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Abstract. 3D instance segmentation methods typically rely on high-
quality point clouds or posed RGB-D scans, requiring complex multi-
stage processing pipelines, and are highly sensitive to reconstruction
noise. While recent feed-forward transformers have revolutionized multi-
view 3D reconstruction, they remain decoupled from high-level semantic
understanding. In this work, we present SegVGGT, a unified end-to-end
framework that simultaneously performs feed-forward 3D reconstruction
and instance segmentation directly from multi-view RGB images. By
introducing object queries that interact with multi-level geometric fea-
tures, our method deeply integrates instance identification into the visual
geometry grounded transformer. To address the severe attention disper-
sion problem caused by the massive number of global image tokens, we
propose the Frame-level Attention Distribution Alignment (FADA) strat-
egy. FADA explicitly guides object queries to attend to instance-relevant
frames during training, providing structured supervision without extra
inference overhead. Extensive experiments demonstrate that SegVGGT
achieves the state-of-the-art performance on ScanNetv2 and ScanNet200,
outperforming both recent joint models and RGB-D-based approaches,
while showing favorable generalization to ScanNet++. The code is avail-
able at https://github.com/IDEA-Research/SegVGGT.

Keywords: 3D instance segmentation · Feed-forward 3D reconstruction
· Visual geometry grounded transformer

1 Introduction

Understanding 3D scenes at the instance level is fundamental for embodied per-
ception [11], robotics [65], AR/VR [19, 38], and autonomous navigation [57].
Among various scene understanding tasks, 3D instance segmentation plays a
central role, as it provides object-level geometric representations that support
reasoning and interaction. Current state-of-the-art 3D instance segmentation
methods [15, 23, 25, 29, 31, 39, 46] predominantly rely on carefully reconstructed
and post-processed point clouds or high-quality posed RGB-D scans as inputs,
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Fig. 1: Comparison of different 3D instance segmentation pipelines. (a) Seg-
mentation methods that rely on high-quality point clouds require complex and time-
consuming processing, limiting their applicability. (b) Feed-forward 3D reconstruction
improves efficiency, but leads to severely degraded segmentation performance. (c) Our
proposed SegVGGT performs 3D reconstruction and instance segmentation simultane-
ously in a single forward pass, achieving superior segmentation quality. (d) 3D instance
segmentation performance on the ScanNet200 validation set.

as shown in Fig. 1 (a). However, their overall pipeline typically involves multiple
stages, including multi-view data acquisition, camera registration, fusion and re-
construction, and point cloud denoising before segmentation can be performed.
These fragmented workflows are usually time-consuming and considerably in-
crease the system complexity, and their applicability is further limited when
depth sensors are unavailable or reconstruction quality is imperfect.

Recent advances in 3D reconstruction have shifted the paradigm from tra-
ditional multi-stage pipelines [35, 44, 45] to one-stage feed-forward transformer-
based models [20,26,52,53,55], significantly improving reconstruction efficiency.
These approaches eliminate the need for iterative optimization and expensive
post-processing, making large-scale 3D reconstruction practical. Nevertheless,
they primarily focus on geometry estimation and remain disconnected from high-
level semantic understanding. Consequently, 3D scene reconstruction and 3D
semantic understanding are still treated as two relatively independent problems.

A straightforward strategy is to decompose the pipeline into two stages, where
a feed-forward model first performs 3D reconstruction, followed by a point cloud-
based segmentation model, as illustrated in Fig. 1 (b). However, such an approach
normally suffers from two major limitations. First, segmentation performance is
highly sensitive to reconstruction quality. Feed-forward reconstructions without
heavy post-processing often contain noise and misalignment, causing point cloud
segmentation methods to degrade significantly. Second, decoupling reconstruc-
tion and segmentation limits the potential of leveraging geometric reasoning to
enhance instance-level understanding, leading to suboptimal performance.

Although several recent works [21,28,66] have explored joint modeling of 3D
reconstruction and segmentation, existing approaches still exhibit some limita-
tions. Some of them retain a two-stage paradigm, treating the geometric foun-
dation model [3] as a frozen backbone and additionally introducing DINOv2 [37]
and MaskFormer [6] for segmentation, which leads to suboptimal joint learning.
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Others train an instance feature head solely with contrastive learning, which
requires costly clustering during inference, cannot directly predict semantic cat-
egories, and often produces inaccurate segmentation boundaries.

In this work, we propose SegVGGT, a unified end-to-end framework which
jointly performs feed-forward 3D reconstruction and 3D instance segmentation
directly from multi-view RGB images, as shown in Fig. 1 (c). Our key insight is
that instance understanding can be deeply integrated into the visual geometry
grounded transformer. To this end, we initialize a set of object queries and let
them perform cross-attention with global image tokens after global self-attention
in each transformer layer, enabling instance-level representations to progressively
evolve together with multi-level geometric features throughout the network. This
tight coupling allows object queries to leverage both low-level spatial cues and
high-level geometric abstractions. We further employ a semantic feature head [41]
to produce cross-view consistent instance-level features, from which 3D instance
masks are derived through dot products with the global object queries.

