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Figure 1. UNITE Overview. Given a set of images, UNITE reconstructs both the 3D scene geometry and 3D features used to perform
semantic segmentation, instance segmentation, open-vocabulary search and articulation prediction.

Abstract

Holistic 3D scene understanding involves capturing and
parsing unstructured 3D environments. Due to the inherent
complexity of the real world, existing models have predom-
inantly been developed and limited to be task-specific. We
introduce UNITE, a Unified Semantic Transformer for 3D
scene understanding, a novel feed-forward neural network
that unifies a diverse set of 3D semantic tasks within a sin-
gle model. Our model operates on unseen scenes in a fully
end-to-end manner and only takes a few seconds to infer the
full 3D semantic geometry. Our approach is capable of di-
rectly predicting multiple semantic attributes, including 3D
scene segmentation, instance embeddings, open-vocabulary
features, as well as affordance and articulations, solely from
RGB images. The method is trained using a combination of
2D distillation, heavily relying on self-supervision and lever-
ages novel multi-view losses designed to ensure 3D view
consistency. We demonstrate that UNITE achieves state-of-
the-art performance on several different semantic tasks and
even outperforms task-specific models, in many cases, sur-
passing methods that operate on ground truth 3D geometry.
See the project website at unite-page.github.io

1. Introduction
3D scene understanding is the foundation of applications
in AR/VR and robotics by enabling systems to perceive
their surroundings and construct rich 3D representations that
combine geometry, such as meshes, point clouds, and TSDF,
with high-level semantics of object entities, class seman-
tics, their material, state, or even affordances. While recent
advances in foundation models [10, 36, 40, 58] and multi-
modal LLMs [5, 27, 28] greatly improved the extraction of
semantics from 2D images; these approaches exclusively
operate on 2D inputs and therefore do not fully leverage the
geometric reasoning available in 3D data.

To transfer the knowledge of strong 2D models into
multi-view consistent 3D representations, three main strate-
gies have emerged. First, radiance-field methods [6, 22, 25,
39] learn multi-view features from 2D foundation mod-
els alongside NeRF [32] or Gaussian Splatting [21]. They
regress consistent 3D features but depend on known cam-
era poses and scene-specific training, which does not gen-
eralize to new environments. Second, distillation methods
like OpenScene [37] distill 2D features into 3D networks
that operate on point clouds directly by aligning their fea-
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ture spaces with respective losses. These methods then need
the 3D reconstruction at inference time. Finally, some ap-
proaches propose simple but effective lifting-based tech-
niques [12, 46, 47, 54] to decouple 3D geometry and high-
level semantics by projecting 2D predictions into an explicit
3D reconstruction. This modular design is non-differentiable
and depends on hand-crafted view selection or scene seg-
mentation, often carefully tuned for the specific application
domain, which does not scale well. Since view-dependent
features of 2D models are sensitive to background noise and
limited context, achieving strong multi-view semantic con-
sistency remains challenging.

Recently, transformer-based feed-forward models for 3D
reconstruction have demonstrated a breakthrough in multi-
view geometric consistency by unifying tasks within a single
architecture. Approaches such as DUSt3R [51] and VGGT
[50] recover camera poses, depth maps, point maps, and
point tracks in a single feed-forward pass from RGB images
alone. Despite their success, these methods address only ge-
ometric scene attributes and do not model the semantic prop-
erties of the input. While several works have explored their
extension to semantic 3D tasks, they still rely on explicit 2D-
to-3D lifting, preventing the model from learning geometric
and semantic representations in a fully unified manner.

This paper addresses these limitations by introduc-
ing UNITE, a large feed-forward transformer capable
of geometry-grounded semantic prediction. Our method
achieves native 3D semantic consistency by jointly learning
geometry and semantics within a single network, avoiding
any hand-designed lifting steps and enabling a truly end-to-
end formulation for diverse semantic tasks. To this end, we
propose the following contributions:
• We introduce UNITE, a semantic feed-forward trans-

former that predicts a full 3D reconstruction with the key
3D semantic attributes from multi-view images, includ-
ing semantic and instance segmentation, open-vocabulary
queries for objects and their affordances, as well as object
articulation.

• We train the unified model end-to-end using distilla-
tion from 2D foundation models, mostly relying on self-
supervision, and enforce a novel multi-view consistency
loss for consistent 3D semantic predictions.

• UNITE achieves state-of-the-art results on all semantic
tasks and outperforms other semantic feed-forward mod-
els as well as other lifting methods, even improving upon
methods that operate on ground truth 3D geometry.

2. Related Work

3D Scene Understanding. Early 3D scene understand-
ing approaches were task-specific, closed-vocabulary, and
overfitted to benchmarks, addressing specialized problems
such as 3D object detection [33, 38], semantic segmenta-

tion [34, 55], instance segmentation [13, 43, 48] or affor-
dance and articulation prediction [4, 30] on point clouds
and RGB-D images. These methods were typically trained
on curated datasets such as ScanNet [3], 3RScan [49], or
MultiScan [30], limiting their generalization beyond those
domains. Recent work has shifted toward open-vocabulary
prediction [6, 22, 24, 37, 39, 46], enabling more flexible
deployment across diverse scenes and domains. However,
this transition has been largely driven by 2D foundation
models [23, 36, 40] trained on internet-scale data, making it
more challenging to develop a purely 3D open-vocabulary
approach. To this end, many methods have integrated vision-
language models such as CLIP [40] or SAM [23], not only
during training [6, 24, 37] but also at inference through
hand-crafted, non-end-to-end pipelines [12, 35, 46, 47, 54].
This dependency substantially increases the computational
and data requirements of 3D scene understanding pipelines,
as they often rely on both complete 3D reconstructions and
aligned RGB-D images with known poses and intrinsics.

