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Figure 1. Teaser. Our method learns compact 3D Gaussians from unposed multi-view images through a query-based Gaussian decoding
pipeline. Compact representations enable efficient 2D-to-3D feature lifting (called compact 3D feature fields) for downstream applications,
including open-vocabulary segmentation and view-invariant feature matching. Compared to prior works (LSM [9] and CF® [19]), ours
results in fewest Gaussians (about 50 x fewer Gaussians than [9, 19]) with superior memory efficiency and novel view synthesis quality.

Abstract

Reconstructing and understanding 3D scenes from sparse
views in a feed-forward manner remains challenging. While
recent approaches use per-pixel 3D Gaussian Splatting for
reconstruction and 2D-to-3D feature lifting for scene un-
derstanding, they generate excessive redundant Gaussians,
causing high memory overhead and sub-optimal multi-view
feature aggregation. We propose a feed-forward framework
that estimates compact Gaussians only at essential spa-
tial locations, minimizing redundancy while enabling effec-
tive feature lifting. We introduce learnable tokens that ag-
gregate multi-view features through self-attention to guide
Gaussian generation, ensuring each Gaussian integrates

relevant visual features across views. We then exploit the
learned attention patterns to efficiently lift features. Ex-
tensive experiments on 3D open-vocabulary segmentation
and view-invariant feature generation demonstrate our ap-
proach’s effectiveness. Results show that a compact yet ge-
ometrically meaningful representation is sufficient for high-
quality scene reconstruction, achieving superior memory
efficiency and feature fidelity compared to existing methods.
All of our code will be made publicly available.

1. Introduction

Obtaining 3D scene representations from sparse multi-view
images in a feed-forward manner remains a fundamental
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Figure 2. Comparison of per-pixel and compact scene representations. (Left): Existing per-pixel estimators predict one or multiple
Gaussians per pixel, resulting in redundant Gaussians with misalignments across views. (Right): Our method uses learnable Gaussian
queries to discover and decode only compact 3D Gaussians at essential locations, achieving a compact representation with only 2K Gaus-
sians and 0.1M memory while avoiding redundancy and achieving superior segmentation and novel view synthesis performance.

challenge in computer vision and graphics, with broad im-
plications for robotics [33], scene understanding [10], and
novel view synthesis [48]. Recently, feed-forward 3D Gaus-
sian splatting frameworks have gained considerable atten-
tion, demonstrating impressive performance in reconstruc-
tion and understanding [9, 11, 14, 34, 48].

However, these approaches rely on dense, per-pixel
Gaussian predictions, which often lead to degraded perfor-
mance due to misaligned primitives across views (Fig. 2)
and incur substantial computational overhead when incor-
porating semantic features [9, 34]. Consequently, prior
works [9, 34] compress rich semantic information into
lower-dimensional embeddings at the cost of information
loss, yielding sub-optimal scene understanding. This raises
a fundamental question: do we need such pixel-aligned
Gaussians to reconstruct and understand 3D scenes?

As humans, we do not maintain pixel-perfect mental re-
constructions of every surface to understand our surround-
ings. Instead, we form compact, semantically meaningful
abstractions of identifying key objects, their rough spatial
relationships, and overall scene structure [1, 35]. Draw-
ing direct inspiration from human visual cognition, we pro-
pose a novel framework for learning compact 3D scene rep-
resentations from unposed image observations in a feed-
forward fashion.

Similar to prior approaches [14, 48], we first extract im-
age features from visual encoders with rich geometric pri-
ors (e.g., VGGT [41]). However, instead of learning to es-
timate per-pixel Gaussians directly from the extracted fea-
ture maps, we introduce a compact set of learnable query
tokens that discover and decode essential 3D Gaussians.
Specifically, we adopt a transformer architecture [40] where
learnable query tokens and the image features are processed
through multiple self-attention blocks. We decode the re-
fined learnable query tokens as 3D Gaussians, where the
query tokens learn to aggregate essential information across

multiple views to faithfully represent the scene.

Crucially, our framework requires no explicit supervi-
sion from ground-truth depths or scene decompositions.
Despite training solely on photometric reconstruction, each
token naturally learns to represent different regions, with
each token attending to coherent spatial regions across
views. This emergent behavior arises from the inherent
structure of the task: to efficiently reconstruct novel views
with a limited number of Gaussians, the model must learn
to allocate Gaussians to meaningful regions. We show that
after training, our model can estimate a compact set of 3D
Gaussians, which enables efficient novel view synthesis and
2D-to-3D feature lifting without compression, significantly
improving 3D scene understanding tasks where the rich rep-
resentation of the semantic features is critical.