However, a typical scene may contain 104 ∼ 105 image tokens, and directly
introducing object queries to interact with global image tokens without explicit
guidance poses significant optimization challenges. We empirically observe that
the attention between queries and tokens becomes highly dispersed in this set-
ting. By contrast, transformer-based 3D instance segmentation models [25,39,46]
commonly employ mechanisms such as mask-attention or positional embeddings
to guide object queries to attend to specific regions. To address this issue within
our unified 3D reconstruction and segmentation framework, we propose a Frame-
level Attention Distribution Alignment (FADA) strategy. Specifically, we intro-
duce an additional supervision and incorporate a corresponding cost into the
Hungarian matching process, encouraging object queries to assign higher atten-
tion weights to frames that contain the associated instance while interacting
with global image tokens. This mechanism provides a structured supervision for
cross-frame attention without incurring additional inference overhead.

Extensive experiments validate the effectiveness of SegVGGT. On the Scan-
Netv2 [7] and ScanNet200 [43] benchmarks, SegVGGT achieves state-of-the-art
segmentation performance compared with both joint 3D reconstruction and seg-
mentation models and RGB-D scan-based methods, demonstrating its effective-
ness. Moreover, without any additional training, we evaluate its performance on
ScanNet++ [61]. Under the same setting, our method even surpasses approaches
trained with ScanNet++, suggesting favorable cross-dataset generalization.

In summary, our contributions are threefold: 1) We present SegVGGT, a
unified framework that simultaneously performs feed-forward 3D reconstruction
and 3D instance segmentation directly from multi-view RGB images. 2) We in-
tegrate instance identification into the visual geometry grounded transformer
through object queries and introduce the Frame-level Attention Distribution
Alignment (FADA) strategy to efficiently solve the attention dispersion problem
over massive image tokens without incurring inference overhead. 3) We achieve
the state-of-the-art performance on ScanNetv2 and ScanNet200, surpassing re-
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cent joint models and even methods relying on posed RGB-D scans. Moreover,
SegVGGT shows favorable generalization to ScanNet++.

2 Related Works

3D Instance Segmentation on Point Clouds. 3D instance segmentation
aims to assign both semantic labels and distinct instance identities to 3D geom-
etry. Early works either adopt a proposal-based paradigm that first generates 3D
bounding box proposals and subsequently predicts instance masks [8, 13, 22, 59,
62], or follow a grouping-based strategy that clusters points into instances based
on learned similarity without explicit proposal generation [5,17,18,30,50,54,64].
Recently, transformer-based methods [1,23,25,29,31,32,36,39,46,47,51,63] have
become dominant by directly predicting instance masks with object queries.
These methods primarily operate on high-quality point clouds, which often re-
quire complex post-processing. ODIN [15] instead takes posed RGB-D scans as
input, yet still assumes access to reconstructed 3D geometry. Consequently, when
only RGB images are available, these approaches are not directly applicable.
Feed-forward 3D Reconstruction. Traditional 3D reconstruction frameworks
typically follow a multi-stage pipeline involving feature matching, Structure-
from-Motion (SfM) [12,44], and Multi-View Stereo (MVS) [45]. While being ro-
bust, these systems involve complex heuristic tuning and intensive computation,
often requiring separate optimization phases to resolve geometric inconsisten-
cies. Recent advances, such as DUSt3R [53] and its variants [16,26], have shifted
to a feed-forward paradigm that directly regresses dense point maps from image
pairs. VGGT [52] and its successors [20, 55] further propose architectures capa-
ble of processing hundreds of frames in a single forward pass to predict multiple
geometric attributes, substantially improving efficiency and scalability. Despite
these advances, existing works focus primarily on geometric estimation and do
not explicitly consider semantic or instance-level scene understanding.
Joint 3D Reconstruction and Segmentation. Recently, there has been
growing interest in bridging reconstruction and understanding in a unified model.
LSM [9] and Uni3R [48] extend geometric foundation models [52, 53] with 3D
Gaussian Splatting heads to produce semantic features, but they lack instance-
level awareness. SIU3R [58] further incorporates instance perception, but sup-
ports only two-view inputs. PanSt3R [66] follows a two-stage paradigm, using
a frozen MUSt3R [3] model for scene reconstruction and treating it as a back-
bone combined with DINOv2 [37] to extract features, which are then fed into
a separate Mask2Former [6] for panoptic segmentation, leading to suboptimal
joint learning. IGGT [28] and UNITE [21] perform segmentation by training
an instance-level feature head with contrastive learning. However, they require
computationally expensive clustering [33] during inference, which may yield in-
accurate segmentation boundaries, and rely on additional VLMs [10, 27, 40] to
predict semantic categories. MVGGT [56] introduces the task of multi-view 3D
referring expression segmentation along with a baseline model, aiming to recon-
struct scenes from sparse views and segment the referred object.
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Fig. 2: Overall architecture of SegVGGT. SegVGGT takes multi-view unposed
RGB images as input and outputs the camera parameters, depth maps, and instance
masks in a single forward pass. In the visual geometry grounded transformer, image
tokens and object queries are progressively refined to capture both multi-view geom-
etry and instance semantics. The green arrows indicate the components related to
the 3D instance segmentation. During training, the Frame-level Attention Distribution
Alignment (FADA) module regularizes the cross-attention weights via Jensen-Shannon
Divergence loss Ljs, effectively mitigating the attention dispersion problem.