Feed-Forward Models. Classically, image-based dense 3D
reconstruction has been approached by integrating multiple
subproblems, such as keypoint detection, matching, bundle
adjustment, and multi-view stereo. DUSt3R [51] marked
a paradigm shift, demonstrating that a single transformer
could effectively solve these subproblems just by a minimal
post-processing of dense point map prediction. VGGT [50]
and subsequent works [20, 29, 53] have further shown that
the model can take an arbitrary number of input views and
predict diverse geometric attributes.

This success has motivated efforts toward unified 3D se-
mantic scene understanding using a similar end-to-end ap-
proach. Initial works addressed the geometric-only limita-
tion by projecting CLIP features into 3D with DUSt3R or
VGGT [11, 16]. Other methods introduced feature 3D Gaus-
sian Splatting heads on top of DUSt3R and VGGT to ren-
der CLIP-aligned features [8, 45]. Concurrent efforts, inte-
grate SAM features into VGGT but still rely on CLIP fea-
ture lifting for open-vocabulary segmentation [26]. While
promising, these methods rely on semantic features lifted
from 2D foundation models, resulting in a lifting process
that often uses hand-designed fusion algorithms [16] and
fails to achieve the native, fully learned 3D consistency seen
in the original geometric models.

SAB3R [1] addressed this consistency issue to some
extent by learning a dedicated semantic head directly on
top of the DUSt3R backbone, yet they do not explic-
itly enforce any multi-view consistency between features.
Among the various existing semantic feed-forward model
works, PanSt3R [60] might be the closest work to ours,
as it achieves multi-view consistent semantic prediction
purely through a single feed-forward pass. PanSt3R com-
bines MUSt3R with a dedicated segmentation architecture,
Mask2Former [2]. However, its reliance on a separate model
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Figure 2. Method Overview. Given a set of RGB images, we predict a point cloud reconstruction of the scene with dense features for each
point. We train a feed-forward network end-to-end to encode semantic, instance and articulation features, supervised by foundation model
features and labels on 2D images. For each output view, we enforce a multi-view consistency loss for corresponding points to ensure that
pixels mapping to the same point share the same feature.

architecture introduces a multi-stage dependency and limits
the number of input views (typically < 50), which inherently
constrains its scalability to larger or more complex scenes.

In contrast, our objective is to develop a single, uni-
fied feed-forward model that jointly estimates the geometric
structure and multiple semantic attributes for an arbitrary
number of input views. Crucially, our approach does not re-
quire any hand-designed post-processing or reliance on sep-
arate task-specific networks, making it fully trainable in an
end-to-end manner for holistic scene understanding.

3. Method
Given a set of RGB images I = Ii

N
i=1 capturing a scene

from multiple viewpoints, our goal is to reconstruct a holis-
tic 3D representation that provides semantic and instance-
level features at different granularities, captures object af-
fordances through open-vocabulary reasoning, and models
object articulations alongside per-point geometry, in order to
enable interactive querying of concepts and functionalities
within the given scene.

To this end, we propose an end-to-end trainable multi-
task network Fθ that jointly infers the 3D structure and its
semantic and functional attributes in a single forward pass:

Fθ

(
{Ii}Ni=1

)
7→

{
ki, Di, Pi, Si, Gi, Ai

}N

i=1
, (1)

where ki denotes the camera intrinsics and pose, Di the pre-
dicted depth map, Pi the point map representing per-pixel
3D coordinates, Si the semantic features (Sec. 3.2), Gi the
instance grouping features (Sec. 3.3), and Ai the articulation
predictions for each image (Sec. 3.4). All tasks are trained
jointly using a combination of 2D and 3D supervision sig-
nals, complemented by a multi-view consistency objective
that enforces agreement across views observing the same

3D point. An overview of the proposed framework, UNITE,
is shown in Fig. 2.

3.1. Geometric Foundation
To extract the geometric attributes of the scene, we build
upon recent pre-trained feed-forward models for geometry
prediction, specifically VGGT [50], as a foundation. A set
of multi-view images is encoded using a pre-trained im-
age encoder [36], and the resulting image tokens are pro-
cessed through k blocks of alternating frame-wise and global
self-attention. This backbone integrates information across
views and, through dedicated heads, predicts camera poses
and point maps, providing a strong geometric foundation
through its large-scale pre-training and multi-view reason-
ing capability. The resulting representations offer a promis-
ing basis for semantic understanding, as they capture spatial
consistency and geometric structure across views.

