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Abstract

Feature lifting has emerged as a crucial component in 3D
scene understanding, enabling the attachment of rich image
feature descriptors (e.g., DINO, CLIP) onto splat-based 3D
representations. The core challenge lies in optimally assign-
ing rich general attributes to 3D primitives while addressing
the inconsistency issues from multi-view images. We present
a unified, kernel- and feature-agnostic formulation of the fea-
ture lifting problem as a sparse linear inverse problem, which
can be solved efficiently in closed form. Our approach ad-
mits a provable upper bound on the global optimal error un-
der convex losses for delivering high quality lifted features.
To address inconsistencies and noise in multi-view observa-
tions, we introduce two complementary regularization strate-
gies to stabilize the solution and enhance semantic fidelity.
Tikhonov Guidance enforces numerical stability through soft
diagonal dominance, while Post-Lifting Aggregation filters
noisy inputs via feature clustering. Extensive experiments
demonstrate that our approach achieves state-of-the-art per-
formance on open-vocabulary 3D segmentation benchmarks,
outperforming training-based, grouping-based, and heuristic-
forward baselines while producing the lifted features in min-
utes. Code is available at github. We also have a webpage

Introduction

Recent advances in splat representations—such as 3D Gaus-
sian Splatting (3DGS) (Kerbl et al. 2023), 2D Gaus-
sian Splatting (Huang et al. 2024), and Deformable Beta
Splatting (Liu et al. 2025)—have enabled real-time, high-
fidelity scene rendering by modeling geometry with com-
pact, explicit primitives. These splat-based methods com-
bine differentiable projection, alpha compositing, and ef-
ficient visibility-aware rasterization to preserve geometric
detail and multi-view consistency, supporting applications
ranging from style transfer (Liu et al. 2024; Galerne et al.
2025) to scene understanding (Guo et al. 2024; Qin et al.
2024; Shi et al. 2024; Jun-Seong et al. 2025; Cheng et al.
2024; Cen et al. 2025; Dou et al. 2024; Gu et al. 2024; Zuo
et al. 2025; Peng et al. 2024b). Nevertheless, enriching these
primitives with detailed descriptors—such as CLIP, DINO,
General ViT, and CNN features—remains challenging due
to the inherent difficulty of coherently lifting 2D observa-
tions into consistent 3D representations.

To address this challenge, recent efforts have focused on
lifting per-pixel semantic descriptors (e.g., CLIP, DINO)

onto 3D primitives, enabling semantic tasks such as segmen-
tation and querying. Existing semantic feature lifting meth-
ods broadly fall into three categories: training-based opti-
mization (Shi et al. 2024; Qin et al. 2024; Zhou et al. 2024;
Qiu et al. 2024; Zuo et al. 2025), which pioneered in em-
bedding semantic onto 3D primitives via multi-view train-
ing; grouping-based association (Wu et al. 2025; Peng et al.
2024b; Gu et al. 2024; Liang et al. 2024), which improved
efficiency through feature clustering; and heuristic forward
methods (Guo et al. 2024; Joseph, Amrutur, and Bhatnagar
2024; Dou et al. 2024; Chacko et al. 2025; Jun-Seong et al.
2025; Cheng et al. 2024), which prioritize speed and directly
project semantic features onto 3D primitives.

While existing methods have achieved promising results,
a unified theoretical framework for feature lifting remains
underexplored, especially concerning the heuristic forward
methods that bypass the training process. Building upon
prior efforts, we identify several open challenges that limit
generalization and theoretical understanding. First, estab-
lishing a rigorous mathematical formulation for defining fea-
ture lifting could be beneficial to enable formal analysis,
generalization, and optimization. Second, in the absence of
a formal definition, existing approaches currently lack the-
oretical guarantees regarding the quality of the lifted fea-
tures, leaving some uncertainty about their proximity to a
globally optimal solution. Third, many existing methods are
specialized for particular feature types or geometric kernels,
which may limit generalization across broader settings. Fi-
nally, most prior works do not explicitly account for the in-
herently noisy nature of collected data, where multi-view in-
consistencies and observational noise can introduce ambigu-
ity. Our formulation accounts for these challenges through a
theoretically grounded linear inverse framework.

Our key contributions are summarized as follows:

* Introduce the formulation of feature lifting as a sparse
linear inverse problem, where each per-primitive descrip-
tor is recovered via a globally consistent solution to the
system AX = B

* Prove that, under convex losses and the assumption that
our proposed linear system has a unique solution, our
solver admits a provable upper bound on the global opti-
mal error

* Introduce two complementary modules to filter noisy in-
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Figure 1: Overview of Our Framework. Our method comprises three main components: Input, Solver, and Output. The In-
puts (left column) include: (1) a precomputed general splat representation; (2) sensor parameters (camera intrinsics, extrinsics,
and image resolution); and (3) dense feature observations, such as MaskCLIP or DINO embeddings. These inputs feed into
our Feature Lifting Solver (central gray box), which formulates the feature lifting equation. Here, the splat representation and
sensor parameters produce the Splats Sensor Matrix, while observations form the equation’s right-hand side (both highlighted
in red). To solve for the feature parameters (also highlighted in red), we enhance numerical stability by polarizing alpha values
to encourage diagonal dominance, and employ Post-Lifting Aggregation to filter out incomplete or noisy masks. The Output
(upper-right blue box) consists of the lifted feature parameters, supporting upstream tasks (e.g., clustering, PCA visualization)
and downstream applications (lower-right blue box) like 3D localization and semantic segmentation.

put and stabilize the proposed linear system: Tikhonov
Guidance and Post-Lifting Feature Refinement

* Provide a generalized implementation for feature lifting
to multiple primitive kernels and different dense features

* Achieve state-of-the-art performance on the downstream
task of open-vocabulary 3D semantic segmentation.

The outline of our frame work is shown in Fig.1. Our for-
mulation is the first to formalize the feature lifting problem
as a general linear inverse problem, and can therefore be
applied across diverse splat primitives (e.g., 3DGS, 2DGS,
Beta Splats) and dense feature modalities (e.g., CLIP, DINO,
ViT, ResNet features). Moreover, it establishes a new state-
of-the-art on downstream tasks such as open-vocabulary
3D semantic segmentation, outperforming existing training-
based, grouping-based, and heuristic-forward baselines in
mloUs.

Related Work

Prior feature-lifting techniques for 3D tasks can be grouped
into three families, each with distinct trade-offs between ac-
curacy and efficiency.

Joint Training-based Methods—such as LangSplat (Qin
et al. 2024), LeGaussian (Shi et al. 2024), FMGS (Zuo et al.
2025), and FeatureSplats (Qiu et al. 2024)—jointly optimize
scene geometry and high-dimensional feature embeddings
to directly learn splat-wise semantic descriptors. While ef-
fective, end-to-end optimization over large descriptor sets
and primitives can be computationally intensive, often re-
quiring significant memory and training time. To alleviate

resource demands, these approaches employ descriptor com-
pression (e.g., PCA in LangSplat (Qin et al. 2024), quantiza-
tion in LeGaussian (Shi et al. 2024), and deep auto-encoders
in FeatureSplats (Qiu et al. 2024)) or reduce the number of
primitives (FMGS (Zuo et al. 2025)). These strategies help
manage resource usage, though they may introduce trade-
offs in terms of geometric detail or feature precision.

Grouping-based Methods first extract 2D region or in-
stance masks using models such as SAM (Kirillov et al.
2023) and SAM2 (Ravi et al. 2024). Following that, each
mask is linked to 3D Gaussians via a lightweight training
process. Finally, features are aggregated into 3D either by
additional optimization or by direct unprojection (Wu et al.
2025; Peng et al. 2024b; Gu et al. 2024; Liang et al. 2024;
Cen et al. 2025). While these approaches reduce the cost
of joint optimization, they still require one to two hours of
scene-specific optimization. Furthermore, these methods de-
pend on SAM’s per-view masks, while powerful, are de-
signed primarily for instance segmentation and may not be
directly suited for noisy, dense, pixel-wise feature lifting.