Our framework also provides a novel solution to a key
challenge in 2D-to-3D feature lifting: handling multi-view
feature inconsistencies. While other methods [4, 19, 24, 50]
require additional aggregation methods to handle inconsis-
tent features across viewpoints, we observe that our model’s
emergent property of tokens attending to spatially coherent
regions across views can be directly leveraged for feature
aggregation. Specifically, we propose a view-invariant fea-
ture decoder that reuses the attention maps from our learned
Gaussian decoder while training only the value projections.
This feature decoder can then take features from any desired
visual encoder as input and decode multi-view aggregated
features. By attaching these aggregated features to our es-
timated 3D Gaussians, we enable efficient novel view ren-
dering with view-invariant features.

We validate the effectiveness of our approach through
extensive experiments on real-world datasets. For novel
view synthesis, despite using 50x fewer Gaussians than
per-pixel methods, we achieve competitive visual quality
while enabling substantially faster rendering. More impor-
tantly, for 3D semantic understanding tasks, our compact
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Gaussians combined with the semantic features aggregated
with the view-invariant feature decoder significantly out-
perform previous feed-forward approaches that attempt to
lift features through dense per-pixel Gaussians. We fur-
ther demonstrate that the compact set of 3D Gaussians can
achieve high-fidelity novel view synthesis when combined
with efficient test-time optimization steps.

2. Related work

Learning compact 3D scene representations. Decompos-
ing scenes into geometric primitives (e.g., meshes, poly-
gons, superquadric primitives) has been extensively stud-
ied [29, 30, 39], but these methods typically require 3D
data (e.g., point clouds) as input. SuperDec [10] recently
proposed feed-forward decomposition into superquadric
primitives, but relies on pre-computed 3D point clouds and
an external 3D instance segmentation model to identify in-
stances. The differentiable blocks world (DBW) [26] learns
superquadric parameters directly from multi-view images
through photometric optimization, but can only model up
to 10 primitives and object-centric scenes. In contrast, we
aim to learn an efficient solution that can estimate compact
scene representations in a feed-forward manner, only given
multi-view images captured in real-world scenarios.

Feed-forward 3D Gaussian splatting. Recently, 3D Gaus-
sian Splatting (3DGS) [18] has gained significant attention
for 3D reconstruction and novel view synthesis. However,
it requires dense multi-view captures with known poses and
time-consuming per-scene optimization. To address these
limitations, recent approaches [2, 3, 7, 16, 42, 47, 49, 51]
have explored generalizable feed-forward networks [11, 12,
14, 15, 37, 48] that synthesize novel views from sparse in-
puts by learning priors from large-scale datasets or leverag-
ing foundation models such as pointmap regression mod-
els [20, 41, 43]. Despite these advances, existing feed-
forward models [14, 48] typically predict one or multiple
Gaussians per-pixel, resulting in millions of Gaussians for
multiple views or high-resolution images. This strategy
produces excessive redundant Gaussians, degrading perfor-
mance and causing artifacts as input views increase [45, 46].
When incorporating semantic features through 2D-to-3D
lifting, the excessive Gaussians create significant compu-
tational overhead [1, 19]. Previous works [1, 9, 31, 53]
address this by compressing semantic features into lower
dimensions using specialized autoencoders, but this causes
information loss and sub-optimal scene understanding [22].
Towards compact 3D Gaussian splatting. To address the
redundancy problem in per-pixel Gaussian estimation, re-
cent works [13, 15, 44, 46, 52, 55] have attempted to miti-
gate this issue by reducing the number of Gaussians post-
hoc. FreeSplat [46] and LongSplat [13] iteratively add
pixel-wise Gaussians only where existing projections are in-
sufficient. ZPressor [44] and Long-LRM [55] employ token

merging to reduce redundant Gaussians with similar fea-
tures before decoding them to per-pixel Gaussians. Anys-
plat [15] voxelizes the Gaussians in 3D space. However,
these approaches do not fundamentally address the input-
view bias inherent in per-pixel processing. EvolSplat [25]
and VolSplat [45] employ global voxel representations but
remain domain-constrained or limited by fixed resolutions.
We instead propose using learnable tokens to generate com-
pact global Gaussians guided by input features, producing
only essential Gaussians for scene representation.

3. Methodology

We introduce Comp3D-G, a compact 3D Gaussian splat-
ting decoder built upon a transformer [40] that takes multi-
view images of a scene as input and produces a compact
set of 3D Gaussians that best represent the scene. We start
by introducing the problem (§ 3.1), followed by our ar-
chitectural details (§ 3.2), and the training setup (§ 3.3).
We further analyze the emergent properties in our learned
Comp3D-G (§ 3.4), and show how this property can be
leveraged to effectively lift any 2D features into 3D in a
view-invariant manner (§ 3.5).