3.2. Semantics Features
We propose a Dense Prediction Transformer (DPT) [41]
which learns open-vocabulary semantics on top of the shared
multi-view fusion backbone. This design ensures that, in a
multi-task setting, each head can learn task-specific features
while sharing the strong multi-view fusion backbone. Thus,
we are able to predict multi-view consistent features in CLIP
space, denoted as fsem ∈ RW×H×ds , along with a per-pixel
semantic confidence score csem ∈ [1,∞).

Distillation. We supervise the DPT-Head using dense 2D
features f2D

sem ∈ RW×H×d, extracted from the correspond-
ing RGB images. To obtain these features, we first segment
each image using SAM [23] and then encode each segment
using CLIP, which serves as the vision-language feature ex-
tractor. The semantic distillation loss is defined as a cosine
similarity loss between the predicted feed-forward features



and the CLIP-encoded 2D features:

L2D
sem = 1− cos(fsem, ˆf2D

sem), (2)

which encourages the predicted features to be co-located in
the vision-language representation.

Multi-View Consistency. We find that the 2D model pro-
vides view-inconsistent features for the same object when
observed from different viewpoints, causing inconsistencies
that produce a contradictory training signal, which hampers
our method’s goal of predicting multi-view consistent 3D
semantic reconstruction. To address this issue, we introduce
a multi-view consistency loss that enforces feature agree-
ment across different projections of the same 3D point. Let
p denote a 3D point in the point cloud Q, and Ip ⊆ I the set
of views from which this point is visible. Using the camera
poses, intrinsics, and depth maps, we determine pixel corre-
spondences corr(p) =

{
ui

∣∣ p is visible in Ii at pixel ui

}
,

where ui ∈ Ωi denotes the image coordinates in view Ii of
point p. For each correspondence, we compute a confidence-
weighted mean feature

f̄p =

∑
ui∈corr(p) cp,ui

fp,ui∑
ui∈corr(p) cp,ui

, (3)

where fp,ui and cp,ui denote the predicted feature vector
and confidence for point p observed in view Ii at pixel ui,
respectively. This weighted aggregation enables the model
to learn which views provide more reliable features, while
enforcing consistent semantics across all views of the same
3D point. For each query point p ∈ Q, we first define a
per-point consistency term

ℓcons
p :=

1

|corr(p)|
∑

ui∈corr(p)

[
1− cos

(
fp,ui

, stopgrad(f̄p)
)]
,

(4)
which measures the alignment between view-specific fea-
tures and the aggregated feature f̄p, while the stop-gradient
operator stopgrad(·) prevents gradients from flowing into
f̄p. The overall multi-view consistency loss is then given by

Lcons =
1

|Q|
∑
p∈Q

ℓcons
p , (5)

which encourages feature consistency across views and en-
sures that the learned representations remain view-invariant.

The overall semantic objective combines the distillation
and consistency terms as

Lsem = λ2D
sem L2D

sem + λcons Lsem
cons, (6)

where λsem2D and λcons are weighting coefficients control-
ling the balance between 2D semantic alignment and multi-
view feature consistency. This objective encourages the
model to learn open-vocabulary semantic features aligned
with the vision-language embedding space and consistent
across multiple views of the same 3D point.

3.3. Instance Features
Rather than employing conventional mask-prediction net-
works such as Mask R-CNN [15] or Mask2Former [2],
which infer discrete per-view instance masks, we adopt
a contrastive formulation that learns a metric embedding
space. In this space, features of pixels belonging to the same
instance are pulled together, while those from different in-
stances are pushed apart. This design naturally supports
multi-view consistency, as instance identities are aligned
through feature similarity instead of explicit mask matching,
enabling consistent supervision across viewpoints. To this
end, following the same approach as the open-vocabulary se-
mantic head, we predict instance features ginst ∈ RW×H×dg

through a DPT head on top of the shared multi-view back-
bone. This simple extension allows for instance, reasoning
to leverage the fused multi-view context, while contributing
complementary gradients that strengthen the shared encoder.
Similar to the open-vocabulary head, this head is supervised
by a 2D foundation model, requiring no manual annotations
and scaling easily to large datasets. Specifically, we utilize
SAM [23] to extract class-agnostic instance segmentation
masks from the RGB input images.

To ensure multi-view consistent supervision, the 2D in-
stance masks are first lifted into 3D space using ground-
truth depth and camera parameters, and grouped using DB-
SCAN [7] to produce 3D consistent masks. These masks
are then projected back into all views in which they are
visible, enabling cross-view supervision with consistent in-
stance correspondences. This 3D-aware distillation ensures
that pixels corresponding to the same physical instance, even
when observed from different viewpoints, are encoded with
consistent instance features.

We formulate a pairwise contrastive loss in feature space
to train the dense instance embeddings ginst. Given two pix-
els ui and uj from views with corresponding instance as-
signments lui and luj provided by SAM, we define the in-
stance contrastive loss as

L2D
grouping =

{
∥gui − guj∥2, lui = luj ,

ReLU[m− ∥gui
− guj

∥2], lui
̸= luj

,
(7)

where gui
denotes the instance feature at pixel ui, and m

is a margin that enforces a minimum separation between
embeddings of different instances.

