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Figure 1. Chorus Framework. (a) Multi-Teacher Pretraining. A feed-forward 3DGS scene encoder with per-teacher projectors distills
complementary signals—language-aligned, generalist, and object-aware—into a shared embedding. (b) Example Feature PCA (results
on novel scenes). At inference we input the full 3DGS scene; PCA on encoder features presents clear semantic awareness despite domain
shift. (c) Evaluation & Data Efficiency. Chorus attains strong results across scene understanding tasks while using noticeably fewer
training scenes—8.32x and 39.9x less than the SoTA point clouds pretraining baselines—highlighting the efficiency of our pretraining.

Abstract

While 3DGS has emerged as a high-fidelity scene repre-
sentation, encoding rich, general-purpose features directly
from its primitives remains under-explored. We address
this gap by introducing Chorus, a multi-teacher pretraining
Sframework that learns a holistic feed-forward 3D Gaussian
Splatting (3DGS) scene encoder by distilling complemen-
tary signals from 2D foundation models. Chorus employs a
shared 3D encoder and teacher-specific projectors to learn
from language-aligned, generalist, and object-aware teach-
ers, encouraging a shared embedding space that captures
signals from high-level semantics to fine-grained structure.

We evaluate Chorus on a wide range of tasks: open-
vocabulary semantic and instance segmentation, linear
and decoder probing, data-efficient supervision, as well as
LLM-based Q&A. Besides 3DGS, we also test Chorus on
several benchmarks that only support point clouds by pre-
training a variant using only Gaussians’ centers, colors, es-
timated normals. Interestingly, this encoder shows strong
transfer and outperforms the point clouds baseline while

using 39.9x fewer training scenes. Finally, we propose a
render-and-distill adaptation that facilitates out-of-domain
finetuning. Our code and model is released at this codebase.

1. Introduction

The community has made rapid progress on scene repre-
sentations that enable photorealistic rendering, from neu-
ral radiance fields (NeRFs) [32] to real-time 3D Gaus-
sian Splatting (3DGS) [22]. In parallel, there is a grow-
ing body of work that attaches semantic cues to these
representations (e.g., via attaching vision-language fea-
tures [23, 31, 35, 39, 67]). Yet comparatively minor atten-
tion has been paid to treating the 3D representation itself
as a modality from which we can directly mine general-
purpose, transferable features at scale. 3DGS is particularly
attractive in this regard: it preserves geometry—appearance
primitives and supports fast differentiable rendering, which
together make it a promising substrate for large-scale pre-
training beyond view synthesis [6, 19, 28, 50].

We address the gap in generalizable 3DGS scene en-
coding by proposing Chorus—a multi-teacher pretraining
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framework for training a native 3DGS encoder to align
with complementary 2D foundation models. Concretely,
Chorus uses a shared 3D encoder over Gaussian primi-
tives and lightweight per-teacher projectors to distill (i)
language-aligned semantics from the SigLIP2 encoder [49],
(ii) generalist visual features from DINOv3 [47], and (iii)
object-aware cues from the Perception Encoder variant PE-
Spatial [5, 25], which combines self-alignment with SAM-
logit alignment to improve spatial locality while preserv-
ing semantics. Our multi-teacher design teaches the scene
encoder breadth and complementarity, capturing high-level
semantics, instance grouping, and fine spatial structure
within a single 3D embedding space.

Chorus builds upon the “lift-then-align” paradigm estab-
lished by SceneSplat [28], which lifts dense 2D language
features to 3D Gaussians and uses them as pseudo-labels
to train a feed-forward 3DGS encoder for open-vocabulary
segmentation. However, SceneSplat’s encoder was pre-
dominantly aligned with semantic information and demon-
strated on semantic segmentation, leaving broader down-
stream applications (e.g., instance grouping) and reason-
ing capabilities largely unexplored. Chorus generalizes this
paradigm with multi-teacher pretraining to explicitly super-
vise with diverse signals in order to learn a versatile 3D fea-
ture representation. Our framework therefore results in 3D
encoding that reaches superior performance across a diverse
set of tasks, thereby producing a holistic 3D scene encoder.

We demonstrate the effectiveness of Chorus on the fol-
lowing tasks: semantic segmentation, open-vocabulary se-
mantics, instance segmentation, open-vocabulary instances,
and visual question answering. The evaluations are con-
ducted on a comprehensive collection of datasets: Scan-
Net200 [44], ScanNet++ [61], Matterport3D [8], and
our newly proposed 3DGS-native benchmark (with per-
Gaussian labels) built upon InteriorGS [48]. In contrast,
prior methods for generalizable 3D scene understanding
typically specialize in a limited subset of tasks such as open-
vocabulary tasks [27-29], semantics and instances [51, 53,
55], and VQA reasoning [9, 12, 14]. Our evaluation demon-
strates that pretrained Chorus encoder can simultaneously
serve as the most effective solution across this broad spec-
trum of scene understanding tasks. Furthermore, we carry
out probing experiments (linear/decoder probing and full
finetuning) for semantic and instance segmentation to assess
the feature quality across the same datasets. In addition, we
conduct data-efficiency studies that restrict supervision to
limited scenes and sparse annotations, thereby stress-testing
how much the pretrained encoder alone carries.