3.1. Problem definition and notion

Given a set of V multi-view images {I,}V_; capturing the
same scene where I, € RT*W X3 the model outputs a set
of N 3D Gaussians {G; } | with G; = {u;, 04, %4, ¢} 4,
where p; € R? denotes 3D Gaussian center, o; € [0,1)
represents opacity, ¥; € R3*3 denotes the covariance ma-
trix, and ¢; € R3(UFD indicates spherical harmonics co-
efficients with L levels that encode color attributes. Al-
though other formats of 3D scene representations (e.g.,
point clouds [41, 43], polygons [27]) could be considered,
we adopt 3D Gaussians [18] as our default representation
due to their efficient rendering speeds and simplicity to fur-
ther incorporate features as an additional attribute that en-
ables multiple downstream tasks.

3.2. Architecture

Drawing inspiration from how humans naturally form ab-
stract scene representations through selective attention, we
design a remarkably simple architecture that learns to de-
code compact 3D Gaussians from multi-view observations.
Multi-view feature encoding. To decode the 3D Gaus-
sians, given the V input images {I,}Y_,, we first extract vi-
sual features using a pre-trained visual encoder £(+), yield-
ing feature maps F, € R"*w*d for each view, where h
and w are the height and width of the feature map and d is
the feature dimension. To effectively learn to estimate 3D
Gaussians, we follow prior works and adopt VGGT [41] as
our default visual encoder, which has learned rich geometric
priors from large-scale geometry learning.
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Figure 3. Architecture and emergent attention behaviors of our Gaussian decoder (Comp3D-G). (a) Our framework extracts multi-
view features using VGGT, then processes them with learnable query tokens through transformer blocks in our Gaussian decoder (Comp3D-
G). The refined queries are decoded into compact 3D Gaussians via a Gaussian Head, trained with novel view synthesis 10ss Lpopei- (b)
Visualization of learned attention patterns between a target Gaussian (red box) and input images. Without explicit supervision, each query
token learns to attend to spatially coherent regions across multiple views, naturally discovering corresponding regions.

Query-based scene decoding. At the core of our archi-
tecture is the compact set of /N learnable query tokens
Q € RY*4 where each token is tasked with discovering
and representing a specific region of the 3D scene. These
tokens serve as abstraction units that learn to aggregate rel-
evant information from the extracted multi-view features F,
to form coherent 3D Gaussians. Unlike per-pixel Gaussian
estimation methods [2, 48] that rigidly map each pixel to
Gaussians, our query tokens can flexibly attend to any re-
gion across all input views, learning to allocate representa-
tional capacity where it is most needed.

Cross-view attention aggregation. The key to our ap-
proach lies in how query tokens interact with multi-
view features. We concatenate the learnable query to-
kens with the image features to form a unified sequence:
X = [Q; F] € RN+ (Vxhxd)xd = This combined represen-
tation is processed through K transformer layers with
full self-attention, enabling bidirectional information flow.
Through these attention layers, each query token learns to:
(1) aggregate relevant visual information from specific re-
gions across all input views, (2) exchange information with
other query tokens to avoid redundancy and ensure com-
prehensive coverage, and (3) progressively refine its under-
standing of which 3D region it should represent.

Gaussian parameter decoding. After the transformer
blocks, we extract the refined query tokens Q € RV *? and
decode each token Q; into a single Gaussian G, estimating
Gaussian attributes through lightweight MLP heads.

3.3. Training

Unlike previous methods that learn scene decompositions
from ground-truth labels [10, 29], adopting 3D Gaussians
as our representation enables our framework to be learned
solely through the objective of novel view synthesis.

Learning compact scene representations from novel
view synthesis. Given the predicted 3D Gaussians {G;}¥,
from our query tokens, we train the model by rendering
these Gaussians at novel target viewpoints and minimizing
the photometric difference with ground-truth images. Fol-
lowing feed-forward novel view synthesis frameworks [48],
we project the 3D Gaussians to a target view I; where
Iy ¢ {I,}Y_, with known camera pose 7; during training.
Each pixel p of the target view image is rendered via al-
pha blending of Gaussian color attributes according to their
depth order [18]:

1

(1-0;G5(p), (1)

1

%

Li(p) = ZéiaiGQ(p)

<.
Il

where ¢; is the view-dependent color attribute of each Gaus-
sian obtained by decoding spherical harmonics coefficients,
and G/ is the 3D Gaussian projected onto 2D screen space.
Our training objective combines the mean squared error be-
tween rendered and ground-truth images Lysg and the per-
ceptual loss Ly pps as

»Cnovel = )\MSE»CMSE(jt7 It) + )\LPIPSAC'LPIPS (jta It)v (2)

following prior works [48], where A\ysg and Apprps are hy-
perparameters.

