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Figure 1: Overview of ChildSplat. Given multi-view images and 2D masks, our method learns view-consistent 3D semantic groups for mask
rendering, feature visualization, and downstream local editing.

Abstract

Object-level understanding of reconstructed 3D scenes remains challenging without costly 3D annotations. Recent mask-lifting
methods use 2D foundation-model masks to supervise 3D segmentation, while structured Gaussian representations such as
Scaffold-GS provide a useful prior for balancing compact semantics and detailed appearance. However, existing Scaffold-GS-
based semantic methods often rely on anchor- or region-level shared features, which improve compactness but can be too coarse
for object boundaries and fine-grained parts. We propose ChildSplat, an anchor-child semantic Gaussian representation for 3D
object segmentation with downstream editing handles. Starting from a pretrained Scaffold-GS scene, we freeze the geometry
and appearance fields and learn a lightweight semantic branch on its anchor-child structure. Anchors encode compact semantic
context, while child Gaussians obtain geometry-aware residual semantic embeddings and are rendered with the frozen splatting
weights. We further derive child-level ownership supervision from multi-view mask contributions, explicitly linking 2D mask
evidence to individual child Gaussians to improve fine-grained semantic ownership and reduce cross-object leakage in child-
level selection. When hierarchical annotations are available, residualized leaf supervision and lightweight hierarchy-aware
constraints enable the same semantic field to support both object-level and part-level queries. Experiments show that our
method learns compact, view-consistent 3D semantic groups, which can serve as semantic handles for downstream local editing.

CCS Concepts
» Computing methodologies — Computer graphics; Rendering; Computer vision tasks;

1. Introduction

Learning editable and semantically meaningful 3D scene represen-
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tations from posed images is a fundamental problem in computer
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graphics and vision, with broad applications in immersive content
creation, robotic interaction, and scene editing. Recent neural scene
representations have achieved impressive progress in photorealistic
novel-view synthesis. In particular, 3D Gaussian Splatting (3DGS)
represents a scene with explicit anisotropic Gaussians and ren-
ders them through efficient differentiable splatting, enabling high-
quality real-time rendering [KKLD23]. Scaffold-GS further im-
proves the compactness and robustness of Gaussian representations
by organizing local neural Gaussians with a structured anchor-child
design, where sparse anchors spawn view-adaptive child Gaus-
sians [LYX*24]. However, these representations are mainly op-
timized for appearance reconstruction. For interactive scene un-
derstanding and editing, the reconstructed scene should also pro-
vide object-level and part-level structures that can be queried, seg-
mented, and manipulated.

Open-world 3D object segmentation addresses this need by de-
composing a reconstructed scene into meaningful object or group
regions without relying on a fixed semantic taxonomy. A practical
way to obtain supervision is to lift 2D foundation-model predic-
tions, such as SAM masks and tracked multi-view object masks,
into 3D representations [KMR*23, YDYK24]. Recent methods
augment NeRF or Gaussian fields with language features, instance
embeddings, or identity encodings, enabling 3D semantic query-
ing and mask prediction from 2D supervision [KKG*23, KMS22,
QLZ*24,YDYK24, WML*24]. However, most Gaussian-based ap-
proaches either operate on unstructured 3DGS primitives or attach
semantic attributes directly to individual Gaussians. As a result,
they do not fully exploit the structural prior provided by the anchor-
child organization of Scaffold-GS. How to leverage this structure
for compact yet fine-grained semantic learning remains underex-
plored.

The key difficulty lies in the granularity mismatch between ap-
pearance and semantics. A scene often requires many local Gaus-
sians to model texture, opacity, and view-dependent effects, while
the semantic identity should remain stable within the same object or
part [LWM™25]. In Scaffold-GS, anchors provide compact region-
level support, but assigning a single semantic embedding to an an-
chor can be too coarse around object boundaries and small parts.
In contrast, assigning independent semantic parameters to every
child Gaussian improves local granularity, but introduces redun-
dancy and weakens the compact scaffold structure. An effective se-
mantic Scaffold-GS representation should therefore preserve com-
pact anchor-level context while enabling child-level semantic pre-
diction and supervision. This motivates us to decouple compact se-
mantic context from fine-grained child ownership within the struc-
tured Gaussian scaffold: anchors provide stable semantic context,
while child Gaussians receive local semantic ownership cues for
boundary-aware prediction.

