therefore uneven,
and results obtained under different target settings are not directly
comparable.
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Table 5: Evaluation for geometric state strengthening. Each group lists its evaluation focus, representative datasets, key metrics, and com-
parison conditions. Common geometric measures are summarized above the groups.

Evaluation focus Representative datasets

Key metrics

Key comparison conditions

Common geometry metrics, selected by task:

Pose: relative rotation / translation accuracy (RRA / RTA), pose area under the curve (AUC).
Depth: absolute relative error (AbsRel), root mean squared error (RMSE), threshold accuracy at 1.25 (8;).

Surface: Chamfer distance (CD), accuracy, completeness.

Diverse-input 3D reconstruction
Geometry with diverse Pose: CO3Dv2 [RSH*21]
inputs Depth: NYU-v2 [SHKF12]
Surface: DTU [JDV*14]
Multimodal: ViViD++ [LCsS*22]
Event: MVSEC [ZTO* 18]
Panoramic: Replica360-2K [RAYR22]

Efficient 3D reconstruction
Geometry quality and
computation

Pose: CO3Dv2 [RSH*21]
Geometry: ETH3D [SSG*17];
ScanNet [DCS*17]

Robust 3D reconstruction
Geometry under adverse
conditions or outlier views

Adverse conditions: Dark3R [GMT*26];
FIORD [GTR*25]
Outlier views: ETH3D [SSG*17]

Streaming and long-sequence 3D reconstruction
Trajectory drift, retained Trajectory: TUM RGB-D [SEE*12]; KITTI
geometry, and resource use ~ Odometry [GLU12]
Long sequences: TartanAir [WZW*20];
Waymo [SKD*20]

Dynamic 3D reconstruction
Dynamic geometry, motion, Camera / depth: Bonn [PBL*19]
and segmentation Motion: PointOdyssey [ZHS*23];
Kubric [GBB*22]
Masks / views: DAVIS [PPTM*16];
DyCheck [GLT*22]

Pose / depth / surface metrics for
the supplied inputs

Geometry metrics;

FPS / latency;

peak GPU memory;
FLOPs / bits per weight

Depth: AbsRel / RMSEg / 81
pose: RRA /RTA / AUC;
rotation / translation-direction error

Geometry metrics;

ATE / RPE;

translation / rotation drift;
FPS / peak GPU memory

Geometry metrics / ATE;
3D endpoint error;
mask IoU / boundary F-score

Input modality / sparsity / noise;
camera model / calibration;
view count / metric scale;
backbone adaptation

Views / resolution / batch size;
precision / token budget;
architecture / hardware;
timing scope

Environment / degradation severity;
distractor ratio / view overlap;
paired clean and degraded inputs;
adaptation

Offline / causal processing;
sequence / window length;
chunk overlap / stride;

memory budget / warm-up;
alignment / loop closure / revisits

Static—dynamic split;

frame span / camera motion;
mask availability;

scale / temporal alignment

ATE: absolute trajectory error; RPE: relative pose error; RMSE,q,: RMSE of log-depth; FPS: frames per second; FLOPs: floating-point operations; IoU:

intersection over union.

6. Open Challenges

The preceding sections show that progress is uneven. Feed-forward
reconstruction is well established for bounded, predominantly
static image sets, and later methods address diverse inputs, re-
source limits, difficult sensing, long streams, and scene motion.
Reuse is also well developed for rendering and geometric mapping,
but remains less established for semantic, geometry-aware world-
model, and embodied applications. The reviewed evidence exposes
3 field-level problems concerning the reliability of geometric state,
its adaptation to different applications, and dataset and benchmark
design for identifying the contribution of geometric state:

e How can geometric state remain reliable and persistent as mea-
surements, sequence length, and scene motion change?

e How can geometric representations adapt to the different infor-
mation required by downstream applications?

e How should datasets and benchmarks be designed to determine

whether application gains result from changes in or reuse of ge-

ometric state?

The 3 subsections below discuss these problems in turn, summa-
rizing current evidence, the remaining gap, and promising research

directions.

6.1. Reliable and Persistent Geometric State

Recent work has strengthened feed-forward reconstruction in sev-
eral aspects. Diverse-input models accept camera parameters,
depth, partial geometry, LiDAR, or non-standard visual inputs; ro-
bust models address degraded and ambiguous visual evidence; ef-
ficient models reduce the cost of a forward pass; streaming and
long-sequence models transfer and align state across windows; and
dynamic models represent scene motion. These advances extend
Zgeo and Rgeo beyond clean, fixed RGB image sets, but they do
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Table 6: Evaluation for downstream geometric-state reuse. Rows link evaluation tasks to representative datasets, key metrics, and comparison
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conditions within each application group.

Evaluation task

Representative datasets

Key metrics

Key comparison conditions

NVS
Static-scene NVS

Dynamic-scene NVS

SLAM

Tracking and mapping

Visual odometry

Relocalization

Place recognition

RealEstate 10K [ZTF*18];
DL3DV-10K [LST*24]
CO3Dv2 [RSH*21]; Mip-NeRF

360 [BMV*22]

DAVIS [PPTM* 16]; DyCheck [GLT*22];

HyperNeRF [PSB*21]

TUM RGB-D [SEE*12]; EuRoC [BNG*16]

KITTI [GLU12]; TUM-VI [SGD* 18]

Cambridge Landmarks [KGC15];
LaMAR [SDS*22]

NCLT [CBUEI16]; Oxford
RobotCar [MPLN17]

Semantic 3D scene understanding

3D semantic prediction and

mapping

Language-based 3D scene

reasoning

ScanNet200 [RLD22];
ARKitScenes [BCD*21]

SPair-71k [MLPC19]

MVRefer [WWJ*26]

Geometry-aware world models

Video-depth prediction

Video generation

Action prediction / rollout

selection

Cityscapes [COR* 16]; TartanAir [WZW*20]

HolHQ [ZGL*26];

Scene-Decoupled-Video-dataset [HHL*26]

DROID [KPN*24]; LIBERO [LZG*23]

Embodied action and planning

Manipulation

Long-horizon policies /
generalization

Driving

ManiSkill 3 [TXS*25]; RoboTwin
2.0 [CCC*26]; DROID [KPN*24]

LIBERO [LZG*23]; CALVIN [MHRBB22];

SIMPLER [LHG*24]

NAVSIM [DHL*24]

PSNR / SSIM / LPIPS

PSNR / SSIM / LPIPS

Trajectory: ATE / RPE;
map: accuracy / completeness

ATE / RPE;
translation / rotation drift

Translation / rotation error;
localization recall

Recall@K

Prediction: mIoU / AP

Correspondence: PCK

Grounding accuracy

at IoU 0.25

AbsRel / RMSE

Visual: PSNR / SSIM / LPIPS /
FVD;
geometry: reprojection error / PCK

Task success rate

Task success rate

Task success rate

PDM score

Input / target views;
cameras / resolution;
scene-specific optimization

View / temporal split;
masks / dynamic content;
scene-specific optimization

Trajectory / alignment;
loop closure / map retention

Trajectory length;
scale / pose alignment
Query / reference split;
map / pose thresholds

Query / retrieval database;
matching threshold / K

Class vocabulary;
2D-3D label mapping
View split;

keypoint threshold
Language queries;
view split;

grounding threshold

Prediction horizon;
camera conditioning

Camera / interaction conditions;
sampling budget;
teacher forcing

Action conditioning;
horizon / rollout budget;
selection policy

Task suite / demonstrations;
cameras / control horizon

Task sequence / test conditions;
policy initialization;

encoder adaptation

Scenario split;

camera setup / control horizon

PSNR: peak signal-to-noise ratio; SSIM: structural similarity index measure; LPIPS: learned perceptual image patch similarity; FVD: Fréchet video distance;

mloU: mean intersection over union; AP: average precision; PCK: percentage of correct keypoints. Geometric metric abbreviations follow Table 5.
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not yet provide a single state that remains reliable as sensing con-
ditions, scene extent, and time change together.

The first problem is that a supplied measurement is not guaran-
teed to remain in the final geometry. In many diverse-input mod-
els, known depth, metric scale, calibration, or LIDAR samples are
encoded into deo and decoded through learned heads. The re-
sulting structured geometric outputs can improve without show-
ing which measured values were preserved, which regions were
completed by the model, or which predictions are unreliable. Map-
Anything [KMS*26] and LiDAR-VGGT [WGX*26] make geo-
metric constraints more explicit, but they do not establish a com-
mon test for measurement preservation and uncertainty.

The second problem is that no reviewed system simultane-
ously handles bounded computation and memory, a stable global
coordinate frame, reliable recognition of revisited places, and
persistent identities for moving objects as a sequence grows.
StreamVGGT [ZZG*26] and FrameVGGT [XO026a] explore
cached or bounded short-term context, Anchor3R [TCD*26] in-
troduces transient anchors for long-horizon alignment, and PAGE-
4D [ZWC*26] and DynamicVGGT [HLL*26] model scene mo-
tion. These components remain separate, however, and have not
been unified with the diverse sensing settings reviewed in Sec-
tion 3.1. A short-term cache may forget global anchors, a compact
state may discard observations needed later, and a static map may
absorb moving objects into inconsistent geometry. The open ques-
tion is how a single system can retain measured geometry, maintain
global consistency, and separate persistent structure from change
over long streams.

A useful direction is to retain measurement-linked geometry
with explicit uncertainty and provenance, together with short-term
information for current reconstruction, long-term anchors for scale
and revisits, and object records for identity and motion. These com-
ponents should remain geometrically aligned while being updated
at different rates.

6.2. Adaptive Geometric Representations for Downstream
Applications

The 5 application groups need different parts of geometric state.
NVS uses surfaces, viewpoints, and appearance; SLAM uses a sta-
ble coordinate frame, trajectories, and long-term anchors; seman-
tic applications attach objects and language to 3D locations; world
models use state that changes with time and action; and embodied
applications need free space, contact geometry, and reliability for
action. Existing systems show that structured geometric outputs,
multi-view geometry latent features, or their combination can sup-
port each individual requirement.