Besides 3DGS, we tested Chorus on several benchmarks
that only support point clouds. For this purpose, we pre-
trained a new point-cloud-compatible 3D encoder using
the Gaussians’ centers, colors, estimated normals as the
only inputs, while keeping all other training signals and

losses identical. To our surprise, this variant is compet-
itive with the recent self-supervised point cloud pretrain-
ing method Sonata [55] while using ~ 39.9x fewer train-
ing scenes. Chorus also exhibits favorable scaling as we
move from subset to joint-dataset pretraining. These obser-
vations indicate that our multi-teacher pretraining success-
fully mines semantics, spatial locality, and instance group-
ing that carry over when the encoder is evaluated on point
clouds tasks, despite the distribution difference. In practice,
multi-teacher distillation over 3DGS is a practical, efficient
route towards a general feed-forward scene encoder.

To further demonstrate versatility, Chorus facilitates out-
of-domain adaptation by introducing a render-and-distill
strategy that eliminates the need for costly 3D pseudo-label
preprocessing. This approach leverages the inherent ren-
dering capability of 3DGS: given a new dataset, we sim-
ply render 2D views, perform online teacher inference, and
finetune our encoder with teacher knowledge. This makes
the adaptation pipeline more lightweight and accessible.

Our contributions can be summarized as follows:

* A multi-teacher pretraining framework that aligns a na-
tive 3DGS encoder with diverse 2D teachers (language-
aligned, generalist, and object-aware) via a shared back-
bone and per-teacher projectors.

* A holistic 3D scene encoding that produces highly struc-
tured and transferable embeddings for both 3DGS and PC
inputs, leading to state-of-the-art performance on a broad
range of tasks, while demonstrating data efficiency.

* A lightweight render-and-distill adaptation recipe that en-
ables convenient out-of-domain finetuning without re-
quiring costly 3D pseudo-label preprocessing.

2. Related Work

Self-supervised and Cross-modal Distillation for 3D.
Self-supervised learning (SSL) has driven strong represen-
tation learning for 2D images [7, 15, 16] and has been ac-
tively explored for 3D data via contrastive and masked mod-
eling [2, 34, 43, 56, 62]. Recently, Sonata [55] mitigates
the geometric shortcut during point clouds self-supervised
learning and [64] shows that joint 2D-3D SSL can yield
more coherent spatial features than using a single modal-
ity. In parallel, knowledge distillation [18] has emerged as
a powerful paradigm. Cross-modal distillation injects pri-
ors from 2D foundation models [26, 33, 40, 49, 63] into
3D, mitigating label scarcity and enabling semantic aware-
ness in 3D representations [23, 36, 57, 58]. This distilla-
tion paradigm has progressed from single-teacher to multi-
teacher aggregation in 2D domain, as shown by [17, 42, 45],
which strengthens learning with complementary signals.
We adopt this perspective and specialize it to 3DGS for the
first time: instead of a single teacher or objective, Chorus
distills from various 2D teachers (language-aligned, gener-
alist, object-aware) to align embeddings with rich priors,
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Figure 2. Chorus Overview. (a) Multi-Teacher Pretraining. We train a feed-forward 3DGS scene encoder to distill complementary
signals—language-aligned (SigLIP), generalist (DINO), and object-aware (PE)-from 2D teachers. This knowledge is transferred into a
shared embedding space via lightweight per-teacher projectors and losses. To accelerate out-of-domain adaptation, we support finetuning
the encoder with online rendering-based supervision. (b) Task-Specific Transfer. Pretrained Chorus encoder enables diverse downstream
tasks, including semantic and instance segmentation, open-vocabulary query, and 3D visual question answering (VQA).

while leveraging the inherent rendering capability of 3DGS.
3D Gaussian Splats Encoders. Unlike 3D point clouds,
where representation learning is well explored [37, 38,
51, 53, 65], encoding 3D Gaussian Splats remains under-
explored despite their richer parameter space that cou-
ples both appearance and geometry. ShapeSplat [30] pio-
neers object-level masked reconstruction for 3DGS objects,
while Can3Tok [13] learns a scene-level VAE that tokenizes
3DGS scenes into latent codes. At the scene level, Scene-
Splat [28] lifts 2D semantic priors to train a generalizable
3DGS encoder for open-vocabulary semantics and intro-
duces the SceneSplat-7K dataset. SceneSplat++ [29] fur-
ther scales scene-level 3DGS data and establishes a compre-
hensive benchmark for language-aligned 3DGS methods.
Building on this trajectory, Chorus proposes consolidating
complementary 2D priors into a single feed-forward 3DGS
encoder, producing holistic scene embeddings that transfer
robustly across diverse tasks (semantic, instance, and ques-
tion answering [14]).