Low-pass filtering for robust training. One of the key
challenges in learning feed-forward 3D Gaussian splatting
is correctly locating Gaussian positions (y;). Without ac-
curate positions, prior works show that the Gaussians of-
ten fail to be positioned inside the view frustum of the tar-
get image viewpoint, leading to sparse gradients and mode
collapse [2, 11]. Aligned with these analyses, we also ob-
serve that naively training the network with photometric
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loss leads to unstable training. To address this, we adopt the
progressive low-pass filter from RAIN-GS [17]. For render-
ing Gaussian G}, the projected 2D Gaussian G, is defined
as:

Gli(p) = e—%(P—MQ)T(E§+SI)71(P—N;)’ (3)

where p is the 2D pixel location, [ is the identity matrix,
and s controls the Gaussian size. While 3DGS [18] uses
s = 0.3 to ensure 1-pixel coverage, RAIN-GS shows that
progressively annealing from s = 300 to s = 0.3 stabi-
lizes per-scene optimization by allowing Gaussians to learn
from enlarged regions initially. We adopt this strategy in our
feed-forward training, gradually annealing s during train-
ing. This ensures robust gradients during early training
when position predictions are suboptimal, while enabling
fine-grained detail to be modeled as the network learns ac-
curate positions. Our ablations (§ 4.5) further verify that
this strategy is crucial for stable training.

3.4. Analysis

Although we do not provide any supervision for how the NV
query tokens should partition the scene, we observe that the
model eventually learns to effectively estimate a set of N
Gaussians that best reconstructs the scene purely from the
photometric reconstruction objective.

Emergent properties within learned attentions. To un-
derstand how each query token learns to aggregate infor-
mation from multi-view features, we examine the atten-
tion weights between learnable tokens Q and the multi-
view image features F, inside the self-attention blocks of
Comp3D-G. As visualized in Fig. 3-(a), we examine the
attention weights where the attention query is from the N
learnable tokens () and the attention key is from the multi-
view image features K.

As illustrated in Fig. 3-(b), when we select a specific
Gaussian and visualize its corresponding query token’s at-
tention map across input views, we observe sharp, focused
attention patterns on spatially coherent regions across mul-
tiple views, effectively discovering multi-view correspon-
dences without any explicit supervision. For instance, the
target Gaussian highlighted in red attends strongly to the
corresponding object regions across different viewpoints.
We believe that this emergent behavior arises from an im-
plicit optimization pressure: to accurately reconstruct novel
views with a limited number of N Gaussians, the model has
learned to position 3D Gaussians to geometrically coherent
regions.

3.5. Any-Feature 3D Lifting

Building upon the emergent property within the self-
attention maps of Comp3D-G (§ 3.4), we present a simple
yet effective approach for lifting arbitrary 2D features into
view-invariant 3D representations, dubbed Comp3D-F.

Comp3D-G
(] K [ K
Q —>I K
D Qg \\

Gaussian
Head

y

0000

Y

" | || Comp3D-G
M’“ D_) Attention X
= € D & \ > Lnovel
Stop QJ Copy Leeat
gradient 7 'We|ghts
Ke | K

¥

OO

Y

Feature
Head
Comp3D-G
D Attention X
—> Qg
D N\ \\ : frozen

Comp3D-F

DiD

Figure 4. Comp3D-F training scheme. We leverage the
learned attention patterns from the Gaussian decoder Comp3D-G
to efficiently learn view-invariant feature decoder Comp3D-F for
feature lifting. We initialize Comp3D-F (bottom) by copying
Comp3D-G’s (top) architecture and keeping the attention weights
frozen, using new learnable feature queries Q' and features &’
from any desired encoder. Only the value projections V; are train-
able, enabling efficient training with Lreq.