To address these challenges, we propose a semantic Scaffold-
GS framework for mask-supervised open-world 3D object seg-
mentation. Our method attaches a lightweight semantic branch to
a pretrained Scaffold-GS scene while keeping its geometry and
appearance fields fixed. Anchors encode compact semantic con-
text, and child Gaussians receive locally refined semantic embed-
dings for fine-grained mask prediction. Multi-view 2D mask su-
pervision is further consolidated into child-level semantic learn-

ing, encouraging view-consistent object grouping while retaining
the compact structured representation of Scaffold-GS. To sup-
port hierarchical queries, we extend the same semantic child field
with hierarchy-aware supervision, enabling unified object-level and
part-level mask prediction within the same structured 3D represen-
tation [QLZ*24,YYZ*23,ZZWW26]. Our code will be released at
github.com/Anonymous5i/semantic-scaffold-gs.

Our contributions are summarized as follows:

e We propose an anchor-child semantic factorization for Scaffold-
GS, where anchors store compact semantic context and child
Gaussians obtain geometry-aware residual embeddings for local
semantic ownership.

e We introduce multi-view child ownership supervision that con-
verts frozen splatting contributions and 2D masks into reliable
child-level pseudo labels, providing direct 3D semantic supervi-
sion beyond rendered 2D mask losses.

e We demonstrate a preliminary hierarchy-aware extension of the
same semantic child field for object/part queries when hierar-
chical annotations are available, and provide transparent mask-
supervision protocols including a SAM3-assisted LERF-Obj set-
ting and 3D-OVS supervision details.

2. Related Work

3D Gaussian Splatting. 3D Gaussian Splatting (3DGS) repre-
sents a scene with explicit anisotropic Gaussians and renders them
through differentiable rasterization, achieving real-time novel-view
synthesis with high visual fidelity [KKLD23]. Its explicit primitive-
based formulation also makes it attractive for downstream 3D tasks,
as each Gaussian can carry additional identity, language, or se-
mantic attributes [YDYK24,QLZ*24, WML*24,CFY*25,CSK*25,
LWM?*25]. However, vanilla 3DGS optimizes freely distributed
Gaussians, which provides limited structural organization for com-
pact semantic modeling. Scaffold-GS addresses this issue with a
structured anchor-child representation, where sparse anchors gen-
erate local neural Gaussians in a view-adaptive manner [LYX*24].
InstanceGaussian further extends this structure with a Semantic-
Scaffold-GS representation, progressive appearance-semantic joint
training, and bottom-up instance aggregation, where children as-
sociated with the same anchor can model different appearances
while sharing semantics [LWM*25]. In contrast, ChildSplat freezes
the pretrained appearance and geometry fields and refines se-
mantics at the child level, allowing children from the same an-
chor to receive distinct semantic assignments under explicit child-
ownership supervision. Our work builds on Scaffold-GS and lever-
ages its anchor-child structure for compact yet fine-grained mask-
supervised semantic learning.

2D-Supervised 3D Scene Understanding. Learning 3D seman-
tics from 2D supervision has become a practical paradigm for
open-world scene understanding, as it avoids costly 3D annotations
while benefiting from strong 2D foundation models [KMR*23,
CTM*21, RKH*21]. Early methods distill semantic or vision-
language features into NeRF-like representations for language-
guided interaction, open-vocabulary localization, and 3D segmen-
tation [KMS22,KKG*23,L.ZZ"23,PGJ*23,JKG*23]. These meth-
ods demonstrate the potential of 2D-supervised 3D understanding,
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but NeRF-like representations can be computationally expensive
and often produce over-smoothed semantic responses near object
boundaries.