3. Method

Chorus pretrains a general-purpose feed-forward Gaussian
scene encoder by distilling knowledge from multiple 2D
teachers. We first explain the pretraining data where the
2D feature maps are lifted to the 3DGS (§3.1). Then we
present the multi-teacher framework, i.e., a shared 3DGS
encoder with lightweight per-teacher projectors and losses,
including optional contrastive terms that exploit available
semantic class/instance structure (§3.2). Next, we describe
a rendering-based adaptation recipe that shortcuts adapta-
tion via image-plane supervision, accelerating the out-of-
distribution generalization (§3.3). Finally, we introduce our
3DGS-aware augmentations to aid pretraining (§3.4).

3.1. Lifting 2D Teachers for Supervision

3DGS scene rendering. A 3DGS scene is an optimized
parameter set of N Gaussians:

G = {(xi,si, s, i, ci) 1Y, (D

to reproduce multi-view images via alpha composition and
anisotropic Gaussians [22]. Each tuple contains parameters
for a center x; €R3, scale s; € R, orientation q; € H (unit
quaternion), opacity «; € [0, 1], and color c; € [0, 1]. For a
viewpoint p and a pixel u € N2, 3DGS renders colors as

C(ulp)= Z T; ai(ulp) ¢y T; = H (1 —aj(ulp)),
€80 j<i

2

where Sg 4, is the depth-sorted set of splats intersecting the
viewing ray.
Normalized uplifting. Let Fy; ,, be a 2D teacher feature at
view p, pixel u, and let f; be the target feature on Gaussian
1. Using the same rendering weights as in (2), we obtain
uplifted supervision as a weighted average [31]:

i = Wy b,ua F, u, Wy b,a :M7 (3)
D, > wi(p'u)
(p,u)€S; (p’,u)es;

where S; are all view-pixel pairs contributing to feature f;.
Teacher standardization. We supervise with three 2D
teachers: SigLIP2 (language-aligned), DINOV3 (generalist
features), and PE-Spatial (object-aware). Because teacher
activations differ in scale/variance, we apply PHI-S [41],
a PCA rotation followed by isotropic Hadamard scaling
to achieve unit average per-channel variance while pre-
serving cross-channel relationships. We denote Fj,, =

PHI-S(F}, ) and use fi analogously when needed.
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3.2. Multi-Teacher Pretraining

Architecture. A shared 3DGS encoder gy maps Gaussian
parameters to latent per-Gaussian features:

Z = go(G) € RV*d=, )

Each teacher € T = {lang, dino, pe} has a lightweight pro-
jector head h; (2-layer MLP with LayerNorm and GELU)
producing predictions FO = he(Z) € RN*de,
Per-teacher losses. For teacher ¢, we denote the uplifted
supervision F(*) and an optional validity mask M ®) (de-
rived from feature norms / visibility). Our base matching
loss combines cosine and smooth-#; loss:

1 ~ ~
/;r(rztch = T3] Z A (1 — cos (Fi(t)7FZ_(t)))
ie M ()
+ A2 SmoothL1 (£{”, F), (5)

for preserving both magnitude and angular alignment. We
{y-normalize the inputs before calculating cosine terms.
Teacher-specific contrastive loss (optional). We add com-
pact contrastive regularizers [28] when the source dataset
provides semantic/instance labels.
* SigLIP2 teacher (semantic):
Fc(t):mean{ﬁi(t) : 1 € G.}, split each class into two dis-
joint halves A/ B, and apply a bidirectional InfoNCE loss

over /o-normalized Fc(t{) A, B} Across classes.

» PE-Spatial teacher (instance): pool instance-wise means
F,gt):mean{ﬁ'i(t) : 1 €7y} and similarly apply InfoNCE.

We write the loss term succinctly as Lgf,% and put equations

in the supplement.

Staged pretraining & total optimization objective.

Teachers can start at different epochs. Let A(e) C7 denote

the active set at training epoch e (e.g., {lang, dino} from the

start, then add pe). The total objective is

Lo(€) = Srea M (Lo +m £8)), ©

with simple per-teacher weight A; and optional 7;. We em-
pirically found that PHI-S standardization simplifies loss
balancing, i.e., equal weights of \; suffice across teachers.

3.3. Rendering-Based Adaptation

pool class-wise means

Given a novel data domain, we can adapt our pretrained en-
coder without precomputing 3D pseudo-labels by online in-
ference. We sample camera poses {p}, conduct visibility
culling on the input Gaussians, then run each 2D teacher
on the rendered RGB to obtain feature maps F,Sf&, and ob-
tain per-Gaussian predictions Fi(t) with the current encoder
and projector heads. Using the same compositing weights
w;(p, u) as in Eq. (2), we render an inference feature map
for each teacher ¢:

Bl = Yies,  wilp,w) B ()

Figure 3. Rendering-Based View Sampling and Pairing: (a)
Camera Location Sampling: We use Furthest Point Sampling to
select camera positions that achieve broad spatial coverage across
the entire navigable scene space. (b) Visibility Culling: For each
location, we sample view angles and track the visibility of the 3D
Gaussians across frames. (c¢) View Pairing and Selection: We ob-
tain a minimum 2D bounding box covering all visible Gaussians
for a given view. Then candidate pairs of poses are calculated and
sorted based on the overlap score. (d,e,f) Rendered images corre-
sponding to the colored camera viewpoints.