The problem is that these choices are made separately for each
application. Some methods use one decoded output, whereas others
use multi-view geometry latent features or distilled features, and
their comparisons use different architectures and targets. Passing
every feature and output is costly, while discarding information can
remove what another application needs. There is still no common
geometric state that can expose the information needed by different
applications without rebuilding a separate representation for each
application.
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A useful direction is an adaptable state with stable geometric an-
chors and task-specific access: surfaces and cameras for rendering,
camera trajectories and persistent landmarks for mapping, object-
linked geometry for semantics, local constraints for action, and
time-varying entities for prediction. Matched comparisons of Rgeo,
Zgeo, and their combination should test which parts are needed for
each capability under the same data, supervision, and model ca-
pacity. The goal is a common state that applications can select and
adapt to their needs.

6.3. Dataset Design for Benchmarking Geometric State

The central evaluation problem is whether an application gain ac-
tually comes from geometric-state reuse. A higher rendering, map-
ping, semantic, prediction, or action score does not answer this
question when a method also changes the application architec-
ture, adds supervision, increases model capacity, or introduces task-
specific adaptation. Current results therefore establish that the com-
plete application improved, but often cannot isolate the contribution
of Zgeo or Rgeo.

A direct test requires a controlled comparison within the same
application. The application model, training data, supervision, and
training budget remain unchanged, while its input is replaced in
turn by Rgeo, Zgeo, their combination, and a baseline without
VGGT geometric state. If an application improves only when
geometric-state information is provided, the performance differ-
ence can be attributed to that information more directly. This com-
parison also reveals whether the application needs structured geo-
metric outputs, multi-view geometry latent features, or their com-
bination.

A benchmark for this purpose must make the controlled com-
parison reproducible. It needs a fixed data split, a fixed application
model and training recipe, and evaluation targets for both geome-
try and the application outcome. Each geometric-state input is then
tested under the same evaluation setup, and the benchmark reports
both the change in geometric quality and the corresponding change
in application performance. This design would show whether im-
proving or using the geometric state leads to a measurable applica-
tion gain, rather than merely showing that two different complete
systems obtain different scores.

7. Conclusion

This survey organizes the VGGT [WCK™25] lineage around one
geometric state with two components: the multi-view geometry la-
tent features Zgeo and the structured geometric outputs Rgeo. State-
strengthening work improves how this state is formed from diverse
inputs, computed efficiently, made robust, retained over streams,
and extended to dynamic 3D reconstruction. State-reuse work uses
structured geometric outputs, multi-view geometry latent features,
or their combination for NVS, SLAM, semantic 3D scene under-
standing, geometry-aware world models, and embodied action and
planning.

The dataset and benchmark analysis reveals uneven evaluation
coverage: static reconstruction and rendering are well supported,
whereas long-stream, dynamic, and task-oriented settings rely more
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heavily on specialized resources. Open challenges include main-
taining reliable and persistent geometric state, adapting represen-
tations to different applications, and designing datasets and bench-
marks that isolate whether application gains arise from changes in
or reuse of geometric state. Addressing these challenges can extend
VGGT [WCK*25]-based geometric state from isolated reconstruc-
tion outputs to broader applications.

References

[ACGF*26] ALI M., CARRANZA-GARCIA M., FIORAIO N., SALTI S.,
STEFANO L. D.: NVS-HO: A Benchmark for Novel View Synthesis of
Handheld Objects. arXiv preprint arXiv:2602.05822 (2026). 1, 16

[AIC*26] ASFOUR A., INDRIS C., CHEN L., VYAS T., WANG G.: Dis-
tilling 3D Spatial Reasoning into a Lightweight Vision-Language Model
with CoT. arXiv preprint arXiv:2605.09719 (2026). 10, 12

[AMBG*22] AZINOVIC D., MARTIN-BRUALLA R., GOLDMAN D. B,
NIESSNER M., THIES J.: Neural RGB-D Surface Reconstruction. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2022). 15

[AMS*25] ABOUZEID A., MANSOUR M., SUN Q., SUN Z., SONG
D.: GeoAware-VLA: Implicit Geometry Aware Vision-Language-
Action Model. arXiv preprint arXiv:2509.14117 (2025). 1, 10, 12

[ASZS17] ARMENI 1., SAX S., ZAMIR A. R., SAVARESE S.: Joint
2D-3D-Semantic Data for Indoor Scene Understanding. arXiv preprint
arXiv:1702.01105 (2017). 15

[BCD*21] BARUCH G., CHEN Z., DEHGHAN A., DIMRY T., FEIGIN
Y., Fu P., GEBAUER T., JOFFE B., KURZ D., SCHWARTZ A., SHUL-
MAN E.: ARKitScenes: A Diverse Real-World Dataset for 3D Indoor
Scene Understanding Using Mobile RGB-D Data. In Neural Information
Processing Systems Datasets and Benchmarks Track (NeurlPS Datasets
and Benchmarks) (2021). 15, 18

[BMBR25] BRATULIC J., MITTAL S., BROX T., RUPPRECHT C.: On
Geometric Understanding and Learned Priors in Feed-Forward 3D Re-
construction Models. arXiv preprint arXiv:2512.11508 (2025). 5

[BMV*22] BARRONJ. T., MILDENHALL B., VERBIN D., SRINIVASAN
P. P., HEDMAN P.: Mip-NeRF 360: Unbounded Anti-Aliased Neural Ra-
diance Fields. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2022). 13, 16, 18

[BNG*16] BURRI M., NIKOLIC J., GOHL P., SCHNEIDER T., REHDER
J., OMARI S., ACHTELIK M. W., SIEGWART R.: The EuRoC Micro
Aerial Vehicle Datasets. The International Journal of Robotics Research
(IJRR) (2016). 15, 18

[BWSB12] BUTLER D.J., WULFF J., STANLEY G. B., BLACK M. J.:
A Naturalistic Open Source Movie for Optical Flow Evaluation. In Eu-
ropean Conference on Computer Vision (ECCV) (2012). 15

[CBL*20] CAESAR H., BANKITI V., LANG A. H., VOrRA S., LI1-
ONG V. E., XU Q., KRISHNAN A., PAN Y., BALDAN G., BEJBOM
O.: nuScenes: A Multimodal Dataset for Autonomous Driving. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2020). 15

[CBUE16] CARLEVARIS-BIANCO N., USHANI A. K., EUSTICE R. M..:
University of Michigan North Campus Long-Term Vision and LiDAR
Dataset. The International Journal of Robotics Research (IJRR) (2016).
15, 18

[CCC*26] CHENT., CHENZ.,CHENB., CAIZ.,LIU Y., LI Z., LIANG
Q.,LINX.,GEY.,GU Z., DENG W., GUO Y., NIAN T., XIE X., CHEN
Q., SUK., Xu T, Liu G., HU M., ANG GAO H., WANG K., LIANG
Z., QIN Y., YANG X., Luo P.,, MU Y.: RoboTwin 2.0: A Scalable
Data Generator and Benchmark with Strong Domain Randomization for
Robust Bimanual Robotic Manipulation. In International Conference on
Machine Learning (ICML) (2026). 14, 16, 18

R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[CCX*26] CHENG C., CHEN X., XIET., YIN W., REN W., ZHANG Q.,
GuUo X., WANG H.: LongStream: Long-sequence streaming autoregres-
sive visual geometry. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR) (2026). 8,9

[CDF*17] CHANG A. X., DAI A., FUNKHOUSER T., NIESSNER M.,
SAVVA M., SONG S., ZENG A., ZHANG Y.: Matterport3D: Learning
from RGB-D Data in Indoor Environments. In International Conference
on 3D Vision (3DV) (2017). 15

[CDW*26] CHEN X., DENG T., WANG R., WANG F., MA J., SHEN H.,
WANG H., WANG D.: VGGT-Occ: Geometry-Grounded and Density-
Aware Gated Fusion for 3D Occupancy Prediction. arXiv preprint
arXiv:2605.16911 (2026). 10, 11

[CHH*26] CHEN T., HU Y., HAN Y., XU H., JI D., ZHU Q., YU C.,
ZHANG X., CHEN C., DING C., ZANG Y., L1 X., MA J., ZHU L.: HD-
VGGT: High-Resolution Visual Geometry Transformer. arXiv preprint
arXiv:2603.27222 (2026). 6, 8

[CLPS26] CHo1 J., LEE S., PARK S., SHIM H.: Dense Reward for
Multi-View 3D Reasoning with Global Maps and Local Views. In Euro-
pean Conference on Computer Vision (ECCV) (2026). 10, 12

[CLW*26] CAO0 Y., LIU Y., WANG G., L1U Z., WANG K., ZHANG X.,
Yu J., Tu X.: EAGLE: Episodic Appearance- and Geometry-Aware
Memory for Unified 2D-3D Visual Query Localization in Egocentric
Vision. In AAAI Conference on Artificial Intelligence (AAAI) (2026). 10,
12

[CLZ*26] CHENR., LIF., ZHoUu C.,LIZ., MA Z., Guo H.: OF3GS:
On-the-Fly Feed-Forward 3D Gaussian Splatting from Unposed Images.
arXiv preprint arXiv:2606.03254 (2026). 10, 11

[CMH20] CABON Y., MURRAY N., HUMENBERGER M.: Virtual KITTI
2. arXiv preprint arXiv:2001.10773 (2020). 15

[COR*16] CORDTS M., OMRAN M., RAMOS S., REHFELD T., EN-
ZWEILER M., BENENSON R., FRANKE U., ROTH S., SCHIELE B.:
The Cityscapes Dataset for Semantic Urban Scene Understanding. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2016). 13, 14, 16, 18

[CQL*26] CHENY., QiU Y., LIR., PATRIKAR J., SCHERER S.: Co-Me:
Confidence-Guided Token Merging for Visual Geometric Transformers.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 14590-14599. 7, 8

[CQS*26] CHEN Z., QU Y., SHEN Y., CHENG X., CAO L.: Stere-
oVGGT: A Training-Free Visual Geometry Transformer for Stereo Vi-
sion. arXiv preprint arXiv:2603.29368 (2026). 6, 8

[CSA*25] CABON Y., STOFFL L., ANTSFELD L., CSURKA G.,
CHIDLOVSKII B., REVAUD J., LEROY V.: MUSt3R: Multi-view Net-
work for Stereo 3D Reconstruction. In IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR) (2025), pp. 1050-1060.
1

[CW26] CHEN G., WANG W.: A Survey on 3D Gaussian Splatting. ACM
Computing Surveys (CSUR) 58, 12 (2026), 1-39. 1

[CWC*26] CAO Y., WU F., CHEN D. Z., ZHONG Y., HONG L., XU
D.: VGGT-Det: Mining VGGT Internal Priors for Sensor-Geometry-
Free Multi-View Indoor 3D Object Detection. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR) (2026), pp. 4708—
4717. 10, 11