In particular, LAGA (Cen et al. 2025) uses per-view
SAM masks (Kirillov et al. 2023) and trains an affinity
model to cluster 3D Gaussian splats, subsequently associ-
ating splat clusters across views. However, this approach as-
sumes that feature variance reflects true semantic differences
and is therefore view-dependent, introducing a dynamic K-
means clustering step that adds complexity and may increase
memory and computational requirements. In contrast, our
analysis suggests that such discrepancies often stem from
mask inaccuracies—such as one mask isolating only the



target while another over-segments and includes adjacent
objects—rather than from genuine viewpoint changes. Our
convex-regularized inverse problem solver suppresses this
noise directly—without requiring additional training, multi-
level clustering algorithms, or view-dependent features as-
signed to one primitive.

Heuristic Forward Methods-e.g., Argmax Lifting
(Chacko et al. 2025), Occam’s LGS (Cheng et al. 2024),
Semantic Gaussian (Guo et al. 2024), gradient-guided split-
ting (Joseph, Amrutur, and Bhatnagar 2024), CosegGaus-
sians (Dou et al. 2024), and DrSplats (Jun-Seong et al.
2025)—are analytic and training-free, offer high efficiency
and simplicity. However, they often lack a formal math-
ematical foundation and sensitive to noisy inputs. Inter-
estingly, three recent heuristic pipelines—CosegGaussians
(Dou et al. 2024), Occam’s LGS (Cheng et al. 2024), and
DrSplats (Jun-Seong et al. 2025)—independently proposed
the identical row-sum weighting rule (row-sum precondi-
tioner), underscoring its broad practical effectiveness. How-
ever, while CosegGaussians applied the row-sum weight-
ing scheme @; = > w;;b;/ > ;w;; , it did so without
an accompanying theoretical interpretation. Occam’s LGS
later offered a maximum-likelihood interpretation of the
same weighted-average rule but provided no error bound.
Dr. Splat simplifies the preconditioner further by summing
only the top-k contributions per primitive, trading off some
theoretical rigor for computational efficiency.

None of the three families of methods explicitly ad-
dress that feature lifting is fundamentally a sparse, row-
stochastic, linear inverse problem subject to noise(has
misleading masks) and incompleteness—i.e., it is singular
and requires careful regularization or preconditioning to en-
sure stability and obtain a reliable solution approximation.
Building on this observation, we model feature lifting as a
linear system, which allows us to derive theoretical bounds
for any convex loss and demonstrate applicability across a
range of embeddings (e.g., DINO, ViT, CNN) and splat’s
kernels.

Feature Splat Solver

In this section, we begin by formally defining the feature
lifting problem, enabling the transfer of various downstream
tasks into a mathematical framework. We then establish op-
timality bounds for the row-sum preconditioner under the
linear inverse problem setting. Finally, we derive two reg-
ularization terms to stabilize the solution in the presence of
noise, particularly in downstream tasks such as lifting SAM-
generated masks embedded with CLIP features.

Problem Definition

Splats Rendering To justify formulating the Feature Lift-
ing problem as a linear inverse problem, we first review the
core splats rendering process. Most splats primitives, includ-
ing planar 2D Gaussian Splats (Huang et al. 2024), volumet-
ric 3D Gaussian Splats (Yu et al. 2024; Kerbl et al. 2023),
and Deformable Beta Splats (Liu et al. 2025), employ a
fixed, depth-sorted alpha-blending pipeline. Concretely, for
each viewing ray r, there is a sequence of primitives ordered

from front to back, with their respective contribution to the
final color denoted as w,,. The background color is C. The
rendered ray color C). is given below:

1
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op and ¢, denote the opacity and color (or feature) of the p-
th primitive. For fully opaque primitives (e.g., meshes under
standard z-buffering), setting Vp, o, = 1 reduces Equ.2 to a
simple depth test. Here, 6 is the raw opacity term inputted
into a sigmoid activation function to produce the final opac-
ity. The primitive difference only affects the kernel function
that calculates the d,, of ray r on primitive p, which is ag-
nostic to the calculation of the final rendered color C(r).
There are several notable properties:

)

p—1
Wp = Op H(l - Uj)vap = apdpy, ap =
Jj=1

Property 1. wy, is highly sparse in C'.

Property 2. > w, =1

Property 3. The rendered color C,. is usually very close (i.e.
PSNR is more than 24 according to (Yu et al. 2024; Kerbl

et al. 2023; Liu et al. 2025)) to the given observation C. in
the training data set.

The first property arises from the tile-based rendering de-
sign of Gaussian Splats(Kerbl et al. 2023). Since the tile size
is typically set to 16 x 16, most splats are excluded from ren-
dering on any given tile.

The second property is the row stochastic property. It is
less than one because the standard alpha-blending heuristic
of terminating ray integration once the composite opacity
approaches one. It is close to one based on the assumption
that scene geometry should block any further contribution
from background color during training. In practice, we ran-
domize the background color during training, forcing splats
to fully occlude the randomly colored background from all
viewing directions. Further justification of this property can
be found in the appendix.F.

The third observation is noted in a recent splats training
method (Yu et al. 2024; Huang et al. 2024; Kerbl et al. 2023;
Liu et al. 2025). The aforementioned properties will be used
to justify our linear inverse formulation.

Feature Lifting Equation Here, we introduce the feature
lifting equation.

Az =B, AeRF*P peRPXF BeREXE  (3)

R is the number of rays in the observation, F' is the dimen-
sion of the observation data, and P is the number of prim-
itives. Each row of A represents the observation w, men-
tioned in Equ.2 at particular ray r. Therefore, we have the
following assignment:

Aij =Wy, Tj=0cp, Bi=Cp, (i=r1j=p) 4

Note how A becomes a fixed matrix once the geometry-
related attributes are given. Likewise, B becomes fixed once



the observation (Features such as CLIP, DINO, or other gen-
eral features per pixel) has been given. The goal is to solve
x, or in other words, to determine the feature vector associ-
ated with each geometric primitive. We refer to the solution
x as the lifted feature representation of primitive P and ob-
servations O.

Inverse Problem First, we ask whether Equ.3 admits a so-
lution, and, whether the given solution is unique. In typical
settings—where A € RF*F with R > P— the system is
overdetermined and generally inconsistent, meaning no ex-
act X satisfies (3). Instead, we consider the least squares
formulation (or more generally, a convex loss minimization
problem):

X*:argn}}nHAX—BH%, 6)

where the minimizer exists for any B and lies in the col-
umn space of A. In our context, Property 3 guarantees that
real-world observations B , such as RGB color, approxi-
mately lie within range(A). As a result, the least-squares
residual is small, and a near-exact lift exists. Intuitively, any
observation derived from the same RGB signal should have
a near-exact lift. From a semantic viewpoint, we also require
a one-to-one mapping. Each geometric primitive should ad-
mit a single descriptor, mirroring an ideal embedding (e.g. a
perfect 3D CLIP) that assigns one feature per object. Thus,
uniqueness in (5) is not just for mathematical convenience,
but for the purpose of aligning with downstream task re-
quirements. Any deviation from uniqueness signals is either
due to noisy inputs or suboptimal solvers—precisely the sin-
gular, and misleading-mask problem we address through our
convex regularization and preconditioning strategies.