With the emergence of 3DGS, recent methods learn seman-
tic, language, or instance features on explicit Gaussian prim-
itives. LangSplat learns compact language features on Gaus-
sians using SAM-derived masks and a scene-wise autoencoder,
OpenGaussian associates 2D masks and language features with
3D Gaussians, and Gaussian Grouping uses SAM-generated and
tracked multi-view masks to supervise open-world Gaussian group-
ing [QLZ*24, WML*24, YDYK?24]. Recent approaches further tar-
get cross-view consistency and object-level grouping: ILGS aligns
language embeddings using identity cues and progressively ex-
pands masks to refine semantic boundaries; Unified-Lift intro-
duces an object-aware Gaussian representation with Gaussian-level
features and a learnable object codebook for end-to-end 2D-to-
3D segmentation; and Gaga associates inconsistent class-agnostic
2D masks across diverse viewpoints through a 3D-aware mem-
ory bank [JK25, ZQL*25, LLK*24]. These works show that 2D
foundation-model predictions, especially masks, provide strong
and scalable supervision for 3D semantic learning. In a related but
different setting, IGGT [LZL*26] jointly models geometric recon-
struction and instance-grounded scene understanding using a uni-
fied transformer with 3D-consistent contrastive supervision. Unlike
methods that mainly operate on NeRF fields or unstructured 3DGS
primitives, our work exploits the structured anchor-child represen-
tation of Scaffold-GS to decouple compact semantic context from
fine-grained child-level ownership.

Hierarchical 3D Segmentation and Scene Editing. Beyond flat
object or group segmentation, real scenes often require hierarchical
understanding, where objects and parts should be queried at differ-
ent semantic levels. Recent works explore hierarchical or multi-
level 3D semantics using multi-scale masks, scale-aware group-
ing, open-vocabulary features, or contrastive learning [KWK*24,
YYZ*23,QLZ*24,ZZWW26]. These methods demonstrate the im-
portance of multi-level 3D semantics, but most focus on language-
driven querying, feature hierarchy, or scale-aware grouping. In con-
trast, our hierarchy extension builds on a mask-supervised semantic
child field and uses residualized leaf labels to handle overlapping
parent-part annotations within the structured Scaffold-GS represen-
tation.

Semantic 3D groups also provide explicit handles for local scene
editing. Prior NeRF- and Gaussian-based methods use learned
groups or traced Gaussians for removal, inpainting, recoloring,
and recomposition [MAAD*23,CCZ*24,YDYK24]. Similarly, our
learned semantic groups serve as object-level selection handles for
the Gaussian Grouping-style 2D-inpainting-and-3D-lifting editing
pipeline, while our contribution focuses on learning compact and
fine-grained semantic groups on Scaffold-GS.

3. Overview

Given multi-view images and 2D object masks, our goal is to learn
a compact yet fine-grained semantic field on top of a pretrained
Scaffold-GS scene. We freeze its geometry and appearance fields
and optimize only a lightweight semantic branch. For a frozen
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scene S and camera view T, the semantic branch produces a se-
mantic logit map

¢sem(87n):Zn€RHXWXC, (D

where H, W, and C denote the image height, image width, and num-
ber of semantic labels, respectively.

Following Scaffold-GS [LYX*24], for anchor position x;, scal-
ing vector l;, and pretrained child offset o; 4, the child center is

Hix =Xi+1liOoj, ()
where ©® denotes element-wise multiplication.

Anchors store compact semantic context, while geometry-aware
residuals refine semantics at the child level. As shown in Fig. 2,
Stage 1 learns the anchor semantic scaffold from rendered 2D mask
supervision; Stage 2 freezes it and learns child residuals using ren-
dered masks and child-level ownership cues. When hierarchical
annotations are available, hierarchy-aware supervision further ex-
tends the same child field to object-part queries.

4. Method
4.1. Anchor-level Semantic Scaffold Representation

We first augment each anchor with a learnable semantic feature
fi e R%, which is independent of the appearance feature used for
RGB reconstruction. This decoupling allows semantic features to
remain stable across views and local appearance variations, while
leaving the pretrained appearance branch unchanged.

For each anchor, we construct a semantic input by combining its
semantic feature with the normalized anchor position:

5 =v(x), w=[f%], e=Mu), 3

where y(-) denotes fixed coordinate normalization applied to the
frozen anchor positions, M, : R%13 5 R% s the anchor semantic
MLP, and e; € R% is the anchor semantic embedding. Thus, the
anchor position is used only as a fixed geometric condition for se-
mantic learning and is not updated by semantic losses. The result-
ing anchor-level semantic scaffold stores compact semantic context
on top of the frozen Scaffold-GS structure and provides the seman-
tic basis for subsequent child-level refinement.

All semantic embeddings are mapped to class logits by a shared
linear classifier:

C(e) =We+Db, C:R* 3RS, WeR ™% beRC )

where C denotes the number of semantic labels or object groups.
The same classifier is used for anchor embeddings, refined child
embeddings, and rendered embedding maps. When applied to a
rendered embedding map, it is implemented as a 1 X 1 convolu-
tion, which is equivalent to pixel-wise linear classification. Sharing
this classifier aligns anchor-level, child-level, and rendered 2D pre-
dictions in a common semantic label space.