To further promote view-invariant instance representa-
tions, we apply the generalized multi-view consistency for-
mulation introduced in Eq. (5), reusing the same confidence-
weighted aggregation from Eq. (3) for the instance features
ginst. The final instance objective combines the grouping and
consistency terms as

Linst = λgroup L2D
grouping + λcons Linst

cons, (8)

where λgroup and λcons control the balance between intra-
instance compactness and cross-view consistency. This



formulation encourages the model to learn dense, class-
agnostic instance features that cluster tightly within in-
stances, remain well-separated across different instances,
and stay consistent across all viewpoints.

3.4. Articulations
To extend scene understanding beyond static geometry and
semantics, we additionally predict object articulations in
a dense, per-pixel manner, also by using a dedicated DPT
head. Articulations capture how object parts can move and
provide functional information essential for reasoning about
interactions within a scene.

We consider two fundamental articulation types, that we
learn from annotated data in 3D: translational motions, such
as drawers sliding along a linear path, and rotational mo-
tions, such as doors rotating around a hinge. To represent
both within a single regression space, we approximate ro-
tational motion as linear ones. This approximation is com-
puted from ground-truth articulation parameters: for each
object with a known rotation axis, we rotate its surface points
by 90 deg around this axis and use the displacement between
original and rotated positions as the linearized ground-truth
motion direction.

Because articulated objects are sparse in typical scenes,
we decompose the prediction into two tasks: (i) identifying
which points belong to articulated objects, and (ii) predicting
their local motion directions. The articulation head outputs
a per-pixel articulation probability map ppred ∈ [0, 1]W×H

with a confidence map cexist, and a per-pixel 3D vector map
vpred ∈ RW×H×3 with a corresponding confidence map
cmotion. These vector maps encode the articulation motion at
each pixel, analogous to how point maps [51] assign a 3D
coordinate to each pixel.

Articulation existence is trained using a binary ground-
truth map p̂ with a focal loss to address class imbalance:

Lexist =
1

M

M∑
i=1

LFocal
(
pi, p̂i

)
. (9)

For pixels corresponding to articulated regions, motion vec-
tors vi are regressed toward ground-truth vectors v̂i using
an ℓ2 loss:

Lmotion =
1

MA

∑
i∈MA

∥vi − v̂i∥22, (10)

where MA is the set of articulated pixels.
To enforce correspondence across viewpoints, we ap-

ply the confidence-weighted multi-view consistency from
Eqs. (3) and (5) to both the existence and vector-map. The
full articulation loss thus becomes:

Lartic = λexist Lexist + λexist
cons Lexist

cons

+ λmotion Lmotion + λmotion
cons Lmotion

cons .
(11)

3.5. Multi-Task Optimization
Finally, the network is optimized end-to-end using a
weighted combination of all task-specific objectives, en-
abling shared features to benefit from complementary su-
pervision across tasks

L = λsemLsem + λinstLinst + λarticLartic.
1 (12)

4. Experiments
In this section, we evaluate our approach across three open-
vocabulary 3D scene understanding tasks — semantic seg-
mentation, instance segmentation, and articulation predic-
tion — on ScanNet [3], ScanNet200 [42], ScanNet++ [57],
and MultiScan [30]. Our method achieves state-of-the-
art performance on all tasks, consistently surpassing task-
specific baselines and demonstrating the benefits of a unified
multi-task network.

Unlike prior work that reports view-level or 2D met-
rics, all evaluations in this paper are performed directly in
3D to assess genuine 3D scene understanding in seman-
tic feed-forward models. Sec. 4.1 presents quantitative re-
sults for open-vocabulary 3D semantic segmentation, fol-
lowed by class-agnostic instance segmentation in Sec. 4.2.
In Sec. 4.3, we show the versatility of our model for articula-
tion and affordance prediction. Sec. 4.4 provides qualitative
results demonstrating generalization to diverse indoor envi-
ronments, and Sec. 4.5 analyzes the impact of multi-view
consistency, feature aggregation, and the joint geometric-
semantic formulation.

4.1. 3D Semantic Segmentation

Setup. We evaluate our method on ScanNet [3],
ScanNet200 [42], and ScanNet++ [57] for 3D semantic seg-
mentation. These datasets differ in the number and granular-
ity of semantic classes, and we evaluate performance on all
of them using standard class-wise mIoU and mAcc on the
ground truth 3D point clouds.

We compare our approach against recent SLAM-based
open-vocabulary methods [12, 54], which jointly recon-
struct the scene and extract open-vocabulary features, oper-
ating under privileged conditions with access to ground-truth
depth, intrinsics, and camera poses. We also include recent
semantic feed-forward approaches [8, 16, 45, 60] using their
public implementations. For fairness, all methods receive up
to 200 images per scene. To isolate semantic performance
and ensure comparability with SLAM-based methods, we
additionally provide feed-forward models with ground-truth
camera parameters and poses. Their image-based frustum
predictions are aligned with the ground-truth point cloud
using a one-nearest-neighbor mapping. If a feed-forward
model cannot process all 200 images at once [8, 16], we split

1A full overview of the loss weights is given in the supplementary.



the sequence into smaller subsets and align each subset’s
predictions using the corresponding ground-truth poses.