Challenges in existing feature lifting approaches. Previ-
ous methods [4, 24, 50] for lifting 2D features to 3D face
two fundamental challenges: (1) Correspondence identifi-
cation: for each 2D patch whose features need to be lifted,
they must identify which 3D Gaussians contribute to ren-
dering that pixel location, often requiring computationally
expensive backward mapping operations [4, 19, 24, 50]. (2)
Multi-view inconsistency: since image encoders extract fea-
tures independently for each view, patches corresponding
to the same 3D region can produce different feature rep-
resentations across views, requiring additional aggregation
schemes [1, 9].
View-invariant feature decoder for any-feature 3D lift-
ing. Surprisingly, we find that the learned self-attention pat-
terns of Comp3D-G can be used to sidestep both challenges
elegantly. For the correspondence identification, each learn-
able token shows high attention weights to the regions in
each image where the 3D Gaussians are projected, remov-
ing the need for expensive backward mapping. For multi-
view inconsistency, we directly use attention weights as in-
terpolation weights to aggregate inconsistent features, in-
stead of heuristically defining them as in previous works [4].
Building on this insight, we introduce an efficient
method to initialize a new view-invariant feature decoder
Comp3D-F which leverages the geometric understanding
already learned by our Comp3D-G (Fig. 4). The input of
Comp3D-F is a set of features F/, € R"wxd" extracted
from the same set of input images {I,}_;, but with a
different visual encoder £’(-) the user wants to lift to 3D.
To consider different feature dimension sizes between £(+)
and &'(+), we also initialize new learnable feature tokens
Q/ c RN xd' .
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To effectively utilize the learned knowledge of the at-
tention weights within our Gaussian decoder, we initial-
ize Comp3D-F by copying Comp3D-G’s architecture and
parameters, but only allow value projections inside the at-
tention operation to be trainable while freezing the learned
attention weights. This ensures each feature token attends
to the same multi-view regions as its corresponding Gaus-
sian token, effectively reusing learned correspondences for
feature aggregation. The refined tokens Q' pass through
an MLP head to produce multi-view aggregated features
f; € RY for each Gaussian G;.

The multi-view aggregated features are attached to their
corresponding Gaussians as additional attributes, enabling
rendering of novel view feature maps via the same alpha-
blending process. We train Comp3D-F by minimizing the
feature similarity loss with the ground truth feature and ren-
dered feature at the target image I; at target pose 7y:

Liew = 1 — cos(Fy/|Fo[|, Fe/|[Fe)) S

where F'; is the rendered feature map and F, is the ground
truth feature, cos(+, -) indicates the cosine similarity opera-
tion, and || - || is the L2-norm operation.

4. Experiments

4.1. Implementation details

Here, we specify the architectural details of Comp3D-G.
For the visual encoder £(-), we adopt pretrained VGGT
as default. We set N = 2048 learnable query tokens and
K = 2 transformer layers. Following 3DGS [18], we use
default Gaussian attributes except setting spherical harmon-
ics degree to 0, which we find to stabilize training with
compact Gaussians by modeling only RGB color without
view-directional biases. For training, we use 224 x 224 res-
olution inputs with photometric loss weights Aysg = 1 and
ALpis = 0.05. We employ AdamW optimizer [23] with
learning rates of 1e-4 for both decoders and 1e-6 for the vi-
sual encoder, using cosine annealing (minimum ratio 0.1).
The model trains for 450K steps with batch size 8 per GPU
across 8 NVIDIA H100 GPUs. For progressive low-pass
filtering [17], we decrease s from 10 to 0.3 over the first 4K
steps with decay ratio 1/3 every 1K steps.

For feature lifting, we use LSeg [21] and MaskCLIP [6]
features for 3D scene understanding, and VGGT tracking
features [41], DINOv2 [28], and DINOv3 [36] to demon-
strate Comp3D-F’s effectiveness as a view-invariant fea-
ture decoder by evaluating in two-view correspondence
evaluations following Probe3D [8]. As described in § 3.5,
we initialize Comp3D-F from Comp3D-G and train only
value projections for 1K steps, simultaneously training both
decoders.

Table 1. Comparison of novel view synthesis on RealEsti-
atel10K. Our method maintains competitive results while using far
fewer Gaussians. T: Reproduced with VGGT backbone.

Pose-
free

Average

Methods ‘#Gl Memories)  FPST PSNRT SSIM{ LPIPS|

X PixelSplat [2] ‘ 131K 33.6MB 388.03 23.848  0.806 0.185
MVSplat [3] 131K 33.6MB 392.6 23977 0811 0.176
CoPoNeRF [12] - - 0.4 18.938  0.619 0.388
Splatt3R [37] 131K 33.6MB 393.1 15318  0.490 0.436
PF3plat [11] 131K 33.6MB 397.1  21.042  0.739 0.233

v SPFSplat [14] 131K 33.6MB 3973 25845  0.852 0.152
NoPoSplat [48] 131K 33.6MB 369.8  25.033  0.838 0.160

VGGT+NoPo' [41, 48] | 100K 25.6MB 419.8  23.015 0.762 0.187
Ours 2K 0.IMB 451.7 22387 0713 0.259

Table 2. Comparison of novel view synthesis with 24 input
images. Our method generates fewer Gaussians while achieving
competitive or superior quality. T: applied test-time optimization
of Gaussians.