4.2. Geometry-aware Child Semantic Refinement

The anchor-level semantic scaffold provides a compact semantic
representation, but assigning the same semantic embedding to all
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Figure 2: Overview of our ChildSplat framework. Starting from a pretrained and frozen Scaffold-GS representation, Stage 1 learns anchor-
level semantic embeddings from 2D mask supervision. Stage 2 refines child semantics from anchor context and child geometry, producing
fine-grained child semantic embeddings. Both anchor and child predictions are classified by a shared linear head, aligning rendered 2D

predictions and 3D child-level semantics in a common semantic space.

children of an anchor is too coarse for fine-grained segmentation.
Children spawned from the same anchor may contribute to different
object boundaries or part regions. We therefore refine child seman-
tics with a geometry-aware residual module.

For the k-th child of anchor i, we first define its scaled offset and
world-space center as
0;x =L 0o, Mig =X+ 0, B =YWig), (5
where 1; is the anchor scaling vector, o, is the pretrained child
offset, and y(-) denotes the same fixed coordinate normalization
used for anchor positions. These geometry terms are inherited from
the frozen Scaffold-GS representation and are used only as fixed
geometric conditions for semantic refinement.

The child semantic residual is conditioned on both the anchor
semantic context and the local child geometry:

Aei,k = MC ([uiaei70i,k76i,k7p[7kark]) ) (6)

where M. denotes the geometry-aware child refinement MLP and
i denotes the normalized child slot index. The final child semantic
embedding is obtained by residual refinement:

e = € +PrAe;g, 7

where B € [0, 1] controls the strength of child-level residuals. It is
set to zero during anchor-level warm-up and is gradually increased
after child refinement starts. This residual formulation regularizes
child semantics around the parent anchor semantics while allowing
local semantic deviations near object boundaries and fine-grained
parts.

The child-level logits are computed by the shared classifier:

zix = C(ejx) = Wej; +b. ®)

4.3. Semantic Splatting and Two-stage Optimization

Differentiable semantic splatting. We render semantic embed-
dings by reusing the differentiable splatting weights of the frozen
Scaffold-GS renderer [KKLD23, LYX*24]. The semantic embed-
ding of each child Gaussian is treated as an additional per-Gaussian
attribute, analogous to color but defined in a learned semantic
space. For a pixel p, we first compute the accumulated opacity

Ap)= Y, T (p)oik(p), (9
(i,k)eN (p)

wik(P), wik(p) =

where N (p) denotes the child Gaussians contributing to pixel p,
Q.; « is the opacity contribution, and T; ; is the accumulated transmit-
tance. Both a; ; and T; ; are inherited from the frozen Scaffold-GS

renderer. The rendered semantic embedding is obtained by alpha-
normalized compositing:

Y(ikyeN(p) Wik(P)eik
A(p)+e ’
Therefore, semantic learning does not alter the underlying geome-

try or appearance field, but only learns semantic attributes attached
to the existing neural Gaussian scaffold.

E(p) = (10)

The rendered embedding map is classified by the same linear
head:

Z(p) =C(E(p)) =

Given a 2D mask label map Y, we supervise the rendered logits
with an opacity-masked cross-entropy loss:

1
Lop=—=—————) m(p)CE(Z
Eytor e Do e
where m(p) € [0,1] is an opacity-valid weight derived from the
accumulated opacity A(p). This avoids enforcing semantic labels
on pixels with unreliable or negligible Gaussian support.

WE(p) +b. (1

P).Y(p)). (12)

We classify rendered embeddings rather than directly rendering
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Table 1: Twwo-stage semantic optimization.

Stage Trainable modules Frozen modules Supervision
Anchor warm-up ', My, C Scaffold-GS, M. opacity-masked 2D CE
Child refinement M., C Scaffold-GS, f, M, 2D CE + child-level losses

class probabilities. This keeps anchor embeddings, child embed-
dings, and rendered embeddings in the same semantic space, al-
lowing a single classifier to supervise both 3D child predictions
and 2D rendered predictions.