3 Method

3.1 Overall Architecture

As illustrated in Fig. 2, SegVGGT takes N unposed RGB images (Ii)Ni=1 as input,
where Ii ∈ R3×H×W and H × W denotes the resolution of images. Alongside
the images, we also initialize a set of O learnable object queries (qj)

O
j=1, where

qj ∈ Rd and d denotes the feature dimension. Our unified transformer maps the
input images to the corresponding camera parameters, depth maps, and instance-
level feature maps in a single forward pass, while simultaneously updating the
object queries. This process can be formulated as:

fθ

(
(Ii)

N
i=1, (qj)

O
j=1

)
=

(
(gi, Di, Fi)

N
i=1, (q̂j)

O
j=1

)
, (1)

Among the model outputs, gi ∈ R9 denotes the camera intrinsics and extrinsics,
and Di ∈ RH×W is the depth map with the same resolution as the input image.
Fi ∈ Rd×h×w represents the instance-level feature map, whose spatial resolution
is half of the input image, i.e., (h,w) = (H2 ,

W
2 ), to reduce memory consump-

tion. (q̂j)
O
j=1 denotes the optimized object queries after aggregating multi-level

geometric features in the transformer. From these outputs, SegVGGT can seam-
lessly derive instance segmentation masks with categories and obtain the final
3D reconstruction and 3D instance segmentation through simple unprojection.
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3.2 Geometry Grounded Transformer with Instance Reasoning

To deeply integrate instance reasoning into the visual geometry grounded trans-
former, we extend this architecture by introducing a set of learnable object
queries (qj)

O
j=1. These queries are progressively refined across all the L layers in

the transformer, enabling them to leverage both low-level spatial cues and high-
level geometric abstractions to enhance instance awareness. Within the trans-
former, image tokens and object queries are optimized jointly. The image tokens
primarily capture multi-view geometric and semantic information and are used
to regress dense outputs, while the object queries focus on instance-level under-
standing and reasoning.
Update of Image Tokens. Each input image Ii is first processed by a frozen
DINO [37] backbone to extract dense features, producing K image tokens de-
noted as a matrix Ti ∈ RK×d. To construct a global representation of the 3D
scene, the image tokens from all N views are concatenated along the sequence
dimension to form an aggregated multi-view token matrix T ∈ R(NK)×d, where
T = [T1;T2; . . . ;TN ]1. These tokens are then fed into the unified transformer,
where features are fused and updated through alternating frame attention and
global attention. We denote the multi-view image tokens after optimization by
the l-th (1 ≤ l ≤ L) global attention layer as T (l), where T (0) corresponds to the
original concatenated image tokens extracted by DINO.
Update of Object Queries. Different from prior works that focus solely on
geometric estimation, SegVGGT aims to construct a transformer architecture
that jointly captures geometric and instance-level information. To this end, we
initialize O learnable object queries (qj)

O
j=1 and update them throughout the

transformer layers. Specifically, after the image tokens T (l) undergo global atten-
tion for cross-view feature fusion, we insert a cross-attention module that enables
the object queries to extract information from them. With the j-th object query
acting as the query and the unified image tokens acting as the keys and values,
this cross-attention process at the l-th layer can be formulated as:

A
(l)
j = Softmax

(
q
(l−1)
j (T (l))⊤/

√
d
)
, q

′(l)
j = q

(l−1)
j +A

(l)
j T (l), (2)

where A
(l)
j ∈ R1×(NK) represents the global cross-attention weight map of the

j-th query over all multi-view image tokens, and q
′(l)
j ∈ R1×d denotes the in-

termediate query updated by the cross-attention. Subsequently, a self-attention
layer among the queries is applied to further enhance their feature representa-
tions, yielding the final output q

(l)
j for the current layer.