Adaptation objective. Let 2 be the set of valid pixels with
sufficient transmittance. We reuse the same per-teacher
matching loss as in Eq. (5) (cosine + SmoothL.1, with the
same A1, A2), now applied to the 2D feature maps over {2:

Loy = 1 S pmen boacr(Fis L) ®)

This render-and-distill 1oop adapts Chorus using only ren-
dered frames, accelerating the adaptation to new data.
View sampling and pairing pipeline. To enable adaptation
on data without provided poses, we select informative views
for 2D supervision in two stages: (1) Informative view se-
lection — sample camera positions that are well distributed
in the navigable space yet are neither too close to geome-
try nor heavily occluded; (2) Contextual view pairing — en-
sure that selected views share sufficient overlap to promote
cross-view feature coherence. As illustrated in Fig. 3, we
first sample camera positions proportional to the scene size
to ensure coverage, and for each position generate eight can-
didate horizontal viewing directions. Directions whose cen-
ter ray is too close to scene contents are discarded. For each
valid view, we rasterize the Gaussians and record their vis-
ibility, then compute the minimum 2D axis-aligned bound-
ing box enclosing all visible splats; only Gaussians that fall
inside this region are kept as input for that training view. Fi-
nally, for each camera pose we sort the remaining poses by
visibility overlap and form training pairs from high-overlap
poses, ensuring sufficient multi-view context. Further de-
tails are provided in the supplement.
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3.4. 3DGS-Aware Augmentations

Why point-cloud augmentations are suboptimal for
3DGS? Point clouds augmentations (dropout, elastic dis-
tortions, color/geometry jitter, etc.) are designed for i.i.d.
sets of points whose attributes (position, color) are direct
observations of 3D geometry/appearance. In contrast, a 3D
Gaussian Splatting (3DGS) scene is an optimized parameter
space. Naive point-cloud jitter alters «; and 7} in ways that
are not motivated for splat-based rendering, and empirically
we observe consistent performance drops when such jitter is
applied to our encoder pretraining.

Design principle. We propose two augmentations that are
3DGS-aware: (i) a Rendering-Equivalent perturbation, tar-
geting for the augmented parameters that render approx-
imately the same images, injects small, covariance-aware
position noise primarily into low-opacity splats, and (ii) an
Immature-Manifold perturbation to mimic earlier (blurrier)
stages of optimization, selectively inflates per-splat covari-
ances. Both augmentations are grounded in the rendering
equation Eq. (2) and the observed 3DGS optimization dy-
namics [21, 24]; equations are provided in the supplement.

4. Experiments

We evaluate the pretrained Chorus encoder on diverse tasks.
First, using the language-aligned projector, we report open-
vocabulary semantic and instance segmentation. Next, we
show that Chorus serves as an effective scene tokenizer for
the language model, enabling question answering (§4.1).
Later, we pretrain a point-cloud variant of Chorus using
only Gaussians’ center, color, estimated normal as inputs,
which surprisingly competes with SoTA point clouds en-
coder consistently (§4.2). We analyze this unexpected ro-
bustness to gain understanding during ablation study (§4.3).
Implementation details. Our pretraining backbone
adapts the 5-stage transformer encoder from Sonata [55]
with the bottleneck feature dimension of 512. We
employ the teachers of SigLIP2-s0400m-pl6-512,
DINOv3-ViTL1l6, and PE-Spatial-114-448. For
pretraining data, we leverage the collected 3DGS scenes
(center, color, opacity, quaternion, scale) from SceneSplat-
7K [28], with our newly processed pseudo-labels for each
teacher. We set teacher loss weights A\; = 1.0 and balance
the contrastive terms with n; = 0.02 for L’EQI We pretrain
the standard model (denoted ®¢) using all 3DGS parame-
ters as input, and a point-cloud variant (denoted e) which
instead uses center, color, estimated normal of the Gaus-
sians while keeping all other settings the same. This variant
is used for subsequent probing and finetuning to compare
against point cloud encoders. For the rendering-based adap-
tation, we initialize with the pretrained Chorus encoder and
for each batch we select 4 overlapping views. By default,
the rendered image resolution is 480 x 640, and the rendered

(c) Sonata (pcd) o

Figure 4. Inference Feature PCA Visualization. Features from
different encoders on a concert hall. Chorus shows the best seman-
tic consistency (see zoomed-in chairs and stairs in the back).

feature resolution is 120 x 160. We use bilinear interpola-
tion to upsample the online encoded 2D teacher feature to
match the rendered feature map. A learning rate of 2 x 104
is employed for the adaptation, which runs for 100 epochs.
The SceneSplat-7K MP3D [8] subset was updated for Cho-
rus training. Consequently, we re-trained [28] using public
code for joint-data comparison. We refer to the supplement
for additional training and experiments details.