Average
Methods ‘ #G| PSNRT SSIMt LPIPS)
AnySplat [15] | 2636K  24.105  0.838  0.198
AnySplatt [15] | 2636K  27.471  0.898  0.180
Ours 2K 23797 0747  0.198
Ours' 27K 29987 0916  0.136

4.2. Efficient Novel View Synthesis

In this section, we evaluate novel view synthesis perfor-
mance on the RealEstate10K dataset [54], following No-
PoSplat’s [48] protocol where two input images are used to
estimate 3D Gaussians and render a target view. We com-
pare with both pose-dependent models [2, 3] and pose-free
models [11, 12, 14, 37, 48]. Since we use VGGT [41] as
our visual encoder for Comp3D-G, we additionally train
VGGT+NoPo!, which replaces NoPoSplat’s MASt3R [20]
backbone with VGGT [41] while maintaining NoPoS-
plat’s pipeline to estimate per-pixel Gaussians. Note that
Comp3D-gG directly estimates Gaussians from unposed im-
ages, falling into the pose-free category. For NoPoSplat,
VGGT+NoPof, and ours, we follow NoPoSplat’s test-time
camera pose optimization, which is only necessary for eval-
uation. As shown in Tab. 1, despite estimating S0x fewer
Gaussians than per-pixel methods, our approach achieves
comparable rendering quality with much faster speeds, vali-
dating that our compact Gaussians is sufficient for 3D scene
reconstruction.

In Tab. 2, we evaluate with 24 input images, compar-
ing with AnySplat [15], which enables feed-forward 3DGS
estimation with more than two views. While AnySplat re-
duces Gaussians via voxel merging, it produces 100 x more
Gaussians than ours with similar performance. We also
perform short test-time optimization following 3DGS [18],
where ours largely outperform AnySplat (see Ours' and
AnySplat®). For AnySplat’, we follow their default test-
time optimization method as the 3DGS optimization results
in Out-Of-Memory due to the number of Gaussians.

CVPR
#583

390

391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409

410
411
412
413
414
415
416
417
418
419



CVPR
#583

420

421
422
423

CVPR 2026 Submission #583. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 3. Comparison of 3D scene understanding on Scannet. We lift LSeg [21] and MaskCLIP[6] features from two input views and
evaluate open-vocabulary segmentation on target views. Our method generates fewer Gaussians while outperforming feed-forward and

per-scene optimization methods trained with substantially more posed inputs. *: Features directly extracted from target view images.

Target View

Methods Feature Feed Input LSeg [21] MaskCLIP [32]
u Forward ~ Pose | mloUT Acct PSNRT SSIM{ LPIPS| | mloUt Acct PSNRT SSIMt LPIPS| | #GJ| Memories| FPST
LSeg / MaskCLIP* 21, 32] v X - 0.506  0.797 - - 0341  0.667 - - - - - -
Feature-3DGS [53] v X v 0379 0.644 19.83 0.684 0.357 0353  0.663 1747 0.612 0.420 | 1,185K  845.2MB 19.2
CF3 [19] v X v 0376  0.657  20.04 0.691 0.359 0336 0.634  20.14 0.695 0.354 53K 38.4MB 2524
NoPoSplat [48] X v X ‘ - 24.59 0.792 0.228 ‘ 24.59 0.792 0.228 ‘ 131K 33.6MB 369.8
LSM [9] v v X 0.503 0.793  23.32 0.767 0.250 0286 0.505 22.87 0.737 0.286 131K 61.5MB 254.5
Ours 4 v X 0513 0.783  23.89 0.770 0.285 0369 0.675 2375 0.763 0.290 2K 4.1MB 243.4
Source View
Methods Feature Feed Input LSeg [21] MaskCLIP [32]
) Forward  Pose | mloUt Acct PSNRT SSIMt LPIPS| | mloUt Acct PSNRT SSIM{ LPIPS| | #G|  Memories| FPSt
LSeg / MaskCLIP* [21, 32] v X 0.521  0.820 - - 0344 0.665 - - - - - -
Feature-3DGS [53] v X v 0392 0.655 21.73 0.757 0.314 0353  0.674 2225 0.777 0308 | 1,185K  845.2MB 19.2
CF3 [19] v X v 0.390  0.668  22.99 0.804 0.272 0342 0.642 23.16 0.812 0.265 53K 38.4MB 252.4
NoPoSplat [48] X 4 X |- 2520 0812 0217 | 2520 0812 0217 | 131K  33.6MB  369.8
LSM [9] v v X 0511 0.798 2544 0.811 0.214 0.251  0.516  25.01 0.824 0.230 131K 61.5MB 254.5
Ours v v X 0542  0.803 23.92 0.766 0.278 0361 0.668  23.39 0.759 0.284 2K 4.1MB 243.4

Table 4. Comparison of 3D scene understanding on Replica. We lift LSeg [21] and MaskCLIP[6] features from two input views
and evaluate open-vocabulary segmentation on target views. Our method generates fewer Gaussians while outperforming feed-forward
methods and achieving comparable results to per-scene optimization methods trained with substantially more posed inputs. *: Features
directly extracted from target view images.