Two-stage semantic optimization. Directly optimizing child-
level semantic residuals from the beginning can be unstable, be-
cause early anchor embeddings have not yet formed a coherent
semantic space. We therefore adopt a two-stage optimization strat-
egy that first establishes a stable anchor-level semantic scaffold and
then learns fine-grained child deviations.

In the first stage, child refinement is disabled and each child in-
herits the embedding of its parent anchor, i.e., €;; = ;. We opti-
mize the anchor semantic feature ff , the anchor semantic MLP M,
and the shared classifier C using opacity-masked rendered 2D mask
supervision. This stage learns a compact semantic scaffold aligned
with the frozen Scaffold-GS geometry.

In the second stage, the pretrained Scaffold-GS representation
and the anchor semantic scaffold are kept fixed. Specifically, we
freeze the anchor semantic features f* and the anchor semantic
MLP M,, and use the resulting anchor embeddings as fixed seman-
tic context for child refinement. We optimize the child refinement
module M, together with the shared classifier C. The rendered 2D
loss is still applied to maintain view-consistent predictions. How-
ever, rendered supervision alone does not explicitly assign seman-
tic ownership to individual Scaffold children. We therefore intro-
duce child-level ownership losses in the second stage, derived from
projected and multi-view child-mask associations, as detailed in
Sec. 4.4. The main semantic objective is

Limain = AMpL2p + Achild Lchild - (13)

This separation prevents noisy child-level optimization from cor-
rupting the anchor semantic space and encourages the residual
branch to focus on local semantic corrections near boundaries and
parts. The trainable modules, frozen components, and supervision
used in the two stages are summarized in Table 1.

4.4. Multi-view Child Ownership and Hierarchical
Supervision

During child refinement, we jointly apply three complementary ob-
jectives: per-view projected supervision Ly, Cross-view owner-
ship aggregation Ly, and embedding-space regularization Lctr.

Projected child supervision. We first supervise visible children
using labels derived from their projected valid pixels. For a training
view v, let M¢ be the mask of class c. Let P; x . = softmax(C(e;x))c
be the predicted probability of child (i, k) for class c¢. We accumu-
late the contribution of child (i, k) inside each mask as

Stke= Y, wix(®),  ajx=Y wixp), (14)
peEM; p
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where pixels marked as background or invalid are excluded from
the sums. To handle overlapping masks and children with different
opacity mass, we use the normalized projected support

v

S .
ik,c Aproj V
@ te Viky = ATEMaXg; . (15)
ik '

v —
Qikec =

A projected child-view tuple is considered reliable only if the child
has sufficient visible contribution, aK > Top, and maxc q;’ ke > Tproj-
If several masks overlap, the label with the largest normalized sup-
port is selected. Projected labels are applied per view rather than
first aggregated across views, so the same child can receive multi-
ple projected supervision terms when it is visible in multiple reli-
able views. The projected child classification loss is

1

Loroj = 08P gt (16)

|Qpr0j | (ik.v) erroj

where Q,; denotes reliable projected child-view tuples.

Multi-view ownership aggregation. Because per-view projection
does not uniquely determine child ownership when multiple chil-
dren contribute to a pixel, we further aggregate child-mask associ-
ations across training views.

For each child (i,k) and semantic class ¢, we accumulate its
splatting contribution inside and outside the corresponding 2D
masks across training views. Using the splatting weights w;; (p)
defined in Sec. 4.3, these contributions are '

Aiiflk,c: Z Z ka(p), A?,llil,c: Z Z W}},k(p)u a7

VEVPEM! VeV pEM?

where V is the set of training views. We define the object contribu-
tion ratio as

in
Ak

ke (18)
A}?k,c +Aglllct,c te

Pik.c =
A child is assigned a pseudo label only when it receives reliable
support across multiple views. Specifically, a child-class pair is
considered reliable if p; ;. > Tmy and the child is supported by
the target mask in at least Vj,;, views. If multiple classes satisfy
this criterion, we select the class with the largest contribution ra-
tio and use this ratio as the confidence weight. Children without
reliable multi-view support are ignored. The confidence-weighted
multi-view ownership loss is

Y (i k)eQp, Sik 108 P 5,

Ly =— , (19)
™ Y (i) e, Sik T €

where Qny denotes the set of reliable children, §;; is the se-
lected pseudo label, and s; 4 is its confidence weight. Detailed pseu-
docode, intermediate quantities, and reliability conditions are pro-
vided in the supplementary material.