4.1. Main Results

Open-vocabulary semantic segmentation. Tab. | reports
zero-shot semantic segmentation results on fine-grained
ScanNet200, Matterport3D, ScanNet++, and InteriorGS
benchmarks. Chorus achieves the best zero-shot perfor-
mance, e.g., compared to the previous SoTA SceneSplat,
a 2.1% f-mIoU and 6.0% f-mAcc increase on the Scan-
Net200 benchmark after joint training, and when evaluated
generalization on new data, a 5.7% f-mlIoU and 5.8% f-
mAcc increase on InteriorGS, while using 8.32x less train-
ing data compared to the point clouds-based pretraining
method [27], highlighting the efficiency of our 3DGS-based
pretraining framework.

Open-vocabulary instance segmentation. We report
open-vocabulary 3D instance segmentation on ScanNet200
in Tab. 2. The results confirm that our encoder’s strong
open-vocabulary semantic understanding translates to the
instance level. Following the protocol from Mosaic3D [27],
we adopt the instance proposals from Mask3D [46] for
all baselines. Chorus achieves state-of-the-art performance
among the methods that use 3D inputs only, outperforming
prior point clouds-based open-vocabulary SoTA [27]. No-
tably, Chorus reaches a +7.6 mAP gain in recognizing the
66 tail classes, showing ability to recognize rare instances.
Rendering-based adaptation. As shown in Tab. 7, our
lightweight adaptation recipe avoids heavy feature I/O dur-
ing training and adds at most 0.1s per view for on-the-
fly feature rasterization—eliminating the ~1TB storage
required to precompute teacher features for 800 training
scenes. Its effectiveness is evident in Fig. 6: training on
an additional 100 scenes from the InteriorGS dataset yields
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Method Training Source #Training | ScanNet200 (200) | Matterport3D (160) ScanNet++ (100) * InteriorGS (72)

Scenes f-mloU  f-mAcc | f-mloU f-mAcc | f-mloU f-mAcc | f-mloU f-mAcc
OpenSceneJr [36] SN x1 6.4 12.2 5.7 10.7 8.8 14.7 - -
PLA[11] SN - 1.8 3.1 - - - - - -
RegionPLC [60] SN - 9.2 16.4 6.2 13.3 11.3 20.1 - -
OV3D [20] SN - 8.7 - - - - - - -
Mosaic3D [27] SN - 13.0 24.5 8.6 17.8 16.2 27.1 3.8 8.2
% SceneSplat [28] SN - 18.9 31.7 10.8 18.7 14.7 24.7 6.1 8.5
% Chorus (ours) SN - 22.4 45.8 114 16.4 16.8 29.1 9.0 14.6
Mosaic3D [27] i1§121;+§31§1)3]) x24.3 15.7 28.3 13.1 27.7 18.0 29.0 94 16.0
% SceneSplat [28] SN, SN++, MP3D x2.92 22.5 41.7 14.0 324 28.6 50.9 10.0 18.3
% Chorus (ours) SN, SN++, MP3D x2.92 24.6 47.7 18.7 38.5 29.6 53.5 15.7 24.1

Table 1. Zero-Shot 3D Semantic Segmentation on the Fine-Grained ScanNet++ (100 classes) [61], Matterport3D (160 classes) [8],
ScanNet200 (200 classes) [10] and InteriorGS (72 classes) [48] Benchmarks. **denotes 3DGS modality input. Chorus and SceneS-
plat [28] are the only methods that target 3DGS modality pretraining. We report the foreground mean IoU (f-mloU) and foreground mean
accuracy (f-mAcc) excluding wall, floor, ceiling classes, following [36, 60]. t denotes the official checkpoint and the baseline results are
partly taken from [27]. Dataset abbreviations SN, SN++, ARKitS, MP3D, and S3D are short for ScanNet [10], ScanNet++ [61], ARK-
itScenes [4], Matterport3D [8] and Structured3D [66]. Chorus achieves noticeably better zero-shot performance, e.g., a 3.2% f-mIoU and
9.0% f-mAcc increase on the ScanNet200, and when evaluated on new data, a 5.6% f-mIoU and 5.1% f-mAcc increase on InteriorGS com-
pared to the previous SOTA SceneSplat, while using 8.32x less training data compared to the point clouds-based pretraining method [27].