Finally, we compare against established point cloud-
based open-vocabulary methods, which are the most privi-
leged, as they operate on posed RGB-D images and have
access to the evaluation meshes at inference time. We
omit comparisons with open-vocabulary radiance field ap-
proaches [6, 22, 39] since they require scene-specific train-
ing, unlike our method and the baselines.

Class prediction. The 3D semantic segmentation is ob-
tained by querying the 3D semantic feature representation
with the benchmark set of text labels and assigning the class
with the highest similarity score to each 3D point. Querying
is performed by computing the cosine similarity between the
point cloud features and the text embeddings of the vision
language model, specifically here the CLIP-text encoder.

Results. Tab. 1 compares UNITE against our point
cloud-based, SLAM-based and feed-forward model-based
baselines. UNITE outperforms all SLAM and semantic
forward-model baselines by a large margin for both mIoU
and mAcc. Our closest competitor PanSt3R [60], performs
well on ScanNet++ [57] whose labels were contained in
the Mask2Former [2] training of PanSt3R [60], however
on ScanNet20 and ScanNet200 our approach outperforms
PanSt3R by a large margin. Furthermore, our approach
is the only RGB(-D) approach that outperforms a native
point cloud-based 3D scene understanding approach in
OpenScene [37]. However, we observe a performance gap
compared to the current point cloud-based state-of-the-art
OV3D on ScanNet20. We attribute this to OV3D’s many
optimizations combining vision and large language models
which seem to help in small label scenarios but hurt
performance on larger label sets such as ScanNet200 where
we outperform OV3D.

4.2. 3D Instance Segmentation

Setup. Instance segmentation is evaluated on ScanNet [3],
ScanNet200 [42], and ScanNet++ [57], comparing our ap-
proach to representative unsupervised, lifting-based, and
feed-forward methods. We omit comparisons with ap-
proaches trained on instance mask annotations, such as
Mask3D [43], since these methods rely on dense supervi-
sion unavailable in our setting, making such comparisons
unfair and not representative of the unsupervised or weakly
supervised nature of our approach. Following the ScanNet
evaluation protocol, we report Average Precision (AP) at
mask overlap thresholds of 50% and 25%, as well as the
mean AP averaged over IoU thresholds from 0.50 to 0.95
in steps of 0.05. Because our model performs class-agnostic
instance segmentation, we ignore semantic class labels when
matching predictions to the ground-truth instances.

We compare against several class-agnostic baselines:

Table 1. 3D Semantic Segmentation. We compare our method
with open-vocabulary 3D point cloud methods, SLAM approaches
and semantic feed-forward models evaluated with the ground truth
3D segmentation. † For fair comparison, we evaluate Panst3R with-
out their introduced QUBO post-processing.

ScanNet [3] ScanNet200 [42] ScanNet++ [57]
mIoU mAcc mIoU mAcc mIoU mAcc

3D point cloud methods
CLIP-FO3D [59] 30.2 49.1 - - - -
OpenScene 2D [10, 37] 41.4 63.6 - - - -
OpenScene 3D [37] 46.0 66.3 07.3 14.5 - -
OV3D [19] 57.3 72.9 08.7 15.2 - -
RGB-D methods
Concept-Graphs [12] 17.1 29.1 06.0 11.7 - -
HOV-SG [54] 34.4 51.1 11.2 18.7 - -
RGB methods
Pe3R [16] 10.7 19.8 02.5 06.5 08.3 16.0
Uni3R [45] 29.3 39.4 04.1 06.8 05.2 10.8
LSM [8] 32.2 41.1 06.3 09.7 14.3 26.5
PanSt3R† [60] 42.6 49.7 13.3 19.9 21.6 31.4
Ours 48.7 68.3 14.5 26.3 17.2 37.0

Table 2. Class-agnostic 3D Instance Segmentation. We compare
our method against different 3D instance segmentation approaches
† For fair comparison, we evaluate Panst3R without their intro-
duced QUBO post-processing. Please note, that unlike the other
approaches, PanSt3R requires instances labels for training.

ScanNet ScanNet200 ScanNet++
AP AP50 AP25 AP AP50 AP25 AP AP50 AP25

HDBSCAN [31] 1.6 5.5 32.1 2.9 08.2 33.1 4.3 10.6 32.3
Felzenszwalb [9] 5.3 12.6 36.9 04.8 09.8 27.5 08.8 16.9 36.1
SAM3D [56] 6.3 17.9 47.3 12.1 28.6 54.1 03.0 7.9 22.3
PanSt3R † [60] 11.4 29.3 53.4 10.6 27.3 50.8 06.5 15.9 33.9
Ours 13.2 29.6 57.2 12.3 28.8 58.2 06.6 16.1 40.4

HDBSCAN [31], which clusters instances purely from ge-
ometry; Felzenszwalb et al. [9], which applies a graph-
based segmentation approach; SAM3D [56], which lifts 2D
SAM [23] masks into 3D using ground-truth depth and
camera parameters; and PanSt3R [60], which employs a
Mask2Former [2] head for instance prediction.

Instance Feature Clustering. Our method produces dense
instance features, which we cluster to obtain the final class-
agnostic 3D instance segmentation. When the number of
instances is unknown, we apply HDBSCAN [31]. When the
number of instances is known or predefined, we instead use
KMeans++ [14].