[CXFM26] CORDONNIER J., XU C., FINK O., MIELLE M.: Unpaired
RGB-thermal gaussian-splatting using visual geometric transformers.
In MM-SpatialAl Workshop at the IEEE International Conference on
Robotics and Automation (ICRA Workshop) (2026). 10, 11

[CZY*26] CHEN Z., ZHANG M., YU X., Luo X., SUN M., PAN Z.,
AN X., FENG Y., PEI P., CA1 X., HUANG R.: Think with 3D: Ge-
ometric Imagination Grounded Spatial Reasoning from Limited Views.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026). 10, 12

[DCL*26] DENG T., CHEN X., L1 Z., SHEN H., ZHAI S., WANG D.,
CIVERA J., WANG H.: UniPR-3D: Towards Universal Visual Place



R. Chen et al. / VGGT for 3D Reconstruction and Beyond

Recognition with Visual Geometry Grounded Transformer. In European
Conference on Computer Vision (ECCV) (2026). 10, 11

[DCS*17] DAl A., CHANG A. X., SAVWA M., HALBER M.,
FUNKHOUSER T., NIESSNER M.: ScanNet: Richly-Annotated 3D Re-
constructions of Indoor Scenes. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR) (2017). 13, 15, 17

[DHL*24] DAUNER D., HALLGARTEN M., L1 T., WENG X., HUANG
Z., YANG Z., L1 H., GILITSCHENSKI I., IVANOVIC B., PAVONE M.,
GEIGER A., CHITTA K.: NAVSIM: Data-Driven Non-Reactive Au-
tonomous Vehicle Simulation and Benchmarking. In Advances in Neural
Information Processing Systems (NeurIPS) (2024). 14, 16, 18

[DHZ*26] DUAN R., HONG E., ZHAO D., TURNER E., WONG A.,
ZHOU Y.: Fisheye3R: Adapting Unified 3D Feed-Forward Foundation
Models to Fisheye Lenses. In European Conference on Computer Vision
(ECCV) (2026). 6, 8

[DIX*26] Da1rlJ., JINR., Xu B., CHEN Y., XU L., YU M., XUE T.,
GUO S.: AsyncEvGS: Asynchronous event-assisted gaussian splatting
for handheld motion-blurred scenes. arXiv preprint arXiv:2605.07192
(2026). 10, 11

[DL26] DANG N., L1 B.: MultiLoc: Multi-view guided relative pose
regression for fast and robust visual re-localization. arXiv preprint
arXiv:2603.27170 (2026). 10, 11

[DLW*26] DENG J., L1 Y., WANG J., WANG S., CHEN T., YANG H.,
Hu J.: SAF3R: Dynamic sparse attention for feed-forward 3D recon-
struction transformers. In European Conference on Computer Vision
(ECCV) (2026). 7, 8

[DSK*26] DAIW., SUW., KONG D., MING Y., KONG W.: Keyframe-
based feed-forward visual odometry. arXiv preprint arXiv:2601.16020
(2026). 10, 11

[DTX*26] DENG K., T1 Z., XU J., YANG J., XIE J.: VGGT-Long:
Chunk it, Loop it, Align it — Pushing VGGT’s Limits on Kilometer-scale
Long RGB Sequences. In IEEE International Conference on Robotics
and Automation (ICRA) (2026). 8,9

[DWW*25] DENG T., WU W., WU K., WANG G., ZHU S., YUAN
S., CHEN X., SHEN G., Liu Z., WANG H.: Reloc-VGGT: Visual
Re-localization with Geometry Grounded Transformer. arXiv preprint
arXiv:2512.21883 (2025). 10, 11

[DXL*26] DING T., XIE Y., LIANG Y., CHATTERJEE M., MIRALDO P.,
JIANG H.: LASER: Layer-wise scale alignment for training-free stream-
ing 4D reconstruction. In IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR) (2026). 8,9

[DXW*26] DENG T., XIONG Z., WANG N., WANG F., L1U J., YANG
J., WANG H.: Mamba-VGGT: Persistent long-sequence video geome-
try grounded transformer via external sliding window Mamba memory.
arXiv preprint arXiv:2605.17478 (2026). 8,9

[DYC*26] DUH., YEJ.,CONG X., LIR., N1J., AGARWAL A., ZHOU
Z.,L1Z., BALESTRIERO R., WANG Y.: VideoGPA: Distilling geometry
priors for 3D-consistent video generation. In International Conference
on Machine Learning (ICML) (2026). 10, 12

[ELA*26] ELFLEIN S., L1 R., AGOSTINHO S., GoJCIC Z., LEAL-
TAIXE L., ZHOU Q., OSEP A.: VGG-T3: Offline Feed-Forward 3D
Reconstruction at Scale. In IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR) (2026), pp. 36464-36474. 8,9

[FAP*26] FATYKHOPH D., AKHTYAMOV T., PAKULEV K., DEVCHICH
G., FERRER G.: MuViSeg: Multi-view segment correspondences from
dense geometry priors. arXiv preprint arXiv:2607.17938 (2026). 10, 11

[FQW*26] FENG W., QIN H.,, WU M., YANGC.,L1Y.,, LI X., AN Z.,
HUANG L., ZHANG Y., MAGNO M., XU Y.: Quantized Visual Geom-
etry Grounded Transformer. In International Conference on Learning
Representations (ICLR) (2026). 7, 8

[FW26] FAN N., WANG Y.: SSR-GS: Separating specular reflection
in gaussian splatting for glossy surface reconstruction. arXiv preprint
arXiv:2603.05152 (2026). 10, 11

21 of 27

[GBB*22] GREFF K., BELLETTI F., BEYER L., DOERSCH C., DU Y.,
DUCKWORTH D., FLEET D. J., GNANAPRAGASAM D., GOLEMO F.,
HERRMANN C., KipF T., KUNDU A., LAGUN D., LARADII I., L1U
H.-T., MEYER H., MI1AO Y., NOWROUZEZAHRAI D., OZTIRELI C.,
Pot E., RADWAN N., REBAIN D., SABOUR S., SAJJADI M. S. M.,
SELA M., SITZMANN V., STONE A., SUN D., VORA S., WANG Z.,
Wu T., YI K. M., ZHONG F., TAGLIASACCHI A.: Kubric: A scalable
dataset generator. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR) (2022), pp. 3749-3761. 13, 16, 17

[GCT*25] Guo M., Ca0 M., TAao J., XU R., YAN Y., LIANG X.,
LAPTEV 1., CHANG X.: GLaD: Geometric Latent Distillation for
Vision-Language-Action Models. arXiv preprint arXiv:2512.09619
(2025). 10, 12

[GCW*26] GuUO Y., CHAO M., WANG L., ZHAO T., DAI H., ZHANG
Y., YU J., SHI Y.: PanoVGGT: Feed-forward 3D reconstruction from
panoramic imagery. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR) (2026). 6, 8

[GHDE*26] GELENCSER-HORVATH A., DINYA G., EROS D. B.,
HALASZ P., MUQSIT I. M., KARACS K.: SceneVGGT: VGGT-Based
Online 3D Semantic SLAM for Indoor Scene Understanding and Navi-
gation. In IEEE International Conference on Image Processing (ICIP)
(2026). 10, 11

[GLLA26] GAO Y., L1 W., LUAN P.-C., ALAHI A.: Deformable Gaus-
sian Occupancy: Decoupling Rigid and Nonrigid Motion with Factorized
Distillation. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2026). 10, 11

[GLT*22] GaAoO H., L1R., TULSIANI S., RUSSELL B., KANAZAWA A.:
Monocular Dynamic View Synthesis: A Reality Check. In Advances in
Neural Information Processing Systems (NeurlPS) (2022). 13, 16, 17,
18

[GLU12] GEIGER A., LENZ P., URTASUN R.: Are We Ready for Au-
tonomous Driving? The KITTI Vision Benchmark Suite. In /JEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR)
(2012). 13, 15,17, 18

[GMT*26] GuO A. Y., MALIK A., TEDLA S., DAl Y., QIN Y.,
SALEHE Z., ATTAL B., NOUSIAS S., KUTULAKOS K. N., LINDELL
D. B.: Dark3R: Learning Structure from Motion in the Dark. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 34160-34170. 15, 17

[GRG*21] GEHRIG D., RUEGG M., GEHRIG M., HIDALGO-CARRIO
J., SCARAMUZZA D.: Combining Events and Frames Using Recurrent
Asynchronous Multimodal Networks for Monocular Depth Prediction.
IEEE Robotics and Automation Letters (RA-L) (2021). 15

[GTR*25] GUNES U., TURKULAINEN M., REN X., SOLIN A., KAN-
NALA J., RAHTU E.: FIORD: A fisheye indoor-outdoor dataset with
LiDAR ground truth for 3D scene reconstruction and benchmarking. In
Scandinavian Conference on Image Analysis (SCIA) (2025), pp. 3-17.
15,17

[GWC*26] GU Y., WANG Z., CAa0 J., WANG J., ZHAO M., YE D.,
XU R.: Sparse View Distractor-Free Gaussian Splatting. arXiv preprint
arXiv:2603.01603 (2026). 10, 11

[GWT*25] GRAUMAN K., WESTBURY A., TORRESANI L., KITANI K.,
MALIK J., AFOURAS T., ASHUTOSH K., BAIYYA V., BANSAL S.,
BOOTE B., BYRNE E., CHAVIS Z., CHEN J., CHENG F., CHU F.-J.,
CRANE S., DASGUPTA A., DONG J., ESCOBAR M., FORIGUA C., GE-
BRESELASIE A., HARESH S., HUANG J., ISLAM M. M., JAIN S., KHI-
RODKAR R., KUKREJA D., LIANG K. J., L1U J.-W., MAJUMDER S.,
MAO Y., MARTIN M., MAVROUDI E., NAGARAJAN T., RAGUSA F.,
RAMAKRISHNAN S. K., SEMINARA L., SOMAYAZULU A., SONG Y.,
SU S., XUE Z., ZHANG E., ZHANG J., CASTILLO A., CHEN C., Fu
X., FURUTA R., GONZALEZ C., GUPTA P., HU J., HUANG Y., HUANG
Y., KHOO W., KUMAR A., KUO R., LAKHAVANI S., L1U M., LUO M.,
Luo Z., MEREDITH B., MILLER A., OGUNTOLA O., PAN X., PENG
P., PRAMANICK S., RAMAZANOVA M., RYAN F., SHAN W., SOMA-
SUNDARAM K., SONG C., SOUTHERLAND A., TATENO M., WANG
H., WANG Y., YAGI T., YAN M., YANG X., YU Z., ZHA S. C., ZHAO