Target View
Methods Feat Feed Input LSeg [21] MaskCLIP [32]
cthods CaWIe  Forward Pose | mloUt Acct PSNRT SSIM{ LPIPS| | mloUf Acct PSNRT SSIMt LPIPS| | #G| Memories) FPST
LSeg / MaskCLIP* [21,32] X 0.618  0.887 - - - 0412 0.668 - - - - - -
Feature-3DGS [53] v X v | 0730 0936 3570 0972  0.044 | 0421 068 3590 0972 0045 | 199K 141.8MB 113
CF?[19] v X /| 0663 0918 2749 0906  0.132 | 0380 0.654 2749 0906 0.132 | 10K  7.3MB 1147
NoPoSplat [48] X v x| - 2395 0791  0.149 | 2395 0791 0149 | 131K 33.6MB  369.8
LSM [9] v v X | 0600 0823 218 0753 0213 | 0241 0411 1701 0637 0377 | 131K  61.5MB 2545
Ours v v X | 0630 0893 2543 0818 0173 | 0416 0692 2500 0809 0.182 | 2K 41MB 2434
Source View
Method: Feat Feed  Input LSeg [21] MaskCLIP [32]
ethods €al®  Forward Pose | mloU} Acct PSNRT SSIMP LPIPS| | mloUt Acct PSNRT SSIM{ LPIPS| | #G| Memories) FPST
LSeg / MaskCLIP* [21,32] X 0.647  0.896 - - - 0414 0.674 - - - - - -
Feature-3DGS [53] v X /| 0729 0930 3646 0975  0.043 | 0416 0680 3663 0975 0043 | 199K 141.8MB 113
CF?[19] v X v | 0664 0916 2795 0913  0.027 | 0375 0649 2795 0913 0127 | 10K  7.IMB 1147
NoPoSplat [48] X v x| - 2436 0809  0.141 | 2436 0809 0141 | 131K 33.6MB  369.8
LSM [9] v v X | 0600 0823 1927 0760 0230 | 0241 0439 1753 0670 0377 | 131K  61.5MB 2545
Ours v v X | 0649 0894 2535 0815 0177 | 0421 0695 2507 0811 0185 | 2K 41MB 2434

Table 5. Correspondence estimation on Scannet. We evaluate

PCK@10px across two images captured from different angle. Our

feature aggregation significantly improves correspondence accu-

racy across the VGGT-Tracking, DINOv2, and DINOv3-Large.

Methods | 65° 0% 050 080 | Ave.
VGGT-Tracking [41] 53.6 455 276 93 | 34.0
VGGT-Tracking [41]+ Ours | 93.5 88.1 704 20.3 | 68.1
DINOv2 [28] 36.6 24.0 190 12.7 | 23.1
DINOV2 [28] + Ours 942 89.0 705 21.0| 68.7
DINOv3-Large [36] 549 443 321 193 | 377
DINOv3-Large [36] + Ours 942 89.1 70.8 20.9 | 68.8

4.3. 3D Scene Understanding

Following previous approaches [1, 9], we evaluate 3D

scene understanding performance on ScanNet [5] and

Replica [38] datasets. To enable open-vocabulary segmen-

Table 6. Ablation studies for Comp3D-G on RealEstate10K.

Lowpass  Unfreeze Average
Filler ~ Backbone | PSNR SSIM{ LPIPS)
X 4 N/A N/A N/A
v X 18.441 0.553 0.408
v v 22387 0.713 0.259

Table 7. Ablation studies on the number of Gaussian.

tation at novel viewpoints, we lift language-aligned features

#G | PSNRf SSIM{ LPIPS|
256 | 19.713  0.589  0.425
512 | 20223  0.607 0378
1024 | 20.559 0.619  0.338
2048 | 20.625 0.623  0.321
4096 | 19.012  0.568  0.450
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(a) Feature-3DGS (b) CF3

(c) LSM

(d) Ours (e) Ground Truth

Figure 5. Qualitative results of 3D scene understanding on Scannet dataset. We conduct qualitative comparison for 3D scene un-
derstanding via novel view synthesis and open-vocabulary segmentation. When compared to both per-scene optimization ((a),(b)) and
feed-forward ((c)) methods, ours show the most high-fidelity renderings and accurate segmentation maps compared to the ground-truth.