Results. Tab. 2 reports our class-agnostic 3D instance seg-
mentation results. UNITE achieves state-of-the-art perfor-
mance on ScanNet and ScanNet200, surpassing other un-
supervised approaches, including SAM3D [56], which lifts
SAM predictions into 3D using depth maps and merges
them via IoU heuristics. Although, UNITE is also trained
with SAM masks, our multi-view consistency losses enable
significantly stronger 3D-consistent predictions. Moreover,
UNITE outperforms the feed-forward baseline PanSt3R
[60], the only method trained directly on instance labels. On
ScanNet++, however, the classical method of Felzenszwalb
et al. [9] performs best, even surpassing our approach on
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Figure 3. Results of UNITE on 5 scenes in ScanNet, ScanNet++, and MultiScan. Each row shows qualitative results a different output
modality: (a) 3D semantic and instance segmentation, (b) open-vocabulary search and (c) articulation prediction.

Table 3. 3D Object Articulation Prediction. We compare against
the point cloud-based articulation methods on MultiScan.

Movable Part Motion type
IoU R P F1 R P F1

OPDPN [18] 53.8 01.6 03.1 02.1 01.3 02.6 01.7
S2M [52] 69.2 06.7 15.7 09.4 04.5 10.4 06.3
Ours (task-only) 68.3 05.2 23.4 07.6 01.8 09.2 04.9
Ours (multi-task) 70.3 06.0 29.6 10.0 03.7 12.3 06.9

AP and AP50. We attribute this to (i) their direct operation
on the evaluation mesh, avoiding lifting errors, and (ii) their
advantage on fine-grained boundaries, while UNITE yields
better AP25, reflecting stronger instance-level recognition.

4.3. Articulation

Finally, we evaluate our method on affordance detection and
articulation prediction on the MultiScan [30] dataset. The
MultiScan dataset is an extensive dataset that consists of
multiple rescans of the same scene to identify articulated
objects. Unlike benchmarks such as SceneFun3D [4], which
mainly focus on small, affordable elements such as buttons,
knobs, and handles, MultiScan focuses on a more holis-
tic understanding of articulated objects with a greater va-
riety, such as drawers, cabinets, rotatable chairs, curtains,
etc. This makes MultiScan ideal to evaluate our semantic
feed-forward model to test the reconstruction quality and
semantic understanding.

Setup. We evaluate UNITE against strong baselines [18,
52] from the MultiScan benchmark. Unlike our approach,
these methods operate on reconstructed meshes and predict
articulated object parts and their motion type (translation
or rotation) in two stages: instance segmentation followed
by part segmentation. In contrast, UNITE uses only input
images and directly predicts articulated object parts in 3D.

We report IoU, measuring the overlap between our ar-
ticulation existence prediction and ground-truth articulated
parts. In addition, we compute precision, recall, and F1 for
movable part detection, considering a part correctly detected
if its IoU with the ground truth exceeds 0.5. Finally, we eval-
uate motion type prediction (translation vs. rotation) under
the same IoU threshold to assess the correctness of the pre-
dicted articulation type.

Part Articulation Aggregation. UNITE outputs per-pixel
articulation vectors together with an articulation-existence
probability. To obtain a single articulation prediction for
each object or object part, we first discard all motion vectors
whose existence probability is below 0.5. The remaining
vectors for each predicted instance are then averaged. This
yields one unified articulation estimate for every instance
segment as visualized in Fig. 3c.

Results. Overall, UNITE outperforms the 3D point cloud
baselines on articulation prediction, as shown in Tab. 3.
While existing methods rely on reconstructed meshes



and explicit part segmentation, our image-based approach
achieves higher IoU and consistently better F1 scores for
both movable part and motion type prediction. Notably, our
multi-task design, which jointly learns class and instance se-
mantics together with articulation, leads to substantial gains
over the task-specific variant. This highlights the benefit of
integrating related scene understanding objectives within a
single end-to-end feed-forward network, which underlines
the benefits of unified, multi-task 3D scene understanding.

4.4. Qualitative Results
In Fig. 3, we show predictions of our approach for 3D se-
mantic and instance segmentation, open-vocabulary instance
search, and articulation prediction across scenes from Scan-
Net [3], ScanNet++ [57], and MultiScan [30]. In Fig. 3a, we
perform class-agnostic 3D instance segmentation by clus-
tering the predicted instance features (right) using HDB-
SCAN [31]. We then assign semantic labels from the Scan-
Net200 label set by computing cosine similarity between
the predicted semantic embeddings and the encoded text
label embeddings. The resulting segments exhibit clean ob-
ject boundaries with minimal noise and accurate semantic
predictions, demonstrating geometrically and semantically
coherent 3D outputs.

In Fig. 3b, we conduct open-vocabulary instance search
using CLIP-aligned features to localize both concrete ob-
jects (e.g., a billiard table, bean bags) and higher-level con-
cepts such as sleeping, music, and exercise.

In Fig. 3c, we predict object articulations in a laundry
room, correctly identifying movable cabinets and the dryer
door along with their estimated motion directions.