22 of 27

C.,ZHAOZ.,ZHU Z.,ZHUO J., ARBELAEZ P., BERTASIUS G., CRAN-
DALL D., DAMEN D., ENGEL J., FARINELLA G. M., FURNARI A.,
GHANEM B., HOFFMAN J., JAWAHAR C. V., NEWCOMBE R., PARK
H. S., REHG J. M., SATO Y., SAVVA M., SHIJ., SHOU M. Z., WRAY
M.: Ego-Ex04D: Understanding Skilled Human Activity from First- and
Third-Person Perspectives. [International Journal of Computer Vision
(1JCV) 133,12 (2025), 8356-8435. 13, 14, 16

[GZT*26] GAO Y., ZHANG B., TANG Z., Lia0o J., WU W., LIU S.:
VGGT-Segmentor: Geometry-Enhanced Cross-View Segmentation. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 21690-21700. 10, 11

[GZX*26] GES.,ZHANG Y., XIE S., ZHANG W., ZHOU M., WANG Z.:
VGGT-DP: Generalizable Robot Control via Vision Foundation Models.
In AAAI Conference on Artificial Intelligence (AAAI) (2026). 10, 12

[HCD*26] HE S., CHEN Z., DING H., SHAO D., SHI J., L1 C., HUO
J., GAO Y.: V-Dreamer: Automating Robotic Simulation and Trajectory
Synthesis via Video Generation Priors. In Workshop on Generative Digi-
tal Twins for Real2Sim and Sim2Real Transfer at the IEEE International
Conference on Robotics and Automation (ICRA Workshop) (2026). 10,
12

[HCGS20] HIDALGO-CARRIO J., GEHRIG D., SCARAMUZZA D.:
Learning Monocular Dense Depth from Events. In International Con-
ference on 3D Vision (3DV) (2020). 15

[HCX*25] HOSSEINZADEH M., CHNG S.-F., XU Y., LUCEY S., REID
I., GARG R.: G3Splat: Geometrically consistent generalizable gaussian
splatting. arXiv preprint arXiv:2512.17547 (2025). 10

[HCY*25] Hu Y., CHENG C., YU S., Guo X., WANG H.: VGGT4D:
Mining motion cues in visual geometry transformers for 4D scene recon-
struction. arXiv preprint arXiv:2511.19971 (2025). 8,9

[HHJ*26] HAN J., HONG S., JUNG J., JANG W., AN H., WANG Q.,
KiM S., FENG C.: Emergent outlier view rejection in visual geometry
grounded transformers. In IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR) (2026). 7, 8

[HHL*26] HUANG K., HUANG Y., L1 Y., BA1 J., WANG X., LIN Z.,
NING X., YU J., WAN P., WANG Y., Liu X.: CineScene: Implicit
3D as Effective Scene Representation for Cinematic Video Generation.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026). 10, 12, 13, 16, 18

[HLL*26] HE Z.,L1J., L1 G., CHEN X., TANG J., ZHANG S., JIN Z.,
CAIF., LI B.,PuJ., CA1J., XUE X.: DynamicVGGT: Learning Dy-
namic Point Maps for 4D Scene Reconstruction in Autonomous Driving.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 35670-35679. 8, 9, 19

[HOBG25] Hu L., OUFROUKH N. A., BONARDI F., GHANDOUR
R.: EC3R-SLAM: Efficient and consistent monocular dense SLAM
with feed-forward 3d reconstruction. arXiv preprint arXiv:2510.02080
(2025). 10, 11

[HPP*18] HEDMAN P., PHILIP J., PRICE T., FRAHM J.-M., DRET-
TAKIS G., BROSTOW G.: Deep Blending for Free-Viewpoint Image-
Based Rendering. ACM Transactions on Graphics (TOG) (2018). 13,
16

[HWH*26] HUANG D., Wu G., HUANG C., Liu B., BAl D.: Tur-
boVGGT: Fast visual geometry reconstruction with adaptive alternating
attention. arXiv preprint arXiv:2605.14315 (2026). 7, 8

[HYG*26] HUANG R., YANG B., GUI W., MORGAN J., BIYIiK E., LI
J.: SyncTwin: Fast Digital Twin Construction and Synchronization for
Safe Robotic Manipulation. arXiv preprint arXiv:2601.09920 (2026).
10, 12

[HYZ*26] HUANG N., YU P., ZENG W., REHG J. M., KANAZAWA A.,
FENG H., WANG Q.: Self-improving 4D perception via self-distillation.
arXiv preprint arXiv:2604.08532 (2026). 8, 9

[JDV*14] JENSEN R. R., DAHL A. L., Voagiatrzis G., ToLA E.,
AANZS H.: Large Scale Multi-view Stereopsis Evaluation. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2014). 13, 15, 17

R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[IMX*25] JIANG L., MAO Y., XUL.,LUT.,RENK., JINY., XU X.,
YU M., PANG J., ZHAO F., LIN D., DAI B.: AnySplat: Feed-Forward
3D Gaussian Splatting from Unconstrained Views. ACM Transactions
on Graphics (TOG) 44, 6 (2025), 1-16. 1, 10

[JSLM26] JeEON J., SEOo D.-U., LEE E. M., MYUNG H.: AIM-
SLAM: Dense monocular SLAM via adaptive and informative multi-
view keyframe prioritization with foundation model. In IEEE Interna-
tional Conference on Robotics and Automation (ICRA) (2026). 10, 11

[JXY*26] Jiao X., XU J., YAN Z., CHEN X, PEI L.: G2IA: Geometry-
guided instance-aware retrieval and refinement for cross-modal place
recognition. arXiv preprint arXiv:2606.15287 (2026). 10, 11

[KGC15] KENDALL A., GRIMES M., CIPOLLA R.: PoseNet: A Con-
volutional Network for Real-Time 6-DOF Camera Relocalization. In
IEEE/CVF International Conference on Computer Vision (ICCV) (2015).
15, 18

[KKLD23] KERBL B., KOPANAS G., LEIMKUHLER T., DRETTAKIS G.:
3D Gaussian Splatting for Real-Time Radiance Field Rendering. ACM
Transactions on Graphics (TOG) 42, 4 (2023), 1-14. 1, 3,9, 11

[KKLK26] KANG W., KiM J., LEE J., KiMm T.-W.: Reference-induced
consensus for selective posed-reference visual localization.  arXiv
preprint arXiv:2607.04722 (2026). 10, 11

[KMS*26] KEETHA N., MULLER N., SCHONBERGER J., PORzI L.,
ZHANG Y., FISCHER T., KNAPITSCH A., ZAUSS D., WEBER E.,
ANTUNES N., LUITEN J., LOPEZ-ANTEQUERA M., BULO S. R.,
RICHARDT C., RAMANAN D., SCHERER S., KONTSCHIEDER P.: Map-
Anything: Universal Feed-Forward Metric 3D Reconstruction. In Inter-
national Conference on 3D Vision (3DV) (2026), pp. 499-509. 6, 8, 19

[KPN*24] KHAZATSKY A., PERTSCH K., NAIR S., BALAKRISHNA A.,
DASARI S., KARAMCHETI S., NASIRIANY S., SRIRAMA M., CHEN
L., ELLIS K., FAGAN P., HEJNA J., ITKINA M., LEPERT M., MA
Y., MILLER P., WU J., BELKHALE S., DASS S., HA H., JAIN A.,
LEE A., LEE Y., MEMMEL M., PARK S., RADOSAVOVIC 1., WANG
K., ZHAN A., BLACK K., CHI C., HATCH K., LIN S., LU J., MER-
CAT J., REHMAN A., SANKETI P., SHARMA A., SIMPSON C., VUONG
Q., WALKE H., WULFE B., X1A0 T., YANG J., YAVARY A., ZHAO
T., AGIA C., BAUAL R., CASTRO M., CHEN D., CHEN Q., CHUNG
T., DRAKE J., FOSTER E., GAO J., HERRERA D., HEO M., HSU K.,
Hu J.,JAcksoN D., LEC., L1 Y., LIN R., MA Z., MADDUKURI A.,
MIRCHANDANI S., MORTON D., NGUYEN T., O’NEILL A., SCALISE
R., SEALE D., SON V., TIAN S., TRAN E., WANG A., WU Y., XIE
A., YANG J., YIN P., ZHANG Y., BASTANI O., BERSETH G., BOHG
J., GOLDBERG K., GUPTA A., GUPTA A., JAYARAMAN D., LIM J.,
MALIK J., MARTIN-MARTIN R., RAMAMOORTHY S., SADIGH D.,
SONG S., WU J., YIp M., ZHU Y., KOLLAR T., LEVINE S., FINN
C.: DROID: A Large-Scale In-the-Wild Robot Manipulation Dataset. In
Robotics: Science and Systems (RSS) (2024). 14, 16, 18

[KPZK17] KNAPITSCH A., PARK J., ZHOU Q.-Y., KOLTUN V.: Tanks
and Temples: Benchmarking Large-Scale Scene Reconstruction. ACM
Transactions on Graphics (TOG) (2017). 15

[KSL*26] KiM Y., SONG W., LEw J., HWANGBO H., LEE J., YOON
S.: HeSS: Head Sensitivity Score for Sparsity Redistribution in VGGT.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 36509-36517. 7, 8

[KZC*26] KWEON M., ZHAO W., CHEN N., Liu L., HAN H., ZHU
Z., SHAKKOTTAI S., TIAN C., FAN Z.: DarkVGGT: Seeing Through
Darkness Using Thermal Geometry without Daylight Tax. arXiv preprint
arXiv:2606.11326 (2026). 7, 8

[LCH*26] LuU S.-Y., CHEN P.-T., Hsu H.-C., JHONG S.-Y., CHENG
W.-H., CHEN Y.-Y.: OVGGT: O(1) Constant-Cost Streaming Visual
Geometry Transformer. In European Conference on Computer Vision
(ECCV) (2026). 8