3.3 Synchronous 3D Decoding and Training Objective

Following the L layers of the geometry grounded transformer, the enriched image
tokens T (L) and object queries q

(L)
j are fed into the decoding heads to yield the

final 3D scene reconstruction and instance segmentation.
1 In practice, each image is also augmented with a camera token and four register

tokens, which are omitted here and in Fig. 2 for clarity.
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Geometry Predictions. To reconstruct the multi-view geometry, we follow
VGGT [52] by employing a Camera Head to regress the camera parameters
(gi)

N
i=1, and a DPT [41] head to predict the dense depth maps (Di)

N
i=1.

Instance Predictions. For instance-level understanding, a separate semantic
DPT head is introduced to decode the image tokens into cross-view consistent
instance-level feature maps Fi ∈ Rd×h×w. Meanwhile, each optimized query
q̂j = q

(L)
j predicts semantic logits cj ∈ RC+1 via an MLP classification head,

where C is the number of instance categories. To generate the multi-view 2D
masks, we compute the dot product between each object query q̂j and the dense
feature maps (Fi)

N
i=1. The probability mask Mj,i ∈ [0, 1]h×w for the j-th query

on the i-th view is formulated as:

Mj,i = σ
(
q̂⊤
j Fi

)
, (3)

where σ denotes the sigmoid function. During inference, a pre-defined threshold
τm is applied to binarize Mj,i. With the synchronously predicted camera param-
eters gi and depth maps Di, these binarized 2D masks can be directly unpro-
jected into a unified 3D coordinate space, elegantly yielding the final 3D instance
segmentation without relying on any complex point cloud post-processing.
Training Objective. The overall training objective Ltotal is composed of the
geometric loss, the instance loss, and our proposed attention alignment loss:

Ltotal = Lgeo + Linst + λjsLjs. (4)

For 3D scene reconstruction, Lgeo = λcameraLcamera + λdepthLdepth is used
to supervise the predicted camera parameters (g)Ni=1 and depth maps (Di)

N
i=1.

Both Lcamera and Ldepth directly follow the design in VGGT [52], and their
detailed formulations are omitted here for brevity. Notably, we adopt a pre-
trained VGGT model with frozen parameters as a teacher model to provide
geometric supervision, which aims to mitigate overfitting of geometry predictions
to noise and biases in the training data.

For 3D instance segmentation, we follow DETR [4] and employ the Hun-
garian algorithm [24] to match object queries with ground-truth instances, en-
abling end-to-end training with classification and mask supervision. Interest-
ingly, we observe that by simply flattening the predicted multi-view masks
Mj ∈ [0, 1]N×H×W of each query into a 1D sequence mj ∈ [0, 1]NHW , the rep-
resentation becomes mathematically equivalent to a 3D point cloud mask. By
applying the identical operation to the multi-view consistent 2D ground-truth
masks, we can seamlessly inherit the matching cost and loss formulations from
point cloud segmentation methods [23, 47]. Specifically, the pair-wise matching
cost Cj,k between the j-th prediction and the k-th ground truth is defined as:

Cj,k = −λcls cj,ck + λmask

(
BCE(mj ,m

gt
k ) + Dice(mj ,m

gt
k )

)
+ λjs C

js
j,k, (5)

where cj,ck denotes the predicted probability of the j-th query belonging to the
target class ck, and mgt

k ∈ {0, 1}NHW is the flattened ground-truth mask. Here,
BCE(·, ·) and Dice(·, ·) represent the binary cross-entropy and dice loss with
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Laplace smoothing [34]. Crucially, Cjs
j,k represents our proposed frame-level at-

tention alignment cost based on the Jensen-Shannon divergence, which explicitly
encourages queries to match with instances that geometrically align with their
attention priors (detailed in Sec. 3.4). Once the optimal assignment is estab-
lished, the instance loss Linst is computed over the matched pairs as a weighted
sum of the classification loss and the mask segmentation losses:

Linst = λclsLcls + λmask (Lbce + Ldice) . (6)

Finally, Ljs is our proposed frame-level attention alignment loss, which acts
as a structural regularization during training and will be detailed in Sec. 3.4.

3.4 Frame-level Attention Distribution Alignment

A typical 3D scene inherently involves a massive number of aggregated multi-
view image tokens (e.g., NK ≈ 104 ∼ 105) in our architecture. In such a high-
dimensional space, the cross-attention weights of the object queries tend to be-
come highly dispersed across the entire sequence. However, due to occlusion and
limited fields of view, a specific 3D instance is typically visible in only a sparse
subset of the N views. This naturally motivates a frame-level prior that queries
should concentrate more attention on frames where their assigned instances are
visible. Without explicit constraints, unguided object queries normally struggle
to localize the correct views and are prone to absorbing irrelevant background
noise, leading to optimization challenges and suboptimal performance.