4.5. Ablations
We perform ablation studies on three components of our
model: joint training versus independent geometric and se-
mantic models, the effect of our multi-view consistency loss
with confidence-weighted fusion, and an oracle-geometry
upper bound using ground-truth depth and pose. We investi-
gate the following questions:
How does distillation compare to feature reprojection?
In this paper, we propose to distill vision-language features
from CLIP [40] into a feed-forward model that jointly recon-
structs the scene and predicts its semantics. Alternatively,
one could combine a feed-forward model such as VGGT
[50] with a semantic foundation model like CLIP by lifting
CLIP predictions into 3D using the depth and camera pa-
rameters predicted by VGGT. However, as shown in Tab. 4,
this simple lifting approach performs notably worse than
our end-to-end model, which natively performs multi-view
fusion. Our approach produces more robust predictions by
jointly reasoning across views, whereas the single-view lift-
ing approach is limited by viewpoint occlusions and can
only aggregate information through mean pooling without

Table 4. Ablations. We compare a naı̈ve CLIP+VGGT baseline,
against our unified geometry–semantics model on ScanNet20. We
incrementally add multi-view consistency loss, semantic confi-
dence weighting, and ground truth geometry.

mIoU mAcc

VGGT + CLIP Lifting 34.5 46.1
Ours (distillation-only) 44.3 61.9

+ Multi-View consistency (Eq. (5)) 45.2 (+0.9) 63.2 (+1.3)
+ Confidence Weight (Eq. (3)) 46.3 (+1.1) 64.7 (+1.5)
+ Geometry Oracle 48.7 (+2.5) 68.3 (+3.7)

comprehensive multi-view consistency.
Does semantic confidence improve multi-view fusion? In
Eq. (3), we introduce a method to learn multi-view consis-
tent features via a confidence-weighted average of all pre-
dicted view features. The per-view confidence encourages
the model to rely more on views with clear visibility, while
features from occluded or uncertain views are pulled toward
those from more confident perspectives. As shown in Tab. 4,
this weighted averaging leads to a significant improvement
over standard mean pooling. While mean pooling produces
a suboptimal embedding that treats all views equally, our
confidence-weighted fusion yields a more stable training
objective and better overall results.
What if geometry were perfect? When evaluating 3D se-
mantic or instance segmentation, the quality of the geomet-
ric reconstruction directly affects the semantic matching, as
correspondences are established via nearest-neighbor search
between predicted and ground-truth points. To disentangle
these factors, we report an upper bound of our method in
Tab. 4, obtained by using ground-truth depth and camera
parameters. The results show a modest but consistent im-
provement, indicating that our approach already produces
geometry of sufficiently high quality for reliable semantic
reasoning.

5. Conclusion

In summary, we introduced UNITE, a unified transformer
architecture that achieves 3D semantic scene understanding
directly from RGB images by distilling rich 2D foundation
model features and enforcing multi-view consistency. While
state-of-the-art on multiple tasks, the model’s performance
is currently tightly coupled to the quality of the underly-
ing geometry. However, rapid advancements in geometric
foundation models are directly transferable, with promising
immediate improvements of the semantic features.

Also, while we showed the generalizability of the unified
model, we only scratched the surface of what we believe is
possible. Given the scalability of our training pipeline, the
model has the potential of being adapted to larger datasets
and expanding to more tasks like scene captioning and de-
composition or 4D dynamic segmentation. We believe this
opens opportunities for in-the-wild, scalable 3D scene anal-
ysis in a truly holistic and unified manner.
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Unified Semantic Transformer for 3D Scene Understanding

Supplementary Material

In this supplementary material, we first provide ad-
ditional implementation and evaluation details in Sec. A.
Next, we report compute requirements and inference-time
statistics in Sec. B. We then examine the interaction be-
tween geometry and semantics through an ablation study
in Sec. C. Finally, in Sec. D, we present out-of-distribution
evaluations, including results on Replica and qualitative pre-
dictions on LERF scenes. Additionally, we provide a sup-
plementary video attached with the submission.

A. Additional Details

Implementation Details. Our model is built on top of
VGGT-1B [50] and is trained on sequences of 12 images.
To obtain semantic features, we employ SAM [23] to gener-
ate class-agnostic segments for each image. We then extract
vision–language features by running OpenSeg [10] over the
full image and averaging the resulting features within each
SAM segment. This produces a dense feature map of shape
H ×W × ds with H = 378,W = 448 and ds = 718.

For instance feature supervision, we again rely on SAM
to extract 2D segments. These segments are lifted into 3D
using ground-truth camera parameters and depth maps. We
compute 3D IoU between lifted segments and merge them
following the procedure of SAM3D [56]. The merged 3D
segments are then projected back to the image plane, yield-
ing multi-view consistent mask identifiers for each image.
During training, the contrastive margin is set to m = 1, and
the instance embeddings have dimensionality dg = 512 to
ensure sufficient separability in large-scale scenes. At infer-
ence time, instance features are clustered using HDBSCAN
with eps = 0.1.

Articulations are represented using a 9-dimensional vec-
tor that includes three translational and three rotational com-
ponents, a translation-existence mask, a rotation-existence
mask, and a prediction confidence value.