3D Region Proposal mAP mAP mAP mAP

Method Inputs  Network 25 50 head tail
Superpoints + ISBNet
Open3DIS 3D+2D + Grounded-SAM 32.8 294 27.8 21.8
SAI3D 3D+2D Superpoints + SAM  24.1 18.8 12.1 16.2
OpenScene-3D 3D Mask3D 72 62 106 0.7
RegionPLC 3D Mask3D 9.7 86 156 1.7
OpenlIns3D 3D Mask3D 144 103 16.0 4.2
Mosaic3D 3D Mask3D 17.8 16.0 21.8 5.4
¢ Chorus (ours) 3D Mask3D 19.6 18.0 18.5 13.0

Table 2. Open-Vocabulary 3D Instance Segmentation on Scan-
Net200. Methods are grouped by input types, methods using both
3D+2D inputs requires expensive multi-view images processing,
whereas Chorus is feed-forward and shows strength, especially on
the 66 tail classes.

ScanQA Nr3D
Methods
EM1 M R Sim M R
ScanQA [3] - 13.1 333 - - -
3D-VLP [59] - 13.5 34.5 - - -
Scene-LLM [12] - 15.8 - - - -
LL3DA [9] 14.3 22.8 34.7 48.1 5.8 9.9

GaussianVLM [14]
= % SceneSplat* [28]
GaussianVLM

f= % Chorus (ours)

14.4 229 34.8 48.2 20.8 19.2

14.8 22.5 374 50.6 225 28.8

Table 3. 3D Scene Question and Answering. Comparison across
ScanQA (EM @ 1/M/R) and Nr3D (Sim/M/R).

a +2.7% mloU gain under linear probing over our standard
pretraining, indicating better domain adaptation. We also
ablate teacher feature resolution during adaptation (Fig. 5),
where even low-resolution 30x40 DINOv3 features pro-
duce a clear improvement, with further gains at higher res-
olutions and more adaptation scenes.

Language model-based question answering. We eval-
uate Chorus as the 3D encoder within an LLM-based

3.49

2.73

mloU Gain (%)
mloU Gain (%)

2.21 2.22

(30,40)x1 (30,40)x2 (30,40)x4 (60,80)x2 10 50 100 200
Figure 5. 2D Adaption Ablation. Performance improves with
higher teacher render resolution (left) and more adaptation scenes
(right). The left x-axis denotes the 2D teacher’s feature resolution,
formatted as (feature size) x bilinear upsample factor.

pipeline for visual question answering and grounding (see
Tab. 3), where swapping in Chorus yields consistent im-
provements on both benchmarks. Concretely, we follow
GaussianVLM [14] and simply replace its 3D backbone:
instead of using multi-level features from [28], we feed
only the final Chorus encoder stage into the VLM, keep-
ing all other components and training settings unchanged.
We train and evaluate both the original GaussianVLM and
Chorus-augmented variant on ScanQA [3] (3D-VQA) and
Nr3D [1], on the metrics of EM1 (Top-1 Exact Match), M
(METEOR), R (ROUGE), and Sim (Sentence Similarity).
Fig. 7 provides qualitative VQA examples. As an additional
benefit, leveraging only the last encoder stage of Chorus is
lighter and faster, achieving approximately a 0.68 X training
time compared to GaussianVLM with SceneSplat.

4.2. Chorus on Point Clouds Tasks

Probing & finetuning of semantic segmentation. We
evaluate the feature quality of our pretrained encoder via
linear/decoder probing and full finetuning on five bench-
marks, reported in Tab. 4. With only a learnable lin-
ear layer, Chorus can outperform the strong Sonata base-
line across five benchmarks, e.g., achieving mloU gains on
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Probing Exp. ScanNet Val ScanNet200 Val ScanNet++ Val Matterport3D (160) InteriorGS
Methods mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc mloU mAcc allAcc
MSC [52] (lin.) 21.8 322 65.5 33 5.5 57.5 8.1 11.9 64.7 -

Sonata [55] (lin.) 73.7 84.4 90.3 28.8 38.8 81.8  40.7 553 84.8 18.5 258 788 24.3 354 614
/e Chorus (lin.) 752 848 905 360 472 828 488 632 864  20.0 25.7 794 27.0 372 62.6

Sonata [55] (dec.) 77.3 859  92.0 30.1 394  83.0 466 589  86.8 19.0 262 794 272 38.6 65.3
/e Chorus (dec.)  75.0 83.1 90.6 32,5 43.0 82.2 48.4 62.3 86.7 196 264 796 293 416 668

PTv3 (sup) [53] 77.4 84.8 92.0 34.7 454 83.5 48.2 61.6 87.0 17.5 233 78.9 31.1 44.0 67.4

MSC (f.t.) [52] 78.2 85.3 922 334 437 834 487 61.9 87.2 - - - - - -

Sonata (f.t.) [55] 78.6 86.6 92.3 344 440 84.0 499 60.7 87.4 21.3 27.6 80.2 30.7 41.8 66.2
/e Chorus (ours)  79.4 87.7 92.4 40.9 52.3 84.1 52.9 66.2 87.1 23.6 31.0 80.5 31.8 43.3 68.9

Table 4. Semantic Segmentation Probing & Finetuning Experiments. “ denotes 3DGS input and e denotes point clouds input.