When the observed signal varies smoothly with the cam-
era parameters (intrinsics and extrinsics), the inverse prob-
lem satisfies the afore-mentioned three-pronged criteria: a
solution exists, is unique, and depends continuously on the
data. However, when the signal is discontinuous or cor-
rupted by noise— for example, if one view’s segmentation
mask captures only the noodles of a ramen bowl, while the
next view’s mask includes both the bowl and noodles—the
resulting CLIP embeddings jump abruptly. In such cases,
there is no exact solution. The optimal “’solution” will be
the least square solution”. our proposed solver then served
as a bounded approximation to the least square solution. Our
proposed regularizer will filter out the misleading signals.

Solver

In this session, we will introduce our solver under the well-
posedness condition and give an optimal upper bound of our
solver. In our setting, the least-squares problem in Eq. (5)
is convex, so stochastic methods such as SGD provably
converge to the global minimizer (Esser, Zhang, and Chan
2010; Saad 2003). However, cold-start training can be pro-
hibitively slow. Prior works (e.g. (Chacko et al. 2025; Dou
et al. 2024; Jun-Seong et al. 2025; Cheng et al. 2024; Joseph,
Amrutur, and Bhatnagar 2024)) have explored efficient one-
shot approximations that show practical value but do not of-
fer formal guarantees. To address this, we first introduce the
row-sum preconditioner as a principled, closed-form solver.
We then develop an analytical framework that (i) quantifies

its (1 + ()-approximation error under both L2 and general
convex losses, and (ii) interprets the behavior of existing
heuristics as special cases.

D3 (AT A) = \/D(AT A) (6)

xr = 1)47% (fijwfl)e X l)% (1411f1)13 T = zg;igf%il%ié (7)
E:i fiij

The proposed initial solution is given in Equ.7, where D
is the diagonal operator containing square roots of the row
sums, and e is all-ones vector. The expression on the right-
hand side is the element-wise formulation. We now proceed
to analyze the optimality of the proposed solution.

R | P
L(z) = Z ZAijZEj - B; (®)

i=1 ||j=1
J(@) =Y "> Aijllz; - Bi )
tog

Jensen

Y A=l = L(z) < J() (10)
j

Here, we start with the original loss function £(x), and cal-
culate a surrogate loss function J(x). The norm || - || rep-
resents any convex loss function such as L1, L2, or a Hu-
ber loss. From Property.2, we apply the Jensen’s inequality.
This means the surrogate loss function J is larger than £
and serves as an upper bound for the true loss. For the sake
of argument, we consider a special case where || - || is the L2
loss. If J attains a minimum, it occurs where the gradient is
zero, as shown in Equ.12. Therefore, we obtain an optimal
solution on the surrogate loss function 7.

o0J

Be; :2,41»]» (z; — B;) (1)
oJ ;2 A B
5y = 0 ol = S (12)

We now define (3, which intuitively measures the disper-
sion of the lifted feature along a viewing ray at the global
optimal lift. Suppose the optimal lift yields a solution z. We
define 3 as shown in the following Equ.14.

Aij = |25 = Bill, pi= ZAUAU (13)
J

2
02 =" Ay (A% — 1), 8 = %6 = max(8;) (14)

j 3

Property 4 (Diagonal Dominance Reduces f3). If each row
of A becomes increasingly diagonally dominant—i.e., one
entry in each row satisfies AT Aj; > AT Ajy, for all k #
j—then the dispersion 3 is smaller. In other words, stronger
diagonal dominance results in a smaller beta.

Notice that usually x’ # Z. Therefore, z’ is not optimal in
J. By Equ.10, we have the following equation under the L2



loss:
L‘(x’) < j(a:’) < j(jc) (15)
T(@) =Y AiAf (16)
=Y (U +B)ul <(1+p)L@E) (A7)
= L(z') < (14 B)L(2) (18)

While our 1 + S-approximation is proven under the L2 loss
for any convex loss I(-) that is Lipschitz-smooth or strongly
convex, the proposed solution is bounded above by a func-
tion of 3. This generalizes the stability and approximation
behavior of our method beyond the Euclidean norm. To be
more specific, the Jensen equation always hold if we are us-
ing any convex loss function. While it is not strictly bounded
by the 1 + 3, one can always find a finite transform of 1 + 3
that is bounded according to proposed loss function.

From the analysis, we can conclude that the methods
in(Dou et al. 2024; Cheng et al. 2024) are also bounded
by the 1 + § term. The method (Chacko et al. 2025) is
bounded when a [, norm function is applied. The approach
in (Joseph, Amrutur, and Bhatnagar 2024) is bounded only
when the input observations are unit vectors. (Jun-Seong
et al. 2025) does not provide a theoretical bound, as it se-
lects the top-K splats based solely on depth ordering.

Regularizer

We have shown that our solution is S-bounded. However,
because this approximation does not rely on any continuity
assumptions, it can become quite coarse in the presence of
strong noise. In particular, if the linear operator A is rank-
deficient (or nearly so) and thus fails to satisfy continuity re-
quirements, the resulting solution will be noisy. To address
this, we introduce two regularization strategies: one to regu-
larize the operator A itself, and another to filter the observa-
tions B. By removing noisy components and reinforcing di-
agonal dominance, our solver produces more stable feature-
lifting results in downstream tasks.

Tikhonov Guidance According to property.4 and inspired
by (A. and V. 1977; A. 1963), we observe that emphasizing
diagonal dominance helps mitigate noise from linear system
A. Therefore, we propose a carefully designed regularizer
applied during solving without sacrificing the RGB rendered
result. Specifically, we first convert Equ.7 into a fully diag-
onal row-sum version. . Briefly speaking, stabilizing the lin-
ear system A7 A involves avoiding small eigenvalues. Math-
ematically, by adding a diagonal matrix ,which is strictly
non-singular to the original A7 A as shown in Equ.19, we
obtain matrix A with larger eigenvalues. Intuitively, one ex-
treme way to decrease the value of 5 would be to make splats
either transparent, or fully opaque. In this extreme case, each
row in A would contain only a single non-zero entry with a
value of one, yielding a globally optimal solution. We em-
ployed such regularization by carefully adjusting the opac-
ity activation term during feature lifting. Compare to a linear
adjustment like original Tikhonov Regularizer, our method
utilizes a non-linear soft guidance without undermine the

Table 1: IoU comparison on LeRF OVS. The symbol {
denotes results reported directly from the original papers,
while 1 indicates results evaluated using their official im-
plementations. Our mIoU evaluation follows the LAGA(Cen
et al. 2025) implementation. For a fair comparison, we use
the same 3D Gaussian model as the lifting primitive, trained
using the official repository provided by LAGA(Cen et al.
2025). The same trained model is used for LAGA, DrSplat,
Occam’LGS, and our method in all I evaluations. F denotes
Figurines, T is Teatime, R is Ramen, W is Waldo kitchen.
We use SAM+OpenCLIP for encoding for fair comparison

Method/Scene F. T. R. W. Mean

LSeg' (Li et al. 2022) 7.6 21.7 7.0 299 16.6
LeRF' (Kerr et al. 2023) 38.6 45.0 28.2 379 374
N2F2 (Bhalgat et al. 2024) 47.0 69.2 56.6 47.9 54.4

LangSplatJf (Qin et al. 2024) 259 35.6 29.3 33.5 31.1
LeGaussian® (Shietal. 2024) 312 345 17.6 17.3 25.2
SupeeregT (Liang et al. 2024) 43.7 55.3 18.1 26.7 35.9
VLGS (Peng et al. 2024a) 58.1 73.5 61.4 54.8 62.0

SAGAT (Cen et al. 2023) 36.2 19.3 53.1 144 30.7
OpenGaussianJr (Wu et al. 2025) 61.1 59.1 29.2 31.9 45.3
GS Grouping' (Ye et al. 2023)  60.9 40.0 45.5 38.7 46.3
LAGAY (Cen et al. 2025) 56.1 68.9 57.4 64.6 61.7
LAGAT (Cen et al. 2025) 64.1 70.9 55.6 65.6 64.0