The final multi-task objective assigns equal weight to the
three main tasks, with λsem = 1,λinst = 1, and λartic = 1. For
each task, we apply a 10-to-1 weighting ratio between the
distillation/supervision loss and the multi-view consistency
loss. This yields λ2D

sem = 1 and λcons = 0.1 for semantic
feature learning; λgroup = 1 and λcons = 0.1 for instance
feature learning; and λexist = 10, λexist

cons = 1, λmotion = 1,
and λmotion

cons = 0.1 for articulation learning. The model is
trained for 150, 000 steps with a learning rate of 3e− 4 and
exponential learning rate decay.

Evaluation Details. For each scene, we evaluate the predic-
tions from 200 frames. The predicted point maps are first

Table 5. Runtime and peak GPU memory usage across different
numbers of input frames. Runtime is measured in seconds, and
GPU memory usage is reported in gigabytes. The input resolution
is 378× 448.

Input Frames 2 10 20 100 200
Time ~5s ~7s ~9s ~23s ~34s
Mem. ~2GB ~4GB ~14GB ~21GB ~40GB

Table 6. Depth fine-tuning ablation. We evaluate depth predic-
tion after fine-tuning VGGT [50] on ScanNet using geometric and
semantic losses.

AbsRel↓ δ1.25↑

VGGT (pre-trained) 0.260 63.31
VGGT (fine-tuned geometry) 0.256 63.52
VGGT (fine-tuned geometry & semantics) 0.251 63.77

projected into 3D, after which we apply farthest-point sam-
pling to downsample the resulting point cloud for efficiency.
We then aggregate the embeddings of the sampled points
with those of the rejected points in their respective local
neighborhoods. Finally, we compute 1-nearest-neighbor cor-
respondences to the ground-truth point cloud to obtain the
evaluation metrics.

To align the predicted point cloud with the ground-truth
coordinate system, we fix the reference frame using the
ground-truth camera pose of the first image, consistent with
VGGT’s convention of treating the first camera as the ref-
erence. We estimate the global scale factor for alignment
by solving a least-squares problem over the predicted and
ground-truth camera poses.

B. Compute and Inference Time

As detailed in Tab. 5, we report inference runtime and peak
GPU memory for the full forward pass, including the seman-
tic, instance, and articulation heads, across varying numbers
of input frames. All measurements are obtained on a sin-
gle NVIDIA H100 GPU using a JAX implementation with
flash attention. Input images are rendered at a resolution of
378 × 448. To balance inference speed and memory con-
sumption, the DPT heads are executed sequentially for each
output image, which reduces peak memory usage.

C. Geometry and Semantic Synergy

The aim of our work is to bring semantic information into
models that mainly rely on geometric signals. For this pur-
pose we are using the pre-trained geometric features of
VGGT [50] as a strong starting point for learning semantics.
We also expect that learning semantic features can, in turn,
support geometric tasks. To test this idea, we run a small
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Figure 5. Results of UNITE on in-the-wild scene. UNITE is able to produce high-quality geometry, instance, and semantic features for
in-the-wild scenes. The predicted features allow for text-based queries of high complexity, correctly identifying objects from relationship
descriptions.



Table 7. Replica Evaluation. We evaluate UNITE on Replica for
3D semantic segmentation. The Replica dataset contains 51 seman-
tic classes.

mIoU mAcc

ConceptFusion [17] 10.0 17.0
ConcpetGraphs [12] 13.0 21.0
HOV-SG [54] 14.4 21.2
OpenScene [37] 15.9 24.6
Ours 17.0 26.6

ablation on depth estimation and compare VGGT’s depth
predictions in three setups: the original pre-trained model,
fine-tuning on ScanNet [3] with only geometric losses for
10, 000 steps, and fine-tuning on ScanNet with both geomet-
ric and semantic losses for 10, 000 steps.

As shown in Tab. 6, fine-tuning with geometric losses
brings only a slight gain over the pre-trained model. This
is reasonable since the model is already strong in geomet-
ric reasoning and was already trained on ScanNet. Notably,
introducing our proposed semantic losses adds small im-
provements also in depth prediction, indicating that jointly
learning geometric and semantic representations could also
benefit geometric learning. However, the margins are still
relatively small but we believe these results could also trans-
fer and scale when trained on larger datasets.

D. Out-of-Distribution Evaluation

Replica. In Tab. 7, we report 3D semantic segmentation
performance on the Replica dataset [44] following the same
evaluation protocol as for ScanNet [3] and ScanNet++ [57].
This experiment highlights the out-of-distribution general-
ization capability of our method, which surpasses existing
open-vocabulary baselines. In Fig. 4, we provide additional,
qualitative results.

LERF Scenes. In Fig. 5, we present predictions on the
kitchen scene from the in-the-wild LERF dataset [22].
UNITE adapts robustly to such unconstrained settings, ac-
curately grounding complex textual queries such as cabi-
net above the refrigerator or knives hanging on the wall. It
further distinguishes fine-grained spatial relationships, for
instance, correctly differentiating the cabinets beneath the
kitchen counter and those above the sink, from the cabinet
above the refrigerator.
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