Table 8. Ablation studies for Comp3D-F on Scannet.

Comp3D-F  Autoencoder ‘ mIOUtT  Acc.t PSNRT SSIMt LPIPS)

X X 0.193 0413 2177  0.706 0.418
4 v 0512 0.782 23.604 0.756 0.277
4 X 0513  0.783 23.886  0.770 0.285

(LSeg [21] and MaskCLIP [6]) extracted from two input
views. We evaluate segmentation performance on features
rendered from the estimated 3D Gaussians at target poses.

We compare with both feed-forward approaches [9] and
per-scene optimization methods [19, 53]. Note that feed-
forward methods use two input images, while optimization-
based methods use all scene images for training. As shown
in Tab. 3 and Tab. 4, our method outperforms LSM [9] in
segmentation while achieving competitive or better recon-
struction quality. Despite using far fewer input images,
we outperform per-scene optimization methods on Scan-
Net and show comparable performance on Replica. Surpris-
ingly, our rendered features at target views obtained without
accessing the target image outperform features directly ex-
tracted from target images using LSeg or MaskCLIP. This
validates that the compact Gaussians is much more effec-
tive than previous per-pixel Gaussian estimation methods,
and verifies that Comp3D-F effectively aggregates features
from the input features, enabling the rendering of a multi-
view aware feature map.

4.4. Multi-View Feature Encoding

In this section, we further validate the effectiveness of
Comp3D-F as a view-invariant feature encoder. By lifting
the multi-view aggregated features from Comp3D-F and
re-rendering to the input view camera poses, we can achieve
view-invariant features from the input views. Following
Probe3D [8], we evaluate two-view correspondence perfor-
mance in ScanNet [5] with PCK @ 10px, where the selected
two views are captured within 0~15° (64°), 15~30° (632),

30~60° (59), and 60~180° (65°). We compare the fea-
tures from the visual encoder £’(+) and the features obtained
from our re-rendering process. We evaluate with three dif-
ferent visual encoders, including the tracking features of
VGGT [41], DINOvV2 [28], and DINOvV3 [36]. As shown
in Tab. 5, the aggregated features show significant perfor-
mance improvement in all settings, validating the effective-
ness of Comp3D-F as a view-invariant feature aggregator.

4.5. Ablation Studies

In this section, we go through the ablation studies done for
Comp3D-G and Comp3D-F. In Tab. 6, we validate our
core training components. Without progressive low-pass
filter control, 3D Gaussians fail to localize within the view
frustum, causing training collapse. We also validate that
freezing the visual encoder £(-) prevents effective Gaussian
generation in appropriate regions. In Tab. 7, we investigate
the optimal number of learnable tokens (Gaussians) N. Re-
construction performance gradually improves as Gaussians
increase to 2048. However, with 4096 Gaussians, training
becomes unstable, leading to degradation. We hypothesize
that having larger number of Gaussians at sub-optimal po-
sitions is more prone to falling into local minima, as dis-
cussed in prior per-scene optimization methods [17]. Based
on these findings, we set the number of Gaussians to 2048
for all experiments. In Tab. 9, we analyze different vi-
sual encoders £(-) for Comp3D-G using VGGT [41] and
DINOv3 [36]. Although DINOv3 lacks explicit geomet-
ric supervision, its features are effectively aggregated by
learnable queries in the transformer to generate coherent 3D
Gaussians. These results reveal the potential that our frame-
work can also be learned without features with strong geo-
metric priors, where previous per-pixel Gaussian estimation
frameworks struggle to learn [48].
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Table 9. Ablation stuides on visual encoder choice.

Backbones ‘PSNRT SSIM?T LPIPS|

VGGT [41] 22387  0.713 0.259
DINOv3 [36] | 20.292  0.631 0.313

5. Conclusion

We presented Comp3D-G, a framework that learns com-
pact 3D Gaussians with learnable query tokens, which can
discover geometrically meaningful regions through self-
attention, resolving redundancy and high computational
overhead issues from previous dense per-pixel predictions.
In addition, we present Comp3D-F, which leverages the
attention weights learned in Comp3D-G to effectively de-
code multi-view consistent features. By combining both
Comp3D-G and Comp3D-F we achieve competitive per-
formance in novel view synthesis and outperform previous
works in 3D scene understanding while being significantly
more efficient in memory and rendering speeds. We believe
that our approach opens up new directions for feed-forward
reconstruction and scene understanding, mitigating the need
for per-pixel estimations.
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