To bridge this gap, we propose the Frame-level Attention Distribution Align-
ment (FADA) module to provide an explicit global-to-local guidance. Our core
insight is to directly align the queries’ attention distribution with the actual
visibility of the target instances across the multi-view frames. Instead of solely
applying this constraint at the final output, we employ deep supervision across
the intermediate transformer layers to progressively refine the queries’ geomet-
ric awareness. Specifically, at the l-th transformer layer, we extract the cross-
attention weight map A

(l)
j ∈ R1×(NK) of the j-th query obtained from Equa-

tion (2). Since A(l)
j is a normalized probability distribution over all tokens, we can

naturally obtain the predicted frame-level attention distribution p̂
(l)
j ∈ [0, 1]N

by marginalizing the weights over the spatial dimension of each view. For the
i-th view Ii, its aggregated attention score is calculated as:

p̂
(l)
j,i =

∑
t∈viewi

A
(l)
j,t. (7)

Meanwhile, for a ground-truth instance k, we deterministically construct its
target visibility distribution pgt

k ∈ [0, 1]N . Specifically, the target probability pgtk,i
for the i-th view Ii is defined proportionally to the number of pixels the instance
occupies in that frame relative to its total pixel count across all N views. This
area-proportional distribution ensures that frames containing a larger visible
portion of the target instance receive correspondingly higher attention priors,
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while unobserved frames are naturally assigned a probability of zero. To mea-
sure the alignment between the predicted attention focus and the ground-truth
visibility, we utilize the Jensen-Shannon (JS) divergence. Unlike the Kullback-
Leibler (KL) divergence, the JS divergence is symmetric, inherently bounded,
and numerically stable for distributions containing zero probabilities. The pro-
posed FADA module plays a dual role in our end-to-end framework.
Prior-guided Matching. During the bipartite matching phase, we incorporate
the JS divergence across all L transformer layers as a structural prior. To ensure
numerical stability across different sequence lengths and network depths, the
matching cost Cjs

j,k is normalized by the total number of frames N and layers L:

Cjs
j,k =

1

L ·N

L∑
l=1

JS(pgt
k ∥ p̂

(l)
j ). (8)

This explicitly encourages queries to be assigned to instances that intrinsically
align with their geometric attention focus throughout the entire progressive re-
finement process, easing the optimization difficulty.
Attention Regularization. After Hungarian matching with the cost in Equa-
tion (5), we obtain the optimal assignment M between object queries and
ground-truth instances. We then apply the alignment loss Ljs to penalize distri-
bution inconsistency between matched pairs. Consistent with the matching cost,
the overall alignment loss is averaged over all layers and frames:

Ljs =
1

|M| · L ·N
∑

(j,k)∈M

L∑
l=1

JS(pgt
k ∥ p̂

(l)
j ). (9)

By imposing this structured deep guidance both in the assignment and op-
timization stages, SegVGGT enforces the object queries to firmly anchor on
instance-relevant frames during progressive cross-view feature fusion. Notably,
the computational overhead introduced by this module is negligible during train-
ing. Rather than requiring additional parameterized layers, it directly reuses the
cross-attention weights inherently computed by the transformer. Furthermore,
operating at the frame level significantly reduces the dimensionality of calcula-
tion, making it highly efficient. Crucially, as this module acts strictly as a regu-
larization mechanism during training, it is completely removed during inference
and introduces no additional computational cost or network parameters.