Data Efficiency Limited Training Scenes Limited Annotations ScanNet Val ~ ScanNet200 Val ScanNet++ Val
Methods
Methods 1% 5% 10% 20% 20 50 100 200 mAP25 mAP50 mAP25 mAP50 mAP25 mAP50

Sonata [55] (lin.) 45.3 623 687 698 688 706 712 715 MSC][52](lin.) 133 53 2.3 1.0 4.8 2.6
o Chorus (lin.) 420 603 696 713 701 723 733 737 Sonata[55](lin.) 72.6 539 300 209 335 245

Sonata [55] (dec) 438 63.5 695 727 694 729 749 763 °Chousin) 666 469 316 219 370 279
e Chorus (dec.) 43.1 614 69.7 721 708 724 741 753  Sonata[55](dec) 773 621 362 293 394 335

PTV3[53] (sup.) 258 489 610 670 60. 679 714 727  °Chous(dec) 769 605 388 318 419 338

PPT [54] (sup.) 31.1 526 633 682 624 69.1 743 755 PIV3[53](sup) 746 579 401 323 414 30,

Sonata [55] (f) 435 633 716 715 68.6 724 749 759  Sonata[55](ft) 77.6 631 383 315 410 353
7

e Chorus (f.t.) 439 640 739 750 731 761 772 774 e Chorus (f.t.) 784 634 393 337 429 372
Table 5. ScanNet Data-Efficient Benchmark. Table 6. Instance Segmentation Probing and Finetuning.
Supervise method Preprocess (h) Uplift (h) Storage Training Overhead 30 4 294
Uplifting 3.4 2.8 1080 GB - 24 26.7
Rendering 0.2 0 8 GB  Rasterization (<0.1s/view) 4 251

22.6

Table 7. Resource and Time Comparison of Uplifting-Based
Supervision and Rendering-Based Adaptation. Trade-offs be-
tween two approaches for training supervision on InteriorGS (800
scenes): uplifting based (preprocessing heavy) versus rendering-

based adaptation (online computation heavy). 280 906 3503
# Training scenes (log scale)

13.2

=
N

SSL pretraining
Chorus pretraining
After adaptation

Linear probing mloU [%]
o ;

ScanNet200 (36.0 vs. 28.8) and ScanNet++ (48.8 vs. 40.7). Figure 6. Scaling Trend Together With Rendering-Based
When fully finetuned, Chorus sets a new state-of-the-art on Adaptation. Linear probing performance on InteriorGS vs. num-
4 out of 5 benchmarks, including ScanNet (79.4 mIoU) and ber of pretraining scenes. We compare our multi-teacher pre-
ScanNet++ (50.2 mloU). The advantage is particularly no- training and the self-supervised pretraining [55] on 3DGS, Chorus
ticeable on ScanNet200, where Chorus achieves 40.9 mIoU, scales faster and to higher accuracy. Our adaptation recipe yields

with a gain of +6.5 mloU. Furthermore, Chorus consistently a +2.7% mloU gain on this new dataset using only 100 scenes.

achieves relatively smaller gaps between linear probing and
full finetuning. These results validate that our pretraining
produces separable and semantic-aware features.

Probing & finetuning of instance segmentation. We ex-
tend analysis to instance segmentation in Tab. 6. Linear
probing again shows the strength of our features; while
Sonata leads on ScanNet, Chorus outperforms it on Scan-
Net200 (31.6 mAPy5) and ScanNet++ (37.0 mAP25). When

points/scene) settings. This demonstrates that our pretrain-
ing particularly helps in the low-data regime (e.g., +4.5
mAP with 20 labels).

4.3. Ablation and Analysis

fully finetuned, Chorus remains competitive, achieving the Why does Chorus work well on point clouds? We ex-
best results on ScanNet++ (42.9 mAP35) and performing amine the Chorus variant that uses only Gaussians’ centers,
comparably to top supervised methods on ScanNet. colors, normals as inputs while keeping the multi-teacher
Data efficiency experiments. We validate the benefit of objectives unchanged. Despite the distribution gap between
our pretraining under data-scarce conditions on ScanNet in point clouds (observations) and 3DGS (optimized param-
Tab. 5. The results show our encoder’s pretrained features eters), we posit two hypotheses: (i) 3DGS pretraining be-
provide advantages over the Sonata baseline. When fully haves like a strong augmentation of point clouds, induc-

finetuned, Chorus consistently outperforms Sonata across
all limited-scene (1%-20%) and limited-annotation (20-200
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~ Q:Whatisthe
object located at |
SloasSo, 3.39,

Q: USER: What
object is on the |
| floor, next tothe |
| foot of the bed? |
_ GT: Suitcase. _

Figure 7. VLM Qualitative Results. We ViSl;allZC a scene in
ScanNet and object grounding (left) and QA results (right).