DrSplat! (Jun-Seong et al. 2025) 47.5 66.2 36.7 47.5 49.5
DI‘SplatT (Jun-Seong et al. 2025) 53.4 57.2 24.7 39.1 43.6
OccamLGS? (Cheng et al. 2024) 60.1 68.3 55.3 47.7 57.8
OccamLGS' (Cheng et al. 2024) 58.6 70.2 51.0 65.3 61.3

Ours 67.6 68.5 62.3 62.1 65.1

visual quality. We introduce more implementation details
about the Tikhonov Guidance in the appendix.A.

min (||AZ — b||* + [|A]]?) (19)

Post Aggregation Filtering Inspired by LAGA (Cen et al.
2025), we cluster the lifted features to identify and remove
noise from SAM-generated masks, as shown as Equ.20a,
where -1 denotes unclassified splats, and K + 1 is the num-
ber of clusters. Unlike LAGA, which learns separate affin-
ity features, we simply reuse the Tikhonov-Guided solution
Z from Eq. 19 as our clustering feature. This immediately
assigns each splat to a cluster. We then encode each Gaus-
sian’s cluster ID as a one-hot signal and render this signal
back to 2D. By applying an argmax operation, we recover
a 2D mask for each cluster, establishing a pixel-level corre-
spondence between the clusters and the original SAM masks
as shown in Equ.20b and Equ.20c (Note: Any orthogonal
encoding-decoding System could be used here).

The remaining masks—denoted as B’'—are significantly
more self-consistent and better aligned with the underlying
decomposition of splat primitives. The visualization of the
alignment is displayed in the technical appendix.B. This pro-
duces a well-posed data set that further boosts downstream
semantic-segmentation and object-querying performance to
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Figure 2: Qualitative comparison of semantic masks be-
tween our method compare to DrSplats on ramen scene
in LERF-OVS. Our method produces more accurate masks
aligning with the objects in the scene. More qualitative re-
sult could be found in appendix.E

state-of-the-art levels. In contrast to LAGA’s complex view-
dependent clustering, our simpler Post Aggregation Filtering
approach reveals that most apparent “view-dependent” vari-
ations stem from mask noise rather than useful multi-view
information. Noisy masks can be found in Fig.1 as well as
Fig.9. We further provide many mis-leading masks’ visual-
ization and trust worthy masks in the appendix.B.

v =Agg(z) € {-1,...,K}", (20a)
' = onehot(y) € {0, 1}7*E+D), (20b)
k= argmax(AT) — 1 e{-1,...,K}% (20¢)

The function M identifies the binary mask corresponding
to ray r; based on the original observation in B, and simi-
larly finds the mask for the projected label x associated with
the same ray r;. More explicitly, the function M gathers all
pixels within the same image that share the same label and
constructs a binary mask. We then calculate the Intersection
over Union (IoU) between each SAM mask and its corre-
sponding cluster mask. Masks with an overlap below a pre-
defined threshold are discarded, as detailed in Equation 22.

M(j, B) =m; € RV M(j, k) =m) e RT*W (21)
B;, IoU (m;,m.) >,
. { 52 ToU (m,m) )

0,  otherwise.

Auto Threshold Selection We observe that threshold se-
lection can significantly alter the final result. Rather than
manually choosing thresholds per object (as in (Qin et al.
2024)), we leverage the high contrast of the raw attention
map for automatic selection. As shown in Fig. 11, even
though the ideal hard threshold for correctly isolating chop-
sticks shifts from 0.225 to 0.30 in the raw attention values,
the first valley in the attention histogram remains clearly
identifiable. We therefore derive our threshold directly from
the histogram’s local extrema. We first locate its largest peak
and then take the adjacent, smaller valley as the threshold.
Further details are provided in the Appendix.H

Experiment

Although our solver can lift any 2D feature into high-
dimensional primitives, few benchmarks exist to evaluate

Table 2: Multi Kernel Comparison on mlIoU. For this com-
parison, we use our method without Tikhonov-Guidance,
Post Aggregation Filtering, or auto threshold selection to il-
lustrate its kernel agnostic capability. We evaluate perfor-
mance using DBS, 2DGS, as well as 3DGS, # represents
the inria(Kerbl et al. 2023) implementation, * represents
Gsplat(Tancik et al. 2023) implementation

Method FF. T R W. Mean

DBS (Liu et al. 2025) 49.5 50.8 51.2 61.3 53.2
3DGS* (Tancik et al. 2023) 55.3 63.5 47.8 49.8 54.1
3DGS? (Kerbl et al. 2023) 60.1 68.3 55.3 47.7 57.8
2DGS™ (Huang et al. 2024) 62.0 66.3 56.0 51.1 58.9

such capability. We evaluate our approach on the LeRF-
OVS (Qin et al. 2024) and 3D-OVS (Liu et al. 2023)
datasets, using the segmentation masks annotated from (Qin
et al. 2024; Kerr et al. 2023), and report mean Intersection-
over-Union (mlIoU) according to the protocols of (Cen et al.
2025; Jun-Seong et al. 2025). As Dr. Splat’s official code
was not available at the time of writing, we follow the evalu-
ation protocol provided by LAGA for consistency and com-
parability. CosegGS and Occam’s LGS (Dou et al. 2024;
Cheng et al. 2024), both based on the same naive solver
(Eq. 7), are represented here by a single baseline. As shown
in Tab.1, we group the methods into four categories: 2D- and
NeRF-based, training-based, grouping-based, and heuristic
forward-lifting. First, second, and third place in the bench-
mark are highlighted in light red, light pink, and light yellow,
respectively. Our results for the 3D-OVS(Liu et al. 2023)
dataset is provided in the appendix.E

We demonstrate our kernel-agnostic capability with a
multi-kernel comparison Tab.2. In this study, the 2DGS im-
plementation outperforms all other representations due to
its specially designed kernel that encourages high opacity
values, yielding a naturally lower 3 as a result. For mean-
ingful PSNR computation, we scale each final rendered fea-
ture to the range [—1, 1] and normalize it to unit Euclidean
norm. Consequently, the peak signal in the MSE loss is 4,
the square of the maximum possible error (i.e., 2).

To compare feature lifting quality more broadly, we
project a variety of descriptors(Fu et al. 2024)—MaskCLIP,
CLIP, ViT, DINO, and ResNet—through our solver (prior
to any post-aggregation filtering) and visualize the results
using cosine similarity and PCA (see the appendix.G for de-
tails). We avoid PSNR for evaluation since MSE-based met-
rics scale with the number of feature channels. For exam-
ple, DINO features (384 channels) yield consistently lower
PSNR than that of CLIP features (512 channels) despite
having comparable perceptual quality. Instead, we demon-
strate both quantitatively via cosine similarity as mentioned
in Tab.3, and qualitatively via PCA visualization that our
lifted projections consistently outperform the raw descrip-
tors, making direct PSNR comparisons potentially mislead-
ing. While we conduct experiments with different types of
primitives—including 2DGS, 3DGS, and DBS, for compar-
ing feature descriptors we use only 3DGs as the standard
primitive to ensure fairness. To compare runtimes, we re-



Table 3: Multi Feature Comparison on Cosine-Similarity.
We evaluate the feature-agnostic capability without
Tikhonov guidance, post-aggregation filtering, or automatic
threshold selection. We apply our method to dense features
generated by FeatUp(Fu et al. 2024), including features
from DINO, DINOv2, CLIP, MaskCLIP, ViT, and ResNet,
using the Inria implementation. For a fair comparison, we
use geometry provided by Gsplat.