4 Experiments

4.1 Experiment Setup

Datasets. We evaluate SegVGGT on three widely adopted indoor datasets:
ScanNetv2 [7], ScanNet200 [43], and ScanNet++ [61]. ScanNetv2 comprises
1,613 3D indoor scenes with dense semantic and instance annotations, cover-
ing 20 semantic classes and 18 instance categories. Following the official split, it
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contains 1,201 training scenes, 312 validation scenes, and 100 test scenes. Scan-
Net200 shares the same underlying scenes and data splits as ScanNetv2, but
significantly expands the label space from 20 to 200 fine-grained semantic cat-
egories, among which 198 are instance categories. It exhibits a severe long-tail
distribution, presenting a much greater challenge for instance-level understand-
ing. ScanNet++ is a recently introduced high-fidelity dataset comprising 856, 50,
and 50 scenes for training, validation, and testing, respectively, with 84 categories
for evaluating 3D instance segmentation. All three datasets provide point clouds,
RGB-D images, and corresponding camera intrinsics and extrinsics. In these ex-
periments, we train and evaluate on ScanNetv2 and ScanNet200, respectively,
while ScanNet++ is used exclusively to assess the generalization capability of
our method without any fine-tuning on it.
Implementation Details. We build SegVGGT upon the VGGT [52] architec-
ture with L = 24 and initialize it with pre-trained weights. During training, the
DINO backbone is kept frozen. To optimize computational efficiency, we employ
LoRA [14] to fine-tune the frame attention and global attention modules, while
fully training the newly introduced parameters. For each training iteration, we
randomly sample 2-24 frames per scene as input. For geometric supervision, we
utilize a frozen, pre-trained VGGT as a teacher model to distill robust depth
maps and camera parameters. The instance segmentation branch is supervised
using multi-view consistent 2D masks provided by the datasets, which are gen-
erated by projecting the 3D instance annotations onto the respective 2D frames.
We train the models separately on ScanNetv2 and ScanNet200 using 8 NVIDIA
A100 GPUs, taking approximately 2 days per dataset. For more implementation
details, please refer to the appendix.
Evaluation Metrics. We follow the standard evaluation metric for 3D instance
segmentation and report mean Average Precision (mAP), defined as the area
under the precision-recall curve across multiple Intersection-over-Union (IoU)
thresholds. Concretely, mAP is averaged over IoU thresholds from 50% to 95%
with a step of 5%, providing a comprehensive measure of segmentation quality.
We also report mAP50 and mAP25 at fixed IoU thresholds of 50% and 25%,
respectively, to evaluate performance under different localization tolerances.
Evaluation Settings. To comprehensively evaluate SegVGGT, we compare it
against state-of-the-art 3D instance segmentation methods under two primary
input modalities: 1) Point Cloud-based Methods [15,23,25,31,32,39,46]. As the
dominant paradigm, these approaches predominantly operate on point clouds
sampled from benchmark meshes, constituting a privileged setting with direct
access to accurate 3D geometry. This avoids reconstruction artifacts and pro-
jection inconsistencies, while assuming pre-reconstructed 3D inputs that may
not be readily available in practical deployments. ODIN [15] instead takes posed
RGB-D scans provided by the benchmark as input. Although less restrictive, it
still relies on additional modalities beyond RGB images. 2) RGB Image-based
Methods [28,66]. Approaches in this category, including ours, tackle a more prac-
tical yet challenging setting by predicting 3D instances purely from 2D images.
Since ground-truth instance masks are defined on the official 3D meshes, pre-



SegVGGT 11

Table 1: Comparison of SegVGGT with point cloud-based methods. Input
modalities are denoted as follows: P (point cloud from the benchmark), I (RGB images),
D (depth maps), and C (camera parameters). † denotes a two-stage pipeline that first
reconstructs a point cloud from the input images using VGGT [52], and then applies
OneFormer3D [23] for 3D instance segmentation on the reconstructed point cloud.
‡ denotes a stronger two-stage baseline using VGGT-predicted geometry followed by
ODIN [15] under the favorable GT-aligned setting.

ScanNetv2 ScanNet200
Method Input Modality mAP mAP50 mAP25 mAP mAP50 mAP25

Mask3D [46] P 55.2 73.7 85.3 27.4 37.0 42.3
QueryFormer [32] P 56.5 74.2 83.3 28.1 37.1 43.4
MAFT [25] P 59.9 76.5 - 29.2 38.2 43.3
SPFormer [47] P 56.3 73.9 82.9 - - -
SGIFormer-L [60] P 61.0 81.2 88.9 29.2 39.4 44.2
OneFormer3D [23] P 59.3 78.1 86.4 30.2 40.9 44.6
Relation3D [31] P 62.5 80.2 87.0 31.6 41.2 45.6
OpenMask3D [49] P & I & D & C - - - 15.4 19.9 23.1
Open-YOLO 3D [2] P & I & D & C - - - 24.7 31.7 36.2
SegDINO3D [39] P & I & D & C 64.0 81.5 88.9 40.2 52.4 58.6

ODIN [15] I & D & C 50.0 71.0 83.6 31.5 45.3 53.1
ODIN‡ [15] I - - - 19.3 33.1 46.7
OneFormer3D† [23] I 5.4 10.2 17.4 2.5 4.1 6.4
Ours I 50.4 71.7 87.0 31.9 45.7 53.7

dicted multi-view masks must be mapped to these benchmark point clouds for
evaluation. We utilize the ground-truth depth maps and camera poses during
this mapping stage for fair comparison. Nevertheless, this projection step in-
evitably introduces noise and misalignments, placing RGB-based approaches at
an inherent disadvantage compared to point cloud-based baselines.

4.2 Comparison with Point Cloud-Based Methods

We first perform a class-aware comparison with standard point cloud-based 3D
instance segmentation methods on the ScanNetv2 and ScanNet200 validation
sets (Table 1). We categorize baselines by input modalities. While conventional
methods directly operate on benchmark-provided point clouds and some incor-
porate additional modalities, ODIN [15] avoids pre-reconstructed meshes but
still relies on accurate sensor point clouds to provide geometric information for
inference. In contrast, SegVGGT is the only method relying exclusively on un-
posed 2D RGB images (uniformly sampled every 20 frames as input). This im-
poses the most stringent evaluation challenges, including inevitable projection
misalignments and entirely unobserved ground-truth regions.
Methods without Benchmark Point Clouds. Among methods lacking di-
rect access to the benchmark point clouds (bottom of Table 1), SegVGGT
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Table 2: Comparison of SegVGGT with RGB image-based methods on the
full validation sets. All methods are evaluated under the class-agnostic setting.