[LCK*25] LEE S., CHoI J., KANG I., KiMm J., PARK J., SHIM H.:
3D-Aware Vision-Language Models Fine-Tuning with Geometric Dis-
tillation. In Findings of the Association for Computational Linguistics:
EMNLP (Findings of EMNLP) (2025), pp. 10628-10647. 10, 12



R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[LCR24] LEROY V., CABON Y., REVAUD J.: Grounding Image Match-
ing in 3D with MASt3R. In European Conference on Computer Vision
(ECCV) (2024), pp. 71-91. 1

[LCsS*22] LEE A. J., CHO Y., SIK SHIN Y., KIM A., MYUNG H.:
ViViD++: Vision for Visibility Dataset. IEEE Robotics and Automation
Letters (RA-L) (2022). 16, 17

[LHG*24] L1 X., Hsu K., Gu J., PERTSCH K., MEES O., WALKE
H. R., Fu C., LUNAWAT 1., SIEH I., KIRMANI S., LEVINE S., WU J.,
FINN C., Su H., VUONG Q., X1A0 T.: Evaluating Real-World Robot
Manipulation Policies in Simulation. In Conference on Robot Learning
(CoRL) (2024). 16, 18

[LJL*26] LiuX.,JiD.,LiuL.,ZHUL., CHEN X., XU Q., SHUP., YU
H., JIANG J., GAO F., MA S.: CamGeo: Sparse Camera-Conditioned
Image-to-Video Generation with 3D Geometry Priors. In International
Conference on Machine Learning (ICML) (2026). 10, 12

[LLJ*22] Liu Y., Livu Y., JIANG C., Lyu K., WAN W., SHEN H.,
LIANG B., Fu Z., WANG H., Y1 L.: HOI4D: A 4D egocentric dataset
for category-level human-object interaction. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR) (2022), pp. 21013—
21022. 13,16

[LLSG25] L1 H., Luo L., SHI Y., GU X.: Analyzing the Mechanism
of Attention Collapse in VGGT from a Dynamics Perspective. arXiv
preprint arXiv:2512.21691 (2025). 7, 8

[LLT*25] Liu Y., Luo C., TANG Z., PENG J., ZHANG Z.: VGGT-
X: When VGGT Meets Dense Novel View Synthesis. arXiv preprint
arXiv:2509.25191 (2025). 10, 11

[LLY*26] LEEJ., LEE M., YANG S., KANG M., LEE S.: SwiftVGGT:
A Scalable Visual Geometry Grounded Transformer for Large-Scale
Scenes. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition Findings (CVPR Findings) (2026). 8,9

[LMW*26] Liu Y., MIN Z., WANG Z., WU J., WANG T., YUAN Y.,
Luo Y., Guo C.: WorldMirror: Universal 3D World Reconstruction

with Any-Prior Prompting. In International Conference on Machine
Learning (ICML) (2026). 6, 8

[LPX*26] Liu Y., PENG B., XING M., HUA T., CHEN J.: Water-
VGGT: Leveraging visual geometry and water-optics for robust 3D
reconstruction in underwater environments. Ocean Engineering 364
(2026), 127044. 7, 8

[LQW*26] L1 H., Q1 Z., WANG S. H., PENG K., WANG Z., GUO Q.,
HE S., YANG H.: PaceVGGT: Pre-alternating-attention token prun-
ing for visual geometry transformers. arXiv preprint arXiv:2605.08371
(2026). 7, 8

[LS18] L1 Z., SNAVELY N.: MegaDepth: Learning Single-View Depth
Prediction from Internet Photos. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR) (2018). 13, 15

[LST*24] LINGL., SHENG Y., TUZ., ZHAO W., XINC., WAN K., YU
L.,GuoQ.,YuZ,LuY,LIX., SUN X., ASHOK R., MUKHERJEE
A., KANG H., KONG X., HUA G., ZHANG T., BENES B., BERA A.:
DL3DV-10K: A Large-Scale Scene Dataset for Deep Learning-Based
3D Vision. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2024). 13, 16, 18

[LTH26] LAN Y., TANG R., HE L.: Geo-EVS: Geometry-Conditioned
Extrapolative View Synthesis for Autonomous Driving. arXiv preprint
arXiv:2604.07250 (2026). 10, 11

[LTJ*21] Liu A., TUCKER R., JAMPANI V., MAKADIA A., SNAVELY
N., KANAZAWA A.: Infinite Nature: Perpetual View Generation of Nat-
ural Scenes from a Single Image. In IEEE/CVF International Conference
on Computer Vision (ICCV) (2021). 13, 16

[LWW*25] LINJ., WANG K., WANG S., FAN S.,L1G., GAO W.: VGD:
Visual Geometry Gaussian Splatting for Feed-Forward Surround-View
Driving Reconstruction. arXiv preprint arXiv:2510.19578 (2025). 10

[LXG22] LiAoY., XIEJ., GEIGER A.: KITTI-360: A Novel Dataset and
Benchmarks for Urban Scene Understanding in 2D and 3D. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence (TPAMI) (2022).
15

23 of 27

[LXZK25] Lul., X1A0 H., ZHAO X., KANG W.: Gesplat: Robust Pose-
Free 3D Reconstruction via Geometry-Guided Gaussian Splatting. arXiv
preprint arXiv:2510.10097 (2025). 10, 11

[LYJ*26] LiuX.,YuC.,JiD.,ZHUQ., SUNL., L1 X., MA J., CHEN
T., ZHU L.: StreamCacheVGGT: Streaming visual geometry transform-
ers with robust scoring and hybrid cache compression. arXiv preprint
arXiv:2604.15237 (2026). 8

[LYX*26] L1 H., YANG W., XU F., TAN H., ZHANG H., LI S., XIA
G.-S.: Unifying UAV cross-view geo-localization via 3D geometric per-
ception. arXiv preprint arXiv:2604.01747 (2026). 10, 11

[LZG*23] Liu B., ZHU Y., Gao C., FENG Y., Liu Q., ZHU Y.,
STONE P.: LIBERO: Benchmarking Knowledge Transfer for Lifelong
Robot Learning. In Advances in Neural Information Processing Systems
(NeurIPS) (2023), vol. 36, pp. 44776-44791. 13, 16, 18

[MAJ*25] MAHDI S., AYAR F., JAVANMARDI E., TSUKADA M., JA-
VANMARDI M.: Evict3R: Training-free token eviction for memory-
bounded streaming visual geometry transformers. arXiv preprint
arXiv:2509.17650 (2025). 8

[MC26] MAGGIO D., CARLONE L.: VGGT-SLAM 2.0: Real-time Dense
Feed-forward Scene Reconstruction. In Robotics: Science and Systems
(RSS) (2026). 1, 10, 11

[MHRBB22] MEES O., HERMANN L., ROSETE-BEAS E., BURGARD
W.: CALVIN: A Benchmark for Language-Conditioned Policy Learn-
ing for Long-Horizon Robot Manipulation Tasks. IEEE Robotics and
Automation Letters (RA-L) (2022). 13, 16, 18

[MKHA26] MANDAL A., KUMAR R., HARITHAS S. S., ARORA C.:
VGGT-SLAM++. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPR Workshops) (2026). 10, 11

[MLC25] MaAGGIo D., Lim H., CARLONE L.: VGGT-SLAM: Dense
RGB SLAM Optimized on the SL(4) Manifold. In Advances in Neural
Information Processing Systems (NeurIPS) (2025), vol. 38. 1, 10, 11

[MLPC19] MIN J., LEE J., PONCE J., CHO M.: SPair-71k: A Large-
Scale Benchmark for Semantic Correspondence. In IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV) (2019). 15, 16, 18

[MPLN17] MADDERN W., PASCOE G., LINEGAR C., NEWMAN P.: 1
Year, 1000 km: The Oxford RobotCar Dataset. The International Journal
of Robotics Research (IJRR) (2017). 15, 18

[MSOC*19] MILDENHALL B., SRINIVASAN P. P., ORTIZ-CAYON R.,
KALANTARI N. K., RAMAMOORTHI R., NG R., KAR A.: Local
Light Field Fusion: Practical View Synthesis with Prescriptive Sampling
Guidelines. ACM Transactions on Graphics (TOG) (2019). 13, 16

[MST*20] MILDENHALL B., SRINIVASAN P. P., TANCIK M., BARRON
J. T., RAMAMOORTHI R., NG R.: NeRF: Representing Scenes as Neu-
ral Radiance Fields for View Synthesis. In European Conference on
Computer Vision (ECCV) (2020), pp. 405-421. 1, 3

[NHQ*25] NI Z., HE Y., QIAN L., MAo J., Fu F,, Sut W., Su H.,
PENG J., WANG Z., HE B.: VO-DP: Semantic-Geometric Adaptive
Diffusion Policy for Vision-Only Robotic Manipulation. arXiv preprint
arXiv:2510.15530 (2025). 10, 12

[ODM*24] OQUAB M., DARCET T., MOUTAKANNI T., VO H. V.,
SZAFRANIEC M., KHALIDOV V., FERNANDEZ P., HAzizA D.,
MASSA F., EL-NOUBY A., ASSRAN M., BALLAS N., GALUBA W.,
HOWES R., HUANG P.-Y., L1 S.-W., MISRA I., RABBAT M., SHARMA
V., SYNNAEVE G., XU H., JEGOU H., MAIRAL J., LABATUT P.,
JOULIN A., BOJANOWSKI P.: DINOv2: Learning Robust Visual Fea-
tures without Supervision. Transactions on Machine Learning Research
(TMLR) (2024). 3

[PBL*19] PALAZzZOLO E., BEHLEY J., LOTTES P., GIGUERE P.,
STACHNISS C.: ReFusion: 3D Reconstruction in Dynamic Environments
for RGB-D Cameras Exploiting Residuals. In IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS) (2019). 15, 17

[PCS*26] PARK J., CHOI D., SEO A., CHO M., SON J.: Diversity-
aware view partitioning for scalable VGGT. In European Conference on
Computer Vision (ECCV) (2026). 8,9



24 of 27

[PCY*23] PAN X., CHARRON N., YANG Y., PETERS S., WHELAN T.,
KONG C., PARKHI O., NEWCOMBE R., REN Y. C.: Aria Digital Twin:
A New Benchmark Dataset for Egocentric 3D Machine Perception. In
IEEE/CVF International Conference on Computer Vision (ICCV) (2023).
15