Features/scene F.. T R W. Mean

SAMOpenCLIP (Kirillov et al. 2023) 89.3 90.7 90.6 91.0 90.4
MaskCLIP (Dong et al. 2023) 92.4 94.0 94.5 94.7 93.9
CLIP (Radford et al. 2021) 91.9 93.7 94.6 949 93.8
DINO (Caron et al. 2021) 78.7 80.2 83.0 82.0 81.0
DINOvV2 (Oquab et al. 2023) 83.5 85.6 89.6 89.2 87.0
ViT (Dosovitskiy et al. 2020) 84.6 83.7 86.4 88.0 85.7
ResNet (He et al. 2016) 95.8 94.8 96.2 97.0 96.0

Table 4: Runtime Comparison. We compare the runtime
of our lifting method with LAGA and DrSplats, along with
the ability to preserve the full feature dimensionality. Here
T; denotes Tikhonov Guidance, P denotes Post Aggrega-
tion Filtering. All timings are measured on a single RTX
4090 GPU using CUDA Toolkit 12.8 for consistency. Notice
that the runtime of lifting-based methods scales linearly with
the number of views, whereas training-based and grouping-
based methods are determined by predefined training steps.
For DrSplats, as its computation time scales with both the
number of views and the Top-K value, we report results us-
ing Top-40 only.

Features/scene F. T R W. Mean

Ours w/o (T;P) 00:03:29 00:02:06 00:01:28 00:02:13 00:02:12
Ours w/o (P)  00:03:14 00:02:05 00:01:12 00:01:47 00:02:05

Ours full 00:05:22 00:02:37 00:01:59 00:03:02 00:03:15
DrSplat 00:02:55 00:01:19 00:01:03 00:01:33 00:01:43
LAGA 01:43:33 01:23:22 01:20:48 01:30:16 01:29:30

port wall-clock times for lifting, and post-processing using
standard SAM+OpenCLIP as the encoder as mentioned in
Tab.4. Additionally, we perform further experiments using
MaskCLIP as an encoder, which are included in the ap-
pendix.D. The motivation behind this choice is that standard
SAM+OpenCLIP typically takes approximately one hour to
pre-process the dataset, whereas MaskCLIP completes the
same pre-processing task within minutes. Additional mIoU
results for MaskCLIP are also provided in the appendix.D.
The splats training time per scene is roughly 20 minutes for
the Gsplats (Tancik et al. 2023) training pipeline and approx-
imately 40 minutes for the Inria-based pipeline. Regarding
memory consumption, our implementation can lift features
with over 512 channels without encountering CUDA out-of-
memory (OOM) errors. In contrast, in our testing environ-
ment, DrSplat’s implementation could only handle up to 32
channels before hitting memory limitations. Lifting-based
methods generally exhibit linear complexity with respect to
the number of feature channels, the number of view images,
and the number of witness splats per ray.

Finally, our ablation study isolates the impact of each
component—naive preconditioner, full Tikhonov (as shown

Table 5: Ablation Study. We evaluate the impact of each
module on the LeRF data set in a step-by-step manner. 7; de-
notes Tikhonov Guidance, P denotes Post Aggregation Fil-
tering, and A represents Automatic threshold selection. The
baseline corresponds to the row-sum formulation in Equ.24

R W. Mean

Ours w/o (T;PA) 60.1 68.3 55.3 47.7 57.8
Ours w/o (PA) 61.7 67.8 53.8 49.6 58.2
Ours w/o (T;A) 65.5 72.0 58.6 50.4 61.6
Ours w/o (A)  64.8 71.6 61.7 54.7 63.2
Ours 67.6 62.3 68.5 62.1 65.1

Features/scene F T

in Table 5)—and post-aggregation filtering. We also exam-
ine implementation details, including feature scaling, multi-
level SAM mask integration, and segmentation-threshold se-
lection. All qualitative results and additional engineering
notes are provided in the appendix.D

Discussion

Our method provides a framework to distinguish meaning-
ful 3D clusters from noise, offering a foundation for build-
ing more robust feature lifting pipelines in 3D scene under-
standing. In practice, the noises and inconsistency in sensing
process also poses a challenge in feature lifting process. Our
method addresses such issues via regularization and could
inform the development of sensing mechanisms that yield
more consistent observations.

From a theoretical standpoint, averaging features across
views helps suppress view-dependent components while
preserving view-independent structures. Such view depen-
dence information can then be quantified by subtracting the
lifted (3D) features from the original 2D features to obtain
any structured residual patterns correspond to view-specific
information.

Finally, while our method focuses on lifting dense fea-
tures, it will also be feasible to lift sparse descriptors (e.g.,
SIFT) by embedding them into a dense representation us-
ing auxiliary signals. That being said, visualizing sparse 3D
splats remains an open challenge.

Conclusion

In this work, we formulate feature lifting as a sparse linear
inverse problem and derive a general approximation to its
core equation. We prove that our solution achieves a globally
bounded error. To further refine the reconstructed features,
we introduce two complementary modules: (1) Tikhonov
Guidance and (2) Post-Lifting Aggregation. Our implemen-
tation completes the lifting process in under 10 minutes.

The method is designed to be broadly applicable to any
dense feature representation and splat-based kernel. Exper-
iments on multiple 3D semantic segmentation benchmarks
demonstrate state-of-the-art performance. We also quanti-
tatively evaluate the quality of lifted features using cosine
similarity metrics to demonstrate the method’s effectiveness
across different feature descriptors. Together, the method
provides a scalable and theoretically framework for enrich-
ment of 3D representations with 2D dense features to sup-
port scene understandings and other downstream tasks.



References

A., N. T. 1963. On ill-posed problems. Matematicheskii
Sbornik. Novaya Seriya, 61(103)(2): 211-223. In Russian.
A., N.T;and V., Y. A. 1977. Solutions of Ill-Posed Prob-
lems. Winston & Sons.

Bhalgat, Y.; Laina, I.; Henriques, J. F.; Zisserman, A.; and
Vedaldi, A. 2024. N2f2: Hierarchical scene understanding
with nested neural feature fields. In European Conference
on Computer Vision, 197-214. Springer.

Caron, M.; Touvron, H.; Misra, I.; Jégou, H.; Mairal, J.;
Bojanowski, P.; and Joulin, A. 2021. Emerging properties
in self-supervised vision transformers. In Proceedings of
the IEEE/CVF international conference on computer vision,
9650-9660.

Cen, J.; Fang, J.; Yang, C.; Xie, L.; Zhang, X.; Shen, W.; and
Tian, Q. 2023. Segment Any 3D Gaussians. arXiv preprint
arXiv:2312.00860.

Cen, J.; Zhou, X.; Fang, J.; Wen, C.; Xie, L.; Zhang, X.;
Shen, W.; and Tian, Q. 2025. Tackling View-Dependent Se-
mantics in 3D Language Gaussian Splatting. In ICML.
Chacko, R.; Haeni, N.; Khaliullin, E.; Sun, L.; and Lee,
D. 2025. Lifting by Gaussians: A Simple, Fast and Flexi-
ble Method for 3D Instance Segmentation. arXiv preprint
arXiv:2502.00173.

Cheng, J.; Zaech, J.-N.; Van Gool, L.; and Paudel, D. P.
2024. Occam’s LGS: A Simple Approach for Language
Gaussian Splatting. arXiv preprint arXiv:2412.01807.
Dong, X.; Bao, J.; Zheng, Y.; Zhang, T.; Chen, D.; Yang,
H.; Zeng, M.; Zhang, W.; Yuan, L.; Chen, D.; et al.
2023. Maskclip: Masked self-distillation advances con-
trastive language-image pretraining. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 10995-11005.

Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn,
D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.;
Heigold, G.; Gelly, S.; et al. 2020. An image is worth 16x16
words: Transformers for image recognition at scale. arXiv
preprint arXiv:2010.11929.