ScanNetv2 ScanNet200 ScanNet++
Method mAP mAP50 mAP25 mAP mAP50 mAP25 mAP mAP50 mAP25

PanSt3R [66] 17.8 35.0 53.9 15.9 30.1 45.5 7.3 16.9 29.1
IGGT [28] 21.2 33.3 46.4 21.1 33.2 46.0 7.7 15.4 28.2
Ours 50.3 76.1 89.6 45.4 70.3 84.4 10.0 25.1 45.9

achieves state-of-the-art results across all metrics on both datasets, despite op-
erating under the strictest input constraints. To further validate the neces-
sity of a unified architecture, we construct two-stage pipelines that combine
VGGT [52] reconstruction with widely used 3D segmentation models. With
OneFormer3D† [23], the mAP on ScanNet200 drops drastically from 30.2 to
2.5. This drop is partially caused by evaluation projection errors, but more im-
portantly, it reflects the sensitivity of existing point cloud segmentation models
to feed-forward reconstruction noise and geometry distribution shifts. We further
evaluate a stronger ODIN‡ [15] baseline under a favorable GT-aligned setting,
where ODIN uses aligned VGGT-predicted geometry and reaches only 19.3 mAP
on ScanNet200, far below ODIN with benchmark RGB-D/cameras (31.5) and
our unified model (31.9). These results support the need for joint reconstruction
and segmentation rather than cascading off-the-shelf 3D segmentation models
after feed-forward reconstruction. More details are provided in the appendix.
Methods on Benchmark Point Clouds. When compared to methods di-
rectly segmenting the benchmark point clouds, SegVGGT exhibits a gap in the
strict mAP metric on ScanNetv2, but achieves competitive mAP25, comparable
to strong point cloud baselines such as Relation3D [31]. Consistent with obser-
vations in ODIN [15], we attribute the strict-metric gap to projection errors
that lead to misalignments with the ground-truth point clouds during evalua-
tion, while the mAP25 result suggests reliable instance localization despite this
mismatch. On the significantly more challenging ScanNet200 benchmark, where
the expanded fine-grained label space places greater emphasis on semantic ap-
pearance cues, SegVGGT outperforms pure point cloud-based methods while
using only unposed RGB images. While SegDINO3D [39] achieves higher met-
rics, it relies on richer input modalities and additionally incorporates a powerful
pre-trained 2D perception model [42]. In contrast, our RGB-only framework
achieves robust performance with a simpler and more practical RGB-only de-
ployment setup. A more detailed discussion of this comparison under different
input assumptions is provided in the appendix.

4.3 Comparison with RGB Image-Based Methods

We further compare our method with recent RGB image-based approaches,
PanSt3R [66] and IGGT [28], which concurrently perform 3D reconstruction
and instance segmentation. Because IGGT relies on a clustering algorithm [33]
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Fig. 3: Visualization of the FADA module’s effect. We visualize the similarity
map between the query corresponding to the TV instance and the image tokens in
the last cross-attention layer. Without the FADA module, the query attention is dis-
persed across the entire scene. After introducing FADA, the query focuses much more
accurately on the TV, indicating that FADA improves the model’s ability to attend to
target instances and thereby enhances instance segmentation performance.

to generate instance masks and cannot directly predict semantic categories, we
conduct evaluations under a class-agnostic setting to ensure a fair comparison.
To improve statistical reliability, we evaluate all RGB image-based methods on
the full validation sets, including 312 scenes for ScanNetv2/ScanNet200 and 50
scenes for ScanNet++. For consistency, all methods use the same uniformly
downsampled input frames, with a 40× sampling rate for ScanNetv2 and Scan-
Net200 and a 160× sampling rate for the denser ScanNet++ scenes.

As shown in Table 2, SegVGGT achieves state-of-the-art performance across
all datasets. Specifically, it delivers substantial improvements on the ScanNetv2
and ScanNet200 benchmarks, demonstrating the efficacy of our model in purely
vision-based 3D scene understanding. To further validate its robustness and gen-
eralization capability, we evaluate our model on the high-fidelity ScanNet++
dataset. Notably, while the baseline methods are trained on massive datasets
that explicitly include ScanNet++ training scenes, our model is trained solely
on ScanNet200 and applied to ScanNet++ without any fine-tuning. Despite this
setting, SegVGGT consistently outperforms these baselines across all metrics.
Particularly in localization precision, our method outperforms IGGT by 17.7 on
the mAP25 metric, providing more reliable evidence of cross-dataset generaliza-
tion. Overall, these results highlight the structural advantages of our query-based
unified framework. By deeply coupling instance reasoning with geometric fea-
tures, it effectively addresses the insufficient joint modeling present in PanSt3R,
while elegantly bypassing the high-cost and heuristically-tuned post-clustering
required by IGGT during inference.