[PLD*26] PENG H., L1 H., DAT Y., LAN Y., LU0 Y., Q1 T., ZHANG
Z.,ZHAN Y., ZHANG J., XU W., L1U Z.: OmniVGGT: Omni-Modality
Driven Visual Geometry Grounded Transformer. In IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR) (2026),
pp. 36485-36497. 6, 8

[PPTM*16] PERAZZI F., PONT-TUSET J., MCWILLIAMS B., GOOL
L. V., GROSS M., SORKINE-HORNUNG A.: A Benchmark Dataset
and Evaluation Methodology for Video Object Segmentation. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2016). 16,17, 18

[PSB*21] PARK K., SINHA U., BARRON J. T., BouAziz S., GOLD-
MAN D. B., SEITZ S. M., MARTIN-BRUALLA R.: HyperNeRF: A
Higher-Dimensional Representation for Topologically Varying Neural
Radiance Fields. ACM Transactions on Graphics (TOG) (2021). 13,
16, 18

[PTX*26] PAN S., TANG C., XIE S., YANG K., ZHANG W., L1 J.,
CHEN B., XIA S.-T., WANG Z.: Tail-aware post-training quantization
for 3D geometry models. arXiv preprint arXiv:2602.01741 (2026). 7, 8

[PWW26] PAN Z., WANG H., WANG H.: QVGGT: Post-training quan-
tized visual geometry grounded transformer. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR) (2026). 7, 8

[PYWW26] PAN T., YANG X., WANG S., WANG X.: Visual geometry
transformer in the wild: Distractor-free 3D reconstruction. arXiv preprint
arXiv:2606.22787 (2026). 7, 8

[PZC26] PAN J., ZHOU L., CHEN B.: HyVGGT-VO: Tightly Cou-
pled Hybrid Dense Visual Odometry with Feed-Forward Models. arXiv
preprint arXiv:2604.02107 (2026). 10, 11

[QCL*25] QIANZ., CHIX.,L1Y., WANG S., QINZ., JU X., HAN S_,
ZHANG S.: WristWorld: Generating Wrist-Views via 4D World Models
for Robotic Manipulation. arXiv preprint arXiv:2510.07313 (2025). 1,
10, 12

[QLZ*26a] QIN K., L1J., ZLATANOVA S., WU H., WU H., GAO Y.,
ZHou D., L1 Y., SHEN S., QU X., ZHANG Z., YANG B., XU S.:
VGGT-geo: Probabilistic geometric fusion of visual geometry grounded
transformer priors for robust dense indoor SLAM. ISPRS International
Journal of Geo-Information (1JGI) 15, 2 (2026), 85. 10, 11

[QLZ26b] Qu J., L1 H., ZHANG L.: SegVGGT: Joint 3D Reconstruc-
tion and Instance Segmentation from Multi-View Images. In European
Conference on Computer Vision (ECCV) (2026). 1, 10, 11

[RAYR22] REY-AREA M., YUAN M., RICHARDT C.: 360MonoDepth:
High-resolution 360deg monocular depth estimation. In IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR) (2022),
pp- 3762-3772. 15, 17

[RCX*26] RAO Z., CHEN W., XIE L., HUA X., YIND., TIANZ., YU
F. R.: AugVLA-3D: Depth-Driven Feature Augmentation for Vision-
Language-Action Models. arXiv preprint arXiv:2602.10698 (2026). 10,
13

[RJS*26] REN]J., JIANG X., SONG Z., XU W., LIN H., LIANG D., BAI
X.: Wat3R: Underwater 3D geometry learning without annotations. In
European Conference on Computer Vision (ECCV) (2026). 7, 8

[RLD22] ROZENBERSZKID., LITANY O., DAI A.: Language-Grounded
Indoor 3D Semantic Segmentation in the Wild. In European Conference
on Computer Vision (ECCV) (2022). 13, 15, 18

[RSH*21] REIZENSTEIN J., SHAPOVALOV R., HENZLER P., SBOR-
DONE L., LABATUT P., NOVOTNY D.: Common Objects in 3D: Large-
Scale Learning and Evaluation of Real-Life 3D Category Reconstruc-
tion. In IEEE/CVF International Conference on Computer Vision (ICCV)
(2021). 13,16, 17, 18

R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[RZC*26] RENY.,ZHUJ.,CHENK.,L1Z.,0UJ., CAOZ., HUA T.,
SHI P., FU Y., ZHAO W., XIONG H.: EventVGGT: Exploring Cross-
Modal Distillation for Consistent Event-based Depth Estimation. In Eu-
ropean Conference on Computer Vision (ECCV) (2026). 6, 8

[SAC26] SINITSYN D., ARASLANOV N., CREMERS D.: RayTun3R:
Online camera adaptation in 3D foundation models. arXiv preprint
arXiv:2607.02711 (2026). 6, 8

[SDS*22] SARLIN P.-E., DUSMANU M., SCHONBERGER J. L., LARS-
SON V., POLLEFEYS M.: LaMAR: Benchmarking Localization and
Mapping for Augmented Reality. In European Conference on Computer
Vision (ECCV) (2022). 15, 18

[SEE*12] STURM J., ENGELHARD N., ENDRES F., BURGARD W.,
CREMERS D.: A Benchmark for the Evaluation of RGB-D SLAM Sys-
tems. In IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS) (2012). 15,17, 18

[SF16] SCHONBERGER J. L., FRAHM J.-M.: Structure-from-Motion
Revisited. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2016), pp. 4104-4113. 3

[SGD*18] SCHUBERT D., GOLL T., DEMMEL N., USENKO V., STUCK-
LER J., CREMERS D.: The TUM VI benchmark for evaluating visual-
inertial odometry. In IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS) (2018), pp. 1680-1687. 15, 18

[SGZ*13] SHOTTON J., GLOCKER B., ZACH C., I1ZADI S., CRIMINISI
A., FITZGIBBON A.: Scene Coordinate Regression Forests for Camera
Relocalization in RGB-D Images. In IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR) (2013). 15

[SHKF12] SILBERMAN N., HOIEM D., KOHLI P., FERGUS R.: Indoor
Segmentation and Support Inference from RGBD Images. In European
Conference on Computer Vision (ECCV) (2012). 15, 17

[SILV26] SUCAR E., INSAFUTDINOV E., LAI Z., VEDALDI A.: V-
DPM: 4D video reconstruction with dynamic point maps. In /IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR)
(2026). 8,9

[SKD*20] SUN P., KRETZSCHMAR H., DOTIWALLA X., CHOUARD
A., PATNAIK V., Tsul P., Guo J., ZHOU Y., CHAI Y., CAINE B.,
VASUDEVAN V., HAN W., NGIAM J., ZHAO H., TIMOFEEV A., ET-
TINGER S., KRIVOKON M., GAO A., JOSHI A., ZHANG Y., SHLENS
J., CHEN Z., ANGUELOV D.: Scalability in Perception for Autonomous
Driving: Waymo Open Dataset. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR) (2020). 13, 15, 17

[SLX*26] SHU Z., LIN C., XIE T., YIN W, L1 B.,, PU Z., L1 W,
YAO Y., CAO X., GUO X., LONG X.-X.: LiteVGGT: Boosting Vanilla
VGGT via Geometry-Aware Cached Token Merging. In IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR) (2026),
pp. 36422-36432. 7, 8

[SNP13] SUNDERHAUF N., NEUBERT P., PROTZEL P.: Are We There
Yet? Challenging SeqSLAM on a 3000 km Journey Across All Four Sea-
sons. In Workshop on Long-Term Autonomy at the IEEE International
Conference on Robotics and Automation (ICRA Workshop) (2013). 15

[SSG*17] ScHOPS T., SCHONBERGER J. L., GALLIANI S., SATTLER
T., SCHINDLER K., POLLEFEYS M., GEIGER A.: A Multi-View Stereo
Benchmark with High-Resolution Images and Multi-Camera Videos. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2017). 13, 15, 17

[SWM*19] STRAUB J., WHELAN T., MA L., CHEN Y., WIJMANS
E., GREEN S., ENGEL J. J., MUR-ARTAL R., REN C., VERMA S.,
CLARKSON A., YAN M., BUDGE B., YAN Y., PAN X., YON J., ZOU
Y., LEON K., CARTER N., BRIALES J., GILLINGHAM T., MUEG-
GLER E., PESQUEIRA L., SAVVA M., BATRA D., STRASDAT H. M.,
NARDI R. D., GOESELE M., LOVEGROVE S., NEWCOMBE R.: The
Replica Dataset: A Digital Replica of Indoor Spaces. arXiv preprint
arXiv:1906.05797 (2019). 13, 15

[SWZ*26] SUN X., WANG S., ZHANG F., Liu L., JiA C., SONG Z.,
HUANG Z., Luo Y.: VGGT-World: Transforming VGGT into an Au-

toregressive Geometry World Model. In European Conference on Com-
puter Vision (ECCV) (2026). 1, 10, 12



R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[SYF*26] SUZ.,YEW., FENG H., FANK., ZHANGJ., YUD.,LIUZ.,
WONG N.: XStreamVGGT: Extremely memory-efficient streaming vi-
sion geometry grounded transformer with KV cache compression. In So-
ciety for Information Display Display Week (SID Display Week) (2026).
8

[SZL*26] SuUN X., ZHU Z., LoU Z., YANG B., TANG J., ZHANG L.,
WANG H., ZHANG J.: AVGGT: Rethinking Global Attention for Ac-
celerating VGGT. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR) (2026), pp. 251-260. 7, 8

[SZPF16] SCHONBERGER J. L., ZHENG E., POLLEFEYS M., FRAHM
J.-M.: Pixelwise View Selection for Unstructured Multi-View Stereo.
In European Conference on Computer Vision (ECCV) (2016), pp. 501—
518. 3

[SZQ*26] SHEN Y., ZHANG Z., QU Y., ZHENG X., J1 J., ZHANG S.,
Cao L.: FastVGGT: Training-Free Acceleration of Visual Geometry
Transformer. In International Conference on Learning Representations
(ICLR) (2026). 7, 8

[TBA*25] TESCH J., BECHERINI G., ACHAR P., YIANNAKIDIS A.,
KOCABAS M., PATEL P., BLACK M. J.: BEDLAM2.0: Synthetic hu-
mans and cameras in motion. In Neural Information Processing Systems
Datasets and Benchmarks Track (NeurlPS Datasets and Benchmarks)
(2025). 15