L2 loss + pts aug. | 25.4 39.8 mloU
mAcc
L2 loss 25.6 40.5
L SmoothlL1 loss 26.0 40.8
SmoothL1 + 3DGS aug. 26.3 42.1
+ 3rd teacher PE_‘spgtiaI 25.5 40.2
(from beginning)

L 3rd teacher PE_spatial 423
(separate stage)
+ contrastive instance 42.9

Figure 8. Design Choice Ablation. We validate the choices by
evaluating zero-shot segmentation on ScanNet++ Val using a sub-
set of training scenes. SmoothL1 loss, 3DGS-aware augmenta-
tions, introducing PE-Spatial in a separate stage, and an instance-
level contrastive term each provide incremental gains.

Method R@1 (PC—noisy PC)T  Same-class@Incorrect top-11
Sonata 79.8% 75.0%
Chorus variant 85.4% 78.0%

Table 8. Instance Retrieval From PC to Perturbed PC. Aver-
aged over 684 instances from 10 ScanNet++ Val scenes.

ing stable, noise-robust features; (ii) multi-teacher pretrain-
ing is more data-efficient than the self-supervised scheme,
yielding better scaling.

To test (i), we perform instance-level inference feature
retrieval from original point clouds (PC) to perturbed PC
(centers with Gaussian noise). We report R@Q1—fraction
whose top-1 nearest feature is from the same instance—and
Same-class@Incorrect top-1—when wrong, how often the
prediction is at least the correct semantic class. The results
are gathered from 684 instances using a subset of 10 scenes
in the ScanNet++ Val split. Chorus variant is better on both
(Tab. 8), indicating robustness to input noise. To test (ii),
we evaluate InteriorGS linear probing as the number of pre-
training scenes grows (Fig. 6). When applying on 3DGS,
Chorus pretraining scales faster than the self-supervised
scheme used in Sonata. Taken together with Tab. 8, this
suggests: (1) 3DGS-based pretraining induces noise-robust
embeddings that transfer to point clouds, and (2) multi-
teacher supervision supplies strong signals that keep im-
proving with scale, contributing to the variant’s strong PC
performance despite the distribution gap. PCA analysis in
Fig. 4 and supplement provide additional visualization.
Teachers ablation. We ablate the three teachers—SigLIP,

Training Teachers Val Split InteriorGS
source Lang DINO PE mloU, mAccg, mloUp, mAcce
ScanNet v - - 212 42.0 7.3 8.8
v vooo- 224 45.8 9.0 14.6
v - - 271 453 8.0 12.8
ScanNet++ v2 v viooo—- 294 55.8 9.3 16.0

v v v 296 56.4 11.4 17.1

Table 9. Teachers Ablation with Zero-Shot Semantic Seg-
mentation. The “Teachers” columns mark included components
(v'/-). We report foreground metrics likewise.

DINO, and PE-Spatial—in two complementary views.
In Tab. 9 we fix the language teacher and then add DINO,
followed by PE; zero-shot semantic segmentation improves
consistently on both the training dataset and InteriorGS as
teachers are added, indicating complementary semantics
(Lang) and general, object-aware structure (DINO/PE). We
further ablate SigLIP teacher in the supplement. Together,
there are non-redundant gains from each teacher.

Design choice ablation. Fig. 8 evaluates training choices
on ScanNet++ Val using a subset. SmoothL1 loss, 3DGS-
aware augmentations, and an instance-level contrastive term
each yield incremental improvements. A key finding is
when to introduce PE-Spatial: staging it only in the second
half of training outperforms enabling it from the start, sug-
gesting that early PE may over-anchor to local features and
compete with teacher alignment, whereas late applying re-
fines spatial awareness after a stable backbone has formed.

Method % SceneSplat % Chorus Sonata Mosaic3D
#Model Params. 91.7"M 131.3M 108.5M 39.1IM
Inference Time/Scene 0.65s 0.70s 0.49s 0.25s

Table 10. Model Size & Runtime. Averaged on 100 scenes.

Runtime. Tab. 10 compares the model size and average
inference time on 100 InteriorGS test scenes (with 965K
Gaussians on average). Chorus has the slowest inference,
but the runtime of 0.7s per scene is still practical.

5. Conclusion

We introduced Chorus, a multi-teacher pretraining frame-
work that learns general-purpose 3D scene representations
directly from 3D Gaussian splats. By aligning a native
3DGS encoder with complementary 2D foundation models,
Chorus distills language-aligned, generalist, and spatially
local cues into a unified 3D embedding that transfers well
across scene understanding tasks. Extensive experiments on
3DGS-native and point clouds benchmarks show state-of-
the-art performance and efficient render-and-distill adapta-
tion to new domain. A remaining limitation is the offline
cost of precomputing teacher pseudo-labels and an interest-
ing direction is to move toward a unified point-cloud—3DGS
encoder built on our findings.
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