Dou, B.; Zhang, T.; Ma, Y.; Wang, Z.; and Yuan, Z. 2024.
Cosseggaussians: Compact and swift scene segmenting 3d
gaussians. arXiv e-prints, arXiv—2401.

Esser, E.; Zhang, X.; and Chan, T. F. 2010. A general frame-
work for a class of first order primal-dual algorithms for
convex optimization in imaging science. SIAM Journal on
Imaging Sciences, 3(4): 1015-1046.

Fu, S.; Hamilton, M.; Brandt, L.; Feldman, A.; Zhang,
Z.; and Freeman, W. T. 2024. Featup: A model-agnostic
framework for features at any resolution. arXiv preprint
arXiv:2403.10516.

Galerne, B.; Wang, J.; Raad, L.; and Morel, J.-M. 2025.
SGSST: Scaling Gaussian Splatting Style Transfer. In Pro-
ceedings of the Computer Vision and Pattern Recognition
Conference, 26535-26544.

Gu, Q.; Lv, Z.; Frost, D.; Green, S.; Straub, J.; and Sweeney,
C. 2024. Egolifter: Open-world 3d segmentation for ego-
centric perception. In European Conference on Computer
Vision, 382-400. Springer.

Guo, J.; Ma, X.; Fan, Y.; Liu, H.; and Li, Q. 2024. Semantic
Gaussians: Open-Vocabulary Scene Understanding with 3D
Gaussian Splatting. arXiv preprint arXiv:2403.15624.

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2016. Deep resid-
ual learning for image recognition. In Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion, 770-778.

Huang, B.; Yu, Z.; Chen, A.; Geiger, A.; and Gao, S. 2024.
2d gaussian splatting for geometrically accurate radiance
fields. In ACM SIGGRAPH 2024 conference papers, 1-11.

Joseph, J.; Amrutur, B.; and Bhatnagar, S. 2024. Gradient-
Driven 3D Segmentation and Affordance Transfer in
Gaussian Splatting Using 2D Masks.  arXiv preprint
arXiv:2409.11681.

Jun-Seong, K.; Kim, G.; Yu-Ji, K.; Wang, Y.-C. F.; Choe, J.;
and Oh, T.-H. 2025. Dr. Splat: Directly Referring 3D Gaus-
sian Splatting via Direct Language Embedding Registration.
arXiv preprint arXiv:2502.16652.

Kerbl, B.; Kopanas, G.; Leimkiihler, T.; and Drettakis, G.
2023. 3d gaussian splatting for real-time radiance field ren-
dering. ACM Trans. Graph., 42(4): 139-1.

Kerr, J.; Kim, C. M.; Goldberg, K.; Kanazawa, A.; and Tan-
cik, M. 2023. Lerf: Language embedded radiance fields. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, 19729-19739.

Kirillov, A.; Mintun, E.; Ravi, N.; Mao, H.; Rolland, C.;
Gustafson, L.; Xiao, T.; Whitehead, S.; Berg, A. C.; Lo, W.-
Y.; et al. 2023. Segment anything. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
4015-4026.

Li, B.; Weinberger, K. Q.; Belongie, S.; Koltun, V.; and Ran-
ftl, R. 2022. Language-driven semantic segmentation. arXiv
preprint arXiv:2201.03546.

Liang, S.; Wang, S.; Li, K.; Niemeyer, M.; Gasperini,
S.; Navab, N.; and Tombari, F. 2024. SuperGSeg:
Open-Vocabulary 3D Segmentation with Structured Super-
Gaussians. arXiv:2412.10231.

Liu, K.; Zhan, F.; Xu, M.; Theobalt, C.; Shao, L.; and Lu, S.
2024. Stylegaussian: Instant 3d style transfer with gaussian
splatting. In SIGGRAPH Asia 2024 Technical Communica-
tions, 1-4.

Liu, K.; Zhan, F.; Zhang, J.; Xu, M.; Yu, Y.; El Saddik, A.;
Theobalt, C.; Xing, E.; and Lu, S. 2023. Weakly supervised
3d open-vocabulary segmentation. Advances in Neural In-
formation Processing Systems, 36: 53433-53456.

Liu, R.; Sun, D.; Chen, M.; Wang, Y.; and Feng, A.

2025. Deformable Beta Splatting. arXiv preprint
arXiv:2501.18630.

Oquab, M.; Darcet, T.; Moutakanni, T.; Vo, H.; Szafraniec,
M.; Khalidov, V.; Fernandez, P.; Haziza, D.; Massa, F.; El-
Nouby, A.; et al. 2023. Dinov2: Learning robust visual fea-
tures without supervision. arXiv preprint arXiv:2304.07193.

Peng, Q.; Planche, B.; Gao, Z.; Zheng, M.; Choudhuri, A.;
Chen, T.; Chen, C.; and Wu, Z. 2024a. 3d vision-language
gaussian splatting. arXiv preprint arXiv:2410.07577.



Peng, Y.; Wang, H.; Liu, Y.; Wen, C.; Dong, Z.; and
Yang, B. 2024b. GAGS: Granularity-Aware Feature Dis-
tillation for Language Gaussian Splatting. arXiv preprint
arXiv:2412.13654.

Qin, M.; Li, W.; Zhou, J.; Wang, H.; and Pfister, H. 2024.
Langsplat: 3d language gaussian splatting. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 20051-20060.

Qiu, R.-Z.; Yang, G.; Zeng, W.; and Wang, X. 2024. Fea-
ture splatting: Language-driven physics-based scene synthe-
sis and editing. arXiv preprint arXiv:2404.01223.

Radford, A.; Kim, J. W.; Hallacy, C.; Ramesh, A.; Goh, G.;
Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P.; Clark, J.;
et al. 2021. Learning transferable visual models from nat-
ural language supervision. In International conference on
machine learning, 8748-8763. PMLR.

Ravi, N.; Gabeur, V.; Hu, Y.-T.; Hu, R.; Ryali, C.; Ma, T,
Khedr, H.; Ridle, R.; Rolland, C.; Gustafson, L.; et al. 2024.
Sam 2: Segment anything in images and videos. arXiv
preprint arXiv:2408.00714.

Saad, Y. 2003. [terative methods for sparse linear systems.
SIAM.

Shi, J.-C.; Wang, M.; Duan, H.-B.; and Guan, S.-H. 2024.
Language embedded 3d gaussians for open-vocabulary
scene understanding. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, 5333—
5343.

Tancik, M.; Weber, E.; Ng, E.; Li, R.; Yi, B.; Wang, T.;
Kristoffersen, A.; Austin, J.; Salahi, K.; Ahuja, A.; et al.
2023. Nerfstudio: A modular framework for neural radiance
field development. In ACM SIGGRAPH 2023 conference
proceedings, 1-12.

Wu, Y.; Meng, J.; Li, H.; Wu, C.; Shi, Y.; Cheng, X.; Zhao,
C.; Feng, H.; Ding, E.; Wang, J.; et al. 2025. Opengaussian:
Towards point-level 3d gaussian-based open vocabulary un-

derstanding. Advances in Neural Information Processing
Systems, 37: 19114-19138.

Ye, M.; Danelljan, M.; Yu, F.; and Ke, L. 2023. Gaussian
Grouping: Segment and Edit Anything in 3D Scenes. arXiv
preprint arXiv:2312.00732.

Yu, Z.; Chen, A.; Huang, B.; Sattler, T.; and Geiger, A. 2024.
Mip-splatting: Alias-free 3d gaussian splatting. In Proceed-
ings of the IEEE/CVF conference on computer vision and
pattern recognition, 19447-19456.