[TCD*26] Tao P., CHENG C., DU Y., SONG C., CHEN Z., GUO X.,
YIN W, REN W., ZHANG Q., CuIl H., SHEN S.: Anchor3R: Streaming
3D reconstruction with transient anchors for long-horizon visual map-
ping. arXiv preprint arXiv:2606.05035 (2026). 8,9, 19

[TFG*26] TANG Z., Fu J., GAo Q., L1 H., WU Y., ZHANG J., MA
S., ZHANG J.: Spark3R: Asymmetric token reduction makes fast feed-
forward 3D reconstruction. arXiv preprint arXiv:2605.06270 (2026). 7,
8

[TMBZ*25] TaO Y., MUNOZ-BANON M. A., ZHANG L., WANG J.,
Fu L. F. T., FALLON M.: The oxford spires dataset: Benchmarking
large-scale LiDAR-visual localisation, reconstruction and radiance field
methods. The International Journal of Robotics Research (IJRR) (2025).
15

[TMJ25] TAN S., MA X., JIA Z.: VGGT-mapping: A mapping system
for robot navigation based on visual geometry grounded transformer. In
International Conference on Intelligent Robotics and Automatic Control
(2025), pp. 160-165. 10, 11

[TXS*25] TAO S., XIANG F., SHUKLA A., QIN Y., HINRICHSEN X.,
YUAN X., BAOC.,LIN X.,LIU Y., KAICHAN T., GAO Y., L1 X., MU
T., X1A0 N., GURHA A., RAJESH V. N., CHOI Y. W., CHEN Y.-R.,
HUANG Z., CALANDRA R., CHEN R., LUO S., SU H.: ManiSkill3:
GPU Parallelized Robotics Simulation and Rendering for Generalizable
Embodied Al. In Robotics: Science and Systems (RSS) (2025). 13, 16,
18

[VVR25] VUONG A.D., VUM. N., REID I.: Improving Robotic Manip-
ulation with Efficient Geometry-Aware Vision Encoder. arXiv preprint
arXiv:2509.15880 (2025). 10, 12

[WBL*25] Wu X.,BAalY.,, LIM., WU X., ZHAO X., LA1IZ., LIU W.,
WANG X.: 4DLangVGGT: 4D Language-Visual Geometry Grounded
Transformer. arXiv preprint arXiv:2512.05060 (2025). 10, 12

[WCK*25] WANG J., CHEN M., KARAEV N., VEDALDI A., RuUP-
PRECHT C., NOVOTNY D.: VGGT: Visual Geometry Grounded Trans-
former. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2025). 1,2,3,4,5,6,7,9, 10, 11, 12, 13, 19,
20

[WCZ*26] WANG J., CHEN M., ZHANG S., KARAEV N., SCHON-
BERGER J., LABATUT P., BOJANOWSKI P., NOVOTNY D., VEDALDI
A., RUPPRECHT C.: VGGT-Q. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR) (2026), pp. 21486-21499. 7, 8,
12

[WDS*25] WANG S., DA1 M., SuJ., Liu L., CHEN C., WU X., LIN
L.: GraspView: Active Perception Scoring and Best-View Optimiza-
tion for Robotic Grasping in Cluttered Environments. arXiv preprint
arXiv:2511.04199 (2025). 10, 12

25 of 27

[WFF*26] WANG K., FAN K., FU Y., LIN S., Luo H., SEITA D., FU
Y., JIANG Y.-G., XUE X.: OCRA: Object-Centric Learning with 3D
and Tactile Priors for Human-to-Robot Action Transfer. In IEEE Inter-
national Conference on Robotics and Automation (ICRA) (2026). 10,
12

[WGX*26] WANG L., Guo L., XU Z., WANG Q., GAo F., CHEN X.:
LiDAR-VGGT: Cross-Modal Coarse-to-Fine Fusion for Globally Con-
sistent and Metric-Scale Dense Mapping. IEEE Robotics and Automa-
tion Letters (RA-L) 11, 4 (2026), 4721-4728. 6, 8, 19

[WLC*24] WANG S., LEROY V., CABON Y., CHIDLOVSKII B., RE-
VAUD J.: DUSt3R: Geometric 3D Vision Made Easy. In IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR) (2024). 1,
3

[WLH*26] WANG J., L1 G., HUANG Z., DANG C., YE H., HAN
Y., CHEN L.: VGGDrive: Empowering Vision-Language Models
with Cross-View Geometric Grounding for Autonomous Driving. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 10954-10964. 10, 13

[WLL*25] WANG B., LINJ., Liu C., HU X., YU Y., Liu T., WANG
Z., Q1 X.: MG-Nav: Dual-Scale Visual Navigation via Sparse Spatial
Memory. arXiv preprint arXiv:2511.22609 (2025). 10, 12

[WLSZ26] WAN Y., L1 F., SHAO M., ZuO W.: SplatWeaver: Learning
to allocate gaussian primitives for generalizable novel view synthesis.
arXiv preprint arXiv:2605.07287 (2026). 10

[WMS*26] WANG W., MEINER L., SHUBHAM R., PARRA C. D. L.,
KUMAR A.: HTTM: Head-wise Temporal Token Merging for Faster
VGGT. In [EEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2026), pp. 26379-26388. 7, 8

[WSCL26] WANG R., SONG Y., CA1Y., L1U L.: STAC: Plug-and-Play
Spatio-Temporal Aware Cache Compression for Streaming 3D Recon-
struction. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2026), pp. 7567-7576. 8

[WSPL26] WANG C.-S. B., SCHMIDT C., PIEKENBRINCK J., LEIBE
B.: Block-Sparse Global Attention for Efficient Multi-View Geometry
Transformers. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR) (2026), pp. 14546-14555. 7, 8

[WWIJI*26] Wu C., WANG H., JI J., Yao Y., DU C., KANG J.,
Fu Y., CAo L.: MVGGT: Multimodal Visual Geometry Grounded
Transformer for Multiview 3D Referring Expression Segmentation. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 16800-16810. 10, 12, 13, 16, 18

[WX26] WANG Z., XU D.: FlashVGGT: Efficient and Scalable Vi-
sual Geometry Transformers with Compressed Descriptor Attention. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 21826-21835. 7, 8

[WZH*25] WANG Q., ZHANG Y., HOLYNSKI A., EFROS A. A.,
KANAZAWA A.: Continuous 3D Perception Model with Persistent State.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2025), pp. 10510-10522. 1

[WZLY26] WANG H., ZHOU H., L1U H., YAN L.: 4D-VGGT: A Spa-
tioTemporal Foundation Model for Dynamic Scene Geometry Estima-
tion. In European Conference on Computer Vision (ECCV) (2026). 8,
9

[WZW*20] WANG W., ZHU D., WANG X., HU Y., QIU Y., WANG C.,
Hu Y., KAPOOR A., SCHERER S.: TartanAir: A Dataset to Push the
Limits of Visual SLAM. In IEEE/RSJ International Conference on In-
telligent Robots and Systems (IROS) (2020). 13, 15,17, 18

[XCC*25] XiAo W., CHIERCHIA R., CrRUz R. S., LI X., AHMEDT-
ARISTIZABAL D., SALVADO O., FOOKES C., LEBRAT L.: Neural Ra-
diance Fields for the Real World: A Survey. ACM Computing Surveys
(CSUR) (2025). 1

[XHZ*26] XIANG P., HAN L., ZHANG H., L1U Y.-S., HAN Z.: VGGS:
VGGT-guided gaussian splatting for efficient and faithful sparse-view

surface reconstruction. In AAAI Conference on Artificial Intelligence
(AAAI) (2026), vol. 40, pp. 10969-10977. 10, 11



26 of 27

[XO26a] Xu Z., O1sHI T.: FrameVGGT: Coherence-Preserving Mem-
ory for Bounded Streaming Geometry. arXiv preprint arXiv:2603.07690
(2026). 7, 8, 19

[XO26b] Xu Z., O1sHI T.: Panolmager: Geometry-guided novel view
synthesis and reconstruction from sparse panoramic views. arXiv
preprint arXiv:2606.27071 (2026). 10, 11

[XQY*26] XulJ.,Q1Z., YANZ., GAO X., JIAO Q., XIA S., CHEN X.,
PEI L.: VGGT-MPR: VGGT-Enhanced Multimodal Place Recognition
in Autonomous Driving Environments. arXiv preprint arXiv:2602.19735
(2026). 10, 11

[XZH*26] XU Y., ZHANG L., HE X., WU P., WU W., MAo J.: GPA-
VGGT: Adapting VGGT to Large Scale Localization by Self-Supervised
Learning with Geometry and Physics Aware Loss. arXiv preprint
arXiv:2601.16885 (2026). 10, 11

[XZXT26] XIONG Z., ZHANG C., XU Q., TAO W.: VGGT-Motion:
Motion-Aware Calibration-Free Monocular SLAM for Long-Range
Consistency. In International Conference on Machine Learning (ICML)
(2026). 10, 11

[YJK*22] YUNS.,JUNGM.,KiM]J.,JUNGS., CHO Y., JEON M., KIM
G., KiM A.: STheReO: Stereo Thermal Dataset for Research in Odom-
etry and Mapping. In IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS) (2022). 15

[YJSZ26] YUuAN J., JIANG H., SoH D. W., ZHAO N.: VGGT-
360: Geometry-Consistent Zero-Shot Panoramic Depth Estimation. In
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) (2026), pp. 19874-19883. 6, 8

[YLL*26a] You J., Lyu S., Lyu Z., L1 T., ZHAO Z., HU J., TANG
K., GUO Y.: RegimeVGGT: Layer-wise spatially preserving redun-
dancy removal for visual geometry grounded transformer. arXiv preprint
arXiv:2606.18439 (2026). 7, 8

[YLL*26b] Yu B., LIAN S., LIN X., SHEN Z., WEI Y., LIU H., WU
C., YUAN H., WANG B., HUANG C., CHEN K.: 3D-Mix for VLA:
A Plug-and-Play Module for Integrating VGGT-Based 3D Information
into Vision-Language-Action Models. arXiv preprint arXiv:2603.24393
(2026). 1, 10, 12

[YLMM*26] YANG Y., LIN M., MARTIN-MARTIN R., LABRIE M.,
GAYAKA S., Kuo C.-H., CARLONE L.: Understanding the Impact
of Geometric Foundation Models on Vision-Language-Action Models.
arXiv preprint arXiv:2605.24642 (2026). 10, 13