4.4 Ablation Studies and Analysis

We conduct ablation studies on the ScanNet200 validation set to evaluate the
effectiveness of different components in our method.
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Ablation on FADA Module. As described in Sec. 3.4, we introduce the FADA
module to mitigate the attention dispersion problem. To evaluate its effective-
ness, we investigate its impact by decoupling its dual roles: attention regular-
ization through the loss term and prior-guided matching through the cost term.
As shown in the first row of Table 3, without any explicit guidance, the base-
line model only achieves 26.7 mAP, indicating that unguided queries struggle to
accurately segment instances. By introducing the JS divergence as a regulariza-
tion loss during training, the performance substantially improves by +4.4 mAP,
as shown in row 2. This significant gain validates that structurally aligning the
attention distribution with target visibility effectively mitigates the attention
dispersion issue. Furthermore, incorporating the JS divergence into the Hungar-
ian matching cost yields the best performance of 31.9 mAP, as shown in row
3. This confirms that leveraging geometric attention priors to guide bipartite
matching successfully reduces optimization difficulty, thereby further enhancing
the overall accuracy and localization precision.

Table 3: Ablation on the FADA mod-
ule. We decouple the FADA module into
loss supervision and cost function.

Row Loss Cost mAP mAP50 mAP25

1 ✗ ✗ 26.7 39.2 48.6
2 ✓ ✗ 31.1 45.7 52.3
3 ✓ ✓ 31.9 45.7 53.7

Table 4: Ablation on where to in-
sert query interaction

Inserted Layers mAP mAP50 mAP25

Early 12 23.8 36.9 45.6
Late 12 30.5 45.1 53.0
Interleaved 30.4 44.5 51.8
All 24 31.9 45.7 53.7

In addition, we further analyze the effect of the FADA module through visu-
alization. We train two models, one with the FADA module and one without it,
and identify the query with the highest score for the TV instance in the same
scene. As shown in Fig. 3, we visualize the similarity maps between the selected
query and the global image tokens in the last cross-attention layer, and present
four views. The results show that without the FADA module, the query atten-
tion is highly dispersed and often focuses on incorrect regions. In contrast, after
introducing the FADA module, the query attention accurately concentrates on
the TV instance. This observation further confirms that the FADA module ef-
fectively mitigates attention dispersion and guides the queries to focus on the
target instance, thereby improving instance segmentation performance.
Ablation on Multi-level Geometric Features. In SegVGGT, object queries
are progressively updated through cross-attention with image tokens. To validate
the necessity of this deep integration, we ablate the insertion locations of these
query interactions within the 24-layer transformer. As illustrated in Table 4,
constraining interactions only to the early 12 layers yields a poor mAP of 23.8,
as early tokens primarily capture local 2D appearance cues without an estab-
lished multi-view geometric consensus. Conversely, interacting solely with the
late 12 layers improves the mAP to 30.5, highlighting the critical role of global
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3D geometric information for instance reasoning. Similarly, interleaving 12 in-
teraction layers throughout the network yields 30.4 mAP. Ultimately, inserting
the interaction modules across all 24 layers achieves the optimal performance.
This clearly demonstrates that object queries benefit most when they continu-
ously co-evolve with the image tokens, seamlessly absorbing multi-level features
ranging from low-level spatial details to high-level geometric structures.

5 Conclusion

In this work, we presented SegVGGT, a unified feed-forward framework that
simultaneously performs 3D scene reconstruction and 3D instance segmentation
directly from unposed multi-view RGB images in a single forward pass. By deeply
integrating object queries into a visual geometry grounded transformer, instance-
level representations progressively co-evolve with multi-view geometric features,
enabling tight coupling between geometry estimation and instance reasoning. To
address the severe attention dispersion arising from massive global image tokens,
we propose the Frame-level Attention Distribution Alignment (FADA) module,
which serves a dual role as a structured bipartite matching prior and an atten-
tion regularization loss, explicitly anchoring queries to instance-relevant frames
without any extra inference overhead. Extensive experiments demonstrate that
SegVGGT achieves state-of-the-art performance among RGB image-based meth-
ods, surpasses prominent point cloud-native baselines on the challenging Scan-
Net200 benchmark, and generalizes favorably to ScanNet++. As future work,
we will further scale the training data and extend this unified paradigm toward
metric-scale reconstruction and open-vocabulary 3D perception.
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