Zhou, S.; Chang, H.; Jiang, S.; Fan, Z.; Zhu, Z.; Xu, D
Chari, P.; You, S.; Wang, Z.; and Kadambi, A. 2024. Feature
3dgs: Supercharging 3d gaussian splatting to enable distilled
feature fields. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 21676-21685.
Zuo, X.; Samangouei, P.;; Zhou, Y.; Di, Y.; and Li, M. 2025.
Fmgs: Foundation model embedded 3d gaussian splatting
for holistic 3d scene understanding. [International Journal
of Computer Vision, 133(2): 611-627.



A Tikhonov Guidance

First, let us discuss why Tikhonov regularization is theo-
retically important for stability, and why our system can be-
come unstable. Instability arises when the matrix A contains
nearly identical rows. In our setting, adjacent pixels often
undergo almost the same rendering and alpha-blending pro-
cesses, leading to duplicated weights. Redundant rows with
similar observation values typically pose no problem (as in
the RGB domain), but if identical rows correspond to differ-
ent observations, the system becomes singular and no exact
solution exists. Even nearly identical rows introduce large
errors in B due to near-singularity in A.

Mathematically, a common remedy is to strengthen the
diagonal. Specifically, we first convert Equation 7 into a
fully diagonal, row-sum preconditioner by squaring the orig-
inal weights. We then adjust the opacity activation term
A by compressing the sigmoid function to polarize each
splat’s opacity. Because lifting is performed without mod-
ifying any geometry-training parameters, this approach does
not compromise image-based evaluation metrics. We choose
A = 1.2 for both the lifting equation and the attention-map
projection, as shown by the results in Table 8.

There are a few notes about the polarization. To be spe-
cific, after we get the original training figure, the first thing
we need to do is to convert it to a Regularized version, by
injecting our A in this stage, we get a polarized alpha value.
And after lifting, when we do the 3D segmentation, or lo-
calization, we can directly use the feature generated. But the
challenge is, when we project the attention queried back to
2D to do the segmentation, what alpha should we use. Ex-
periments shows that, using the same A\ is the best for the 2D
attention map generation.

~ - - 1
Aij = W5, OQp= m (23)
_ =l AT A T i _ Zi Azszi
x=D""(ATA)e x D(ATA)B «z; = — 5 (24)
i “ij

B Post Lifting Aggregation Details

We use the cuML implementation of HDBSCAN for cluster-
ing, and the initial results are generally reliable. However, as
noted in the “Tikhonov Guidance” section of the appendix,
small noise in the observations—manifesting as nearly iden-
tical rows—can produce large errors. A straightforward rem-
edy is to identify and discard those unreliable observations.

Why can we safely discard them? Recall our problem def-
inition: “each primitive should admit a single descriptor.” In
other words, nearly identical rows should yield nearly iden-
tical features. When they do not, the discrepancy must arise
either from the solver or from corrupted observations. Be-
cause our subsequent queries compare cluster-level atten-
tion scores, noise that affects all clusters equally (cluster-
independent noise) merely shifts every cluster’s score by a
constant and does not alter their relative ordering.

By contrast, cluster-dependent noise—often introduced
by nearby objects, as illustrated in Fig. 9—does change

those relative scores. After clustering, we therefore gener-
ate a pseudo-mask for each cluster and compute its mloU
against the original masks, filtering out any clusters whose
pseudo-mask indicates unreliability.

C Training Pipeline Setting

Achieving high-quality reconstruction is not the primary fo-
cus of our study. While our code includes components for
training, the reconstruction results are less accurate com-
pared to those obtained using the LAGA training code.
Therefore, in the main comparison table, we use LAGA’s
pre-trained model. For visualization experiments, we adopt
the Gsplat implementation for both 2DGS and 3DGS to en-
sure a fair comparison. As shown in Fig.10, the visualiza-
tions suggest that reconstruction quality does influence the
feature lifting results.

D Lifting Implementation

Our code is publicly available in the supplementary material
and on the project website. We adopt the original rendering
pipeline for feature lifting, with a modification to the final
alpha-blending step: instead of projecting each splat’s color
into the 2D image, we back-project 2D feature information
into the corresponding 3D splat feature and record the blend-
ing weights at runtime. This approach is more memory-
efficient than DrSplats, which explicitly constructs pixel-to-
splat correspondences. As a result, DrSplats may encounter
CUDA out-of-memory (OOM) errors when the maximum
depth increases, whereas our method is capable of handling
significantly larger inputs. In principle, any 3D image pro-
duced by the rendering pipeline can be lifted in a similar way
by slicing its rendered features.

E 3D Segmentation

For 3D segmentation, splats can be selected by compar-
ing attention scores associated with target (’positive’) words
against those linked to background words. To avoid the com-
plexity of explicit background-word selection, we compute
direct attention scores for each splat and render them as one-
dimensional features in the 2D image—thereby minimizing
background interference. Since the raw attention scores typ-
ically fall outside the [0,1] interval, we rescale them for vi-
sualization and manual thresholding. However, during the
dynamic threshold selection step, we operate directly on
the un-normalized attention scores to determine the optimal
threshold. Further visualization results can be found in the
appended video.

F Property Justification

Recall from property.2, this property means for each ray,
there should be nearly no influence of the background color.
Let us first justify why this property is necessary. If with-
out the above property, even the optimized lift will depend
on the background feature. When we utilize random feature
background, the error has a lower bound which is the left
out alpha for each ray. This justification will also hold true
if we are utilizing color as a feature. To justify this property,
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Figure 3: Feature Map Comparison: Since, except for our proposed method, all other methods require compressing the
features, it is difficult to align the projected features from these methods with the ground truth. Therefore, we only provide

a comparison between our projected features and the ground truth 2D features. The current feature is for SAM+OpenCLIP
pipeline
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Figure 5: Further Visualization results, we are using Teatime, ramen, figurines, waldo kitchen results from different scenes.
More visualization results could be found in the supplementary materials
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Figure 6: Attention Map Comparison: As demonstrated in the figures, our implementation produces clearer attention maps
and segmentation masks compared to Dr. Splat.
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Figure 7: Attention Map Comparison: As demonstrated in the figures, our implementation produces clearer attention maps
and segmentation masks compared to Dr. Splat.
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Figure 8: The left column shows the results from our method, while the right column (yellow-purple mask) shows the results
generated by LAGA for the 3DOVS ’room’ scene. Although the 3DOVS ground truth considers the wooden table as part of the
wooden wall, our model is able to clearly distinguish between the two. While LAGA’s result appears to achieve a higher mloU
on this particular scene, it actually generates misleading masks.

Table 6: Mean IoU (mloU%) on LeRF OVS for various methods. These are additional experimental results using our data for
the ablation study. We use different backbones to train the splats and evaluate the resulting mloUs

Method Figurines Ramen Teatime Waldo Kitchen Means
DrSplat (3D Query) 47.48 36.66 66.16 47.48 49.45
Gsplat (3DGS) W/o P W/o T (Threshold = 0.65) 55.30 47.81 63.48 49.78 54.09
Gsplat 2DGS Backbone W/o P W/o (Threshold = 0.65) 62.00 56.04 66.34 51.07 58.86
Gsplat (3DGS) W/P w/o T (Threshold = 0.65) 56.55 62.24 68.04 53.01 59.96
Gsplat (2DGS) W/P W/o T (Threshold = 0.65) 67.83 60.20 66.96 47.44 60.62
Inria Trained Result W/o P, Naive (W/o Tikhonov) (Threshold) 60.06 55.30 68.33 47.73 57.85
Inria Trained Result W/o P, (Threshold=0.65) 61.30 54.20 67.60 45.01 57.03
Inria Trained W/p W/ Tikhonov (1.2/1.2) 61.70 53.75 67.80 49.60 58.21
Inria Trained Result W/p w/ (Tikhonov square, no sigmoid) 71.96 58.16 69.29 52.73 63.03
Inria Trained Result W/p (Threshold 0.65) + W/T 64.76 61.70 71.63 54.71 63.20
Inria Trained W/p W/o Tikhonov Square, w/o sigmoid 65.45 58.55 72.04 50.38 61.61
Inria Trained W/p W/o (Tikhonov A\ w/o squeer) W/ hist selection 72.19 64.28 66.08 56.69 64.81
Inria Trained W/o T W/p W/ Dynamic Threshold 69.42 63.89 69.53 61.55 66.10

Inria Trained W/ T W/ P W/ Dynamic Threshold 67.64 62.34 68.48 62.11 65.14




Good Masks

Bad Masks

87

Clustered Mask Only SAM Mask Only Overlapped

Figure 9: Here we display the figure for post lifting aggregation examples. The first row is displaying the right mask generated
in the SAM, while the second row is the mis-leading masks generated in the SAM model. We compare our clustered masks
displayed in green with the SAM generated mask which displayed in red. And we will filter out the low yellow region (over-
lapping region) masks through mloU thresholding. This observation shows that view-dependent information might due to the
mis-leading masks generated by SAM.