[YLND23] YESHWANTH C., L1U Y.-C., NIESSNER M., DAI A.: Scan-
Net++: A High-Fidelity Dataset of 3D Indoor Scenes. In IEEE/CVF In-
ternational Conference on Computer Vision (ICCV) (2023), pp. 12-22.
15

[YQH*20] Yu T., QUILLEN D., HE Z., JULIAN R., HAUSMAN K.,
FINN C., LEVINE S.: Meta-World: A Benchmark and Evaluation for
Multi-Task and Meta Reinforcement Learning. In Proceedings of the
Conference on Robot Learning (CoRL) (2020). 13, 16

[YSL*25] YANGIJ., SAX A., LIANG K. J., HENAFF M., TANG H., CAO
A., CHAIJ., MEIER F., FEISZLI M.: Fast3R: Towards 3D Reconstruc-
tion of 1000+ Images in One Forward Pass. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR) (2025), pp. 21924—
21935. 1

[YWL*26] YANG S., WEI T., LAN Y., XIAO Z., RA0O A., PAN X.:
Dense Semantic Matching with VGGT Prior. In European Conference
on Computer Vision (ECCV) (2026). 1, 10, 11

[YXW*26] YU H., X1a0 K., WANG J., HAO R., HUANG Y., HU G.,
QIN H., JING B., Bo Y., Luo P.: ReconDrive: Fast feed-forward 4d
gaussian splatting for autonomous driving scene reconstruction. arXiv
preprint arXiv:2603.07552 (2026). 10, 11

[YYY*26] YUAN S., YANG Y., YANG X., ZHANG X., ZHAO Z.,
ZHANG L., ZHANG Z.: InfiniteVGGT: Visual Geometry Grounded
Transformer for Endless Streams. arXiv preprint arXiv:2601.02281
(2026). 8

R. Chen et al. / VGGT for 3D Reconstruction and Beyond

[YZL*26] YANG Y., ZENG S., LIN T., CHANG X., QI D., X1A0 J.,
Liu H., CHEN R., CHEN Y., Huo D., X10NG F., WEI X., MA Z., XU
M.: ABot-MO: VLA Foundation Model for Robotic Manipulation with
Action Manifold Learning. arXiv preprint arXiv:2602.11236 (2026). 10,
13

[ZCF*26] ZHANG Y., CHENG J., FENG W., Luo J., YANG C., AN Z.,
XU Y., ZHANG W.: Not all tasks quantize equally: Fisher-guided quanti-
zation for visual geometry transformer. arXiv preprint arXiv:2605.15828
(2026). 7, 8

[ZCL*26] ZHANGY.,CHENGJ.,LIUX.,L1Z.,L1C.J., WU J., JIANG
L., Xu C., XIE Y., XU J., ZHANG W.: VersaQ-3D: Architecture Sup-
port for Visual Geometry Grounded Transformers via Versatile Quanti-
zation. arXiv preprint arXiv:2601.20317 (2026). 7, 8

[ZCS*26] ZHAO Z., CHO M., SHEN H., ZHENG B., GAO K., CAO Y.,
MAO Z. M.: Test-time scaling for world action models via zero-shot
geometric evaluation. arXiv preprint arXiv:2607.17454 (2026). 10, 12

[ZCZ*26] Zuou K., CHEN Y., ZHAN F., HUA H., CHEN G., CHANG
X., Qu A.,, Du Y, LU Z., LIANG P. P.,, WANG M.: GEM-4D:
Geometry-enhanced video world models for robot manipulation. arXiv
preprint arXiv:2605.22882 (2026). 10, 12

[ZDS*26] ZHANG Y., DONG W., SHI Y., LIANG Y., GAO J., YANG Q.,
Lyu Y., LIANG Z., LIU Y., XU C., Guo X., Sut W., JIN Y., YANG
X., XU Y., MU Y.: R3DP: Real-Time 3D-Aware Policy for Embodied
Manipulation. In European Conference on Computer Vision (ECCV)
(2026). 10, 12

[ZGL*26] ZHAO Z., GONG X., LIU B., SONG Z., ZHANG J., WU S.,
CHEN Y., ZHANG H.: CETCAM: Camera-Controllable Video Genera-
tion via Consistent and Extensible Tokenization. In IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR) (2026). 10,
12, 13,16, 18

[ZHD*26] ZANG Y., HANY.,DINGC.,HU Y., 1 D., ZHU Q., L1 X.,
MAJ., SUN L., CHEN T., ZHU L.: Robust 4D Visual Geometry Trans-
former with Uncertainty-Aware Priors. arXiv preprint arXiv:2604.09366
(2026). 8,9

[ZHR*26] ZHOU J., HUANG X., REN Y., FAN D., GU S., TIAN B.,
Liu X., SHAO T.: OV3DSeg-VGGT: Open-vocabulary 3D segmenta-
tion with visual geometry-grounded transformers. Visual Informatics 10
(2026), 100311. 10, 11

[ZHS*23] ZHENG Y., HARLEY A. W., SHEN B., WETZSTEIN G.,
GUIBAS L. J.: PointOdyssey: A large-scale synthetic dataset for long-
term point tracking. In IEEE/CVF International Conference on Com-
puter Vision (ICCV) (2023), pp. 19855-19865. 15, 17

[ZIWI26] Zou Z., JiA X., WU Z., JIANG Y.-G.: Attention itself
could retrieve. RetrieveVGGT: Training-free long context streaming
3D reconstruction via query-key similarity retrieval. arXiv preprint
arXiv:2605.09644 (2026). 8, 9

[ZLC*26a] ZHANG J., L1 Y., CHEN A., XU M., Liu K., WANG J.,
LONG X.-X., LIANG H., XU Z., SU H., THEOBALT C., RUPPRECHT
C., VEDALDI A., ZHOU K., PFISTER H., LIANG P. P., LU S., ZHAN
F.: Advances in Feed-Forward 3D Reconstruction and View Synthesis:
A Survey. Computer Graphics Forum (CGF) (2026). 1

[ZLC26b] ZuHou C., Luo Y., CHEN C.: Generalizing Visual Geometry
Priors to Sparse Gaussian Occupancy Prediction. In IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR) (2026). 10,
11

[ZLH*26] ZANG Y., LIU X., HAN Y., J1 D., DING C., HU Y., ZHU
Q.,L1X.,MAJ.,, SUN L., CHEN T., ZHU L.: 4DVGGT-D: 4D visual
geometry transformer with improved dynamic depth estimation. arXiv
preprint arXiv:2605.12027 (2026). 8,9

[ZLW*26] ZHANG W., L1 S., WU Y., L1 Q., WANG Q.: VGGT-CD:
Training-free robust registration for 3D change detection. arXiv preprint
arXiv:2605.16859 (2026). 10, 11

[ZLZ*26] ZHANG H., L1U Y., ZHANG H., WEN Z., KUANG Z., LIANG



R. Chen et al. / VGGT for 3D Reconstruction and Beyond

S., HUA X.: GeoLink: A 3D-aware framework towards better general-
ization in cross-view geo-localization. arXiv preprint arXiv:2604.13183
(2026). 10, 11

[ZOS*26] ZHENG S., OECHSLE M., SANDSTROM E., RAKOTOSAONA
M.-J., TOMBARI F., GILITSCHENSKI I.: Good token hunting: A hitch-
hiker’s guide to token selection for visual geometry transformers. arXiv
preprint arXiv:2605.23892 (2026). 7, 8

[ZTF*18] ZHou T., TUCKER R., FLYNN J., FYFFE G., SNAVELY N.:
Stereo Magnification: Learning View Synthesis Using Multiplane Im-
ages. ACM Transactions on Graphics (TOG) (2018). 13, 16, 18

[ZTO*18] ZHU A. Z., THAKUR D., OZASLAN T., PFROMMER B.,
KUMAR V., DANILIDIS K.: The Multivehicle Stereo Event Camera
Dataset: An Event Camera Dataset for 3D Perception. IEEE Robotics
and Automation Letters (RA-L) (2018). 15, 17

[ZWC*26] ZHOU K., WANG Y., CHEN G., CHANG X., BEAUDOUIN
G., ZHAN F., LIANG P. P., WANG M.: PAGE-4D: Disentangled Pose
and Geometry Estimation for VGGT-4D Perception. In International
Conference on Learning Representations (ICLR) (2026). 8,9, 19

[ZWL*25] ZHANG W., WU Y., L1 S., MA W., MA X., L1 Q., WANG
Q.: Review of Feed-forward 3D Reconstruction: From DUSt3R to
VGGT. arXiv preprint arXiv:2507.08448 (2025). 1

[ZWZ*26] ZHOU Y., WANG Y., ZHOU J., CHANG W., GUOH.,L1Z.,
Ma K., L1 X., WANG Y., ZHU H., Liu M., Liu D., YANG J., FU Z.,
CHEN J., SHEN C., PANG J., ZHANG K., HE T.: OmniWorld: A multi-
domain and multi-modal dataset for 4D world modeling. In International
Conference on Learning Representations (ICLR) (2026). 15, 16

[ZZD*26] ZHANG T., ZHANG F., DENG T., ZHANG L., WANG H.:
Keep it CALM: Toward calibration-free kilometer-level SLAM with vi-
sual geometry foundation models via an assistant eye. arXiv preprint
arXiv:2604.14795 (2026). 10, 11

[ZZG*26] ZHUO D., ZHENG W., Guo J., WU Y., ZHOoU J., LU J.:
Streaming 4D Visual Geometry Transformer. In International Confer-
ence on Learning Representations (ICLR) (2026). 7, 8, 11, 19

[ZZS*26] ZHANG]J.,ZHUJ.,SUT., MA C., HUANG Z., XU Y., WANG
H.: Learning 4D Geometric Priors for Inference-Efficient World Action
Models. arXiv preprint arXiv:2607.05468 (2026). 10, 12

[ZZX*26] ZHAO R., ZHANG Z., XU J., CHANG J., CHEN D., L1 L.,
SUN W., WEI Z.: SpaceMind: Camera-Guided Modality Fusion for
Spatial Reasoning in Vision-Language Models. In IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR) (2026). 10,
12

[ZZZ*26] ZHANG H., ZHANG Z., ZHOU Z., ZHAO Y., TANG H.:
Lite3R: A model-agnostic framework for efficient feed-forward 3D re-
construction. arXiv preprint arXiv:2605.11354 (2026). 7, 8

27 of 27