2DGS Feature PCA/ RGB Renders

3DGS Feature PCA/ RGB Renders

Figure 10: The left column shows the results obtained using Gsplat with 2D Gaussian Splatting (2DGS) for feature lifting,
while the right column shows the results using Gsplat with 3D Gaussian Splatting (3DGS). It appears that better reconstruction

quality leads to improved PCA outcomes. The lifted features are based on SAM-OpenCLIP embeddings.




Table 7: Effect of Tikhonov Guidance (Asquare/Areg) 0 mIoU (%). A Equ denotes the A parameters used when solving the
Feature Lifting Equation. When using a text query to generate the attention map, we apply A Proj to obtain the 2D attention
map. The experiments show that setting both A values to 1.2 yields optimal results.

AEqu/ A Proj Figurines Ramen Teatime Waldo Kitchen Means
0.5/1.0 59.93 53.77 66.43 41.32 55.36
0.8/1.0 62.77 54.02 67.38 43.90 57.02
1.0/1.0 61.30 54.20 67.60 45.01 57.03
1.1/1.1 61.59 53.96 68.93 47.72 58.05
1.2/1.2 61.70 53.75 67.80 49.60 58.21
1.35/1.35 61.80 53.44 65.56 50.36 57.79
1.5/1.5 61.80 53.40 65.53 50.40 57.78

Table 8: Our methods generated masks versus LAGA generated mask on 3D-OVS dataset, as we mentioned in Fig.8, room
scene is not labeled correctly in ground truth, therefore, we provide two results on room scene. The former one is the result
measured on original 3DOVS dataset, and the left one is the fixed results. In both comparison, we are at least the same compare
to the current state of the art method.

Methods Bed Bench Lawn

LAGA 849 833 93.6
Ours 90.2 93.2 89.0

Means

93.1/86.2 76.5 86.3/84.9
85.5/92.7 73.6 86.3/87.7

Room Sofa

Table 9: Weight Summation of each rows statistic property. In the Property.2, we assume that the row summation is 1, and in
the main thesis, we state that this property usually holds in the splats rendering. Here is experimental results regarding the final
weight summation of each pixel. The number is with a %. The dataset we are using is LeRF

Method Metrics Figurines Ramen Teatime Waldo Kitchen Means
3DGS(means) Black Background 99.49 97.92 99.40 99.86 99.17
3DGS(Std) Black Background 1.37 1.54 0.67 0.18 0.94
3DGS(means) 99.74 99.85 99.83 99.91 99.17
3DGS(Std) 0.01 0.04 0.02 0.05 0.04
2DGS(means) 99.86 99.46 99.83 99.91 99.77

2DGS(Std) 0.04 0.45 0.05 0.05 0.15




Table 10: Weight Summation of each rows statistic property. In the Property.2, we assume that the row summation is 1, and in
the main thesis, we state that this property usually holds in the splats rendering. Here is experimental results regarding the final
weight summation of each pixel. The number is with a %. The dataset we are using is 3DOVS

Methods Bed

Bench Lawn

Room Sofa Means

99.92
0.01
99.92
0.01

99.80
0.04
99.93
0.01

3DGS(means)
3DGS(Std)
2DGS(means)
2DGS(Std)

99.67
0.08
99.95
0.00

99.64 99.93
0.04 0.0l
99.92 99.92
0.01 0.01

99.79
0.04
99.93
0.01

we first scratch a theoretical proof, and then, we give out
experimental results.

Theoretical
C, ~U(-1,1) (25)
Cr = wpep+ (1 - pr> C (26)
s = iw,, L(w) = LSE(CT,C*T) 27)
»
L(w) = E¢; [(Cr - Ck)j (28)

E¢, [(pr cp—Crt(1—s) c{,)Q]. (29)
p

Here we define the ground truth for per ray color as C,, we
use MSE as a loss function to calculate the loss between
observed color and rendered color. The goal of the proof
is to show that under any gradient descent based method,
if the loss converges, s approaches to one. Notice that here
we define the background color C} as a random background
that has a uniform distribution on the normalized color def-
inition. Let us take the stochastic gradient with respect to
weight w, and the summation of weight s.

oL
Owp,

% _ Zai:z(a,_(j,.)z:(cp—cg) 31)
p p

Owp,

= 2(C, — C,)(Cp = C}) (30)

Here we substitute the residual e back to the Equ.30:

e =Y wC—Cr, Co=Cr=c+(1-5)C; (32)
p

E[gﬂ = 2B (= + (1-5)C) Y. (Co — Gf)]- 33)

p

When we expand the above equation, we get the expectation
of the gradient is the Equ.34

E[%ﬂ :E[QE Y o —2e) (6= C)

(34)
+ (180 Y et (s—1) (q;)?]

And apparently, we can get everything canceled out, ex-
cept this term shown in Equ.35

oL

B9

55) = (s —1)o? (35)

Therefore, to converge, s — 1 must be zero, i.e. Zp wp =1

Q.E.D. According to Property.3, we usually have a con-
verged system at least on RGB, therefore this property holds.

Experimental

To experimentally validate our theoretical prediction, we
conducted the following experiment. We trained both 3D
Gaussian Splats and 2D Gaussian Splats separately using
random backgrounds, then computed the mean and vari-
ance of their final alpha distributions. If the mean exceeds
a threshold ¢ = 99.6, our theory is confirmed. We selected
1 = 99.6 because color values are quantized into 256 lev-
els, and additional floating-point precision does not improve
RGB rendering. For comparison, we also ran the 3D Gaus-
sian Splats experiment with a black background. As shown
in Tables 9 and 10, the results align well with our theoretical
proof.

1
B Quantize Scale

¥ =(1 ) x 100 =99.6  (36)

G Feature Visualization

Details of the feature visualization, one can check Fig.3,
Fig.4 and Fig.5. For multiple kernel feature visualization,
one can check Fig.10. There are plenty of the content in the
appended video. Please feel free to check


https://drive.google.com/file/d/1zl4lu2i8z7scMlHMQA4yZef7t_wSRCF2/view?usp=sharing
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Figure 11: This figure is from the Ramen scene in the LeRF
dataset. The query word is “chopsticks™ for the first row,
and “eggs” for the second row. The first column represents
the attention maps’ histograms while the second column is
the actual attention map. A simple gradient-based dynamic
threshold selection strategy can be readily envisioned for
downstream tasks such as 3D segmentation.

H Threshold

We can refer directly to Fig. 11. The basic idea is to trace
the gradient from top to bottom, then use the first local max-
imum and the preceding local minimum to determine the
threshold. In this way, the threshold adapts dynamically and
is independent of the background words.
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