Child embedding regularization. We also apply a supervised
contrastive loss [KTW*20] to regularize the child embedding
space. The contrastive mini-batch Bey is sampled from reliable
children in Qmy together with reliable projected children in €y
unreliable and background-only children are excluded. For a query
child g € Bey, positives P(g) are other sampled children with the
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same pseudo label, and candidates .A(g) are all other sampled re-
liable children. With cosine similarity sim(-,-) and temperature T,
we define

1 1
. R - lOgR q,P),
ct |Qetr| o P(q)l pe;@) o (20)
exp(sim(ey,ep)/T
R(q,p) = D e

ZaEA(q) exp(sim(eg,eq)/T)"

where Q¢ contains sampled query children that have at least one
positive in the mini-batch. Negatives are children in .A(q) with dif-
ferent pseudo labels. The child-level objective is

Lehild = Mproj Lproj + AmvLmy + Aetr Letr- @D

Here L, provides per-view child supervision, Lmy enforces
view-consistent child ownership, and L regularizes child embed-
dings in the semantic space.

Residualized hierarchical supervision. The semantic child field
described above does not require hierarchical annotations. For
datasets with only flat masks, we directly train the model in the
flat class label space. When hierarchical annotations are available,
we incorporate hierarchy-aware supervision without changing the
underlying child semantic representation.

Hierarchical masks naturally contain overlapping labels. For ex-
ample, a child Gaussian assigned to a part region also belongs to its
parent object. Directly applying single-label supervision to over-
lapping parent and part masks would introduce conflicting targets.
We therefore convert hierarchical annotations into a residualized
leaf label space. Let a be a parent class and Ch(a) be its annotated
subclasses or part classes. Given a parent mask M, and subclass
masks { M} jcch(a), We define a residual parent leaf:

Masr:lf = .Ma \ U M] (22)
JECh(a)

Each subclass mask is clipped by its parent region, and the result-
ing leaf masks are made mutually exclusive. The primary classifier
C is trained in this non-overlapping leaf label space. Thus, the child
pseudo labels used in child-level supervision are residual leaf la-
bels. Parent-level predictions can be recovered by aggregating de-
scendant leaf probabilities:

=Y np, (23)
{eDesc(a)

where a is a parent class, Desc(a) denotes its descendant leaf labels,
and Py is the predicted probability of leaf label ¢ for a child or a
rendered pixel.

To explicitly encode the hierarchy, we introduce hierarchy-
aware constraints on supervised child predictions. For a hierarchy-
supervised child r = (i,k) € Qy, let y, and ®, be its residual leaf
label and pseudo-label confidence, and let A, contain its annotated
ancestors with at least two residual descendants. For a € A, define
plese — Y¢eDesc(a) Pre- The ancestor consistency loss Lanc encour-
ages a child assigned to a leaf label to place probability mass within

the descendant leaf set of its ancestor.

¥ o ¥ log(Ps< 1o

reQy, acA,

Y, oA

refy

l:anc = -

(24)

The sibling discrimination loss L, separates the target leaf within
each ancestor’s descendant set:

Py,
¥ or ¥ log 1
ra

rEQh uEAr

Y, oA

reQy

Lgp = —

(25)

In addition, we attach a lightweight ancestor multi-label head
to the child semantic embedding. This head predicts parent-class
memberships with sigmoid outputs and is supervised by the an-
cestors of the child leaf label. Let H denote this head and t2"° the
multi-hot ancestor-membership target over the parent-class vocab-
ulary. Its confidence-weighted loss is

Y o, BCE(c(H(e)) ")
reQy,

Limi = (26)
L o
reQy
The final objective with hierarchical supervision is
L= ['main + AancLanc + }"sibﬁsib + }\'hml['hml' 27

For datasets without hierarchical annotations, the residualized leaf
conversion, hierarchy-related losses, and ancestor multi-label head
are omitted. Thus, hierarchy-aware learning is a lightweight exten-
sion of the proposed semantic Scaffold-GS pipeline rather than a
separate model.

5. Experiments
5.1. Settings

Datasets and metrics. We evaluate our method on open-world 3D
object segmentation and hierarchical object-part segmentation. For
LERF, we use two object-mask settings, both evaluated in a query-
specific manner with the Gaussian Grouping-style evaluation script
and a fixed binarization threshold, and report mean IoU (mloU)
and Boundary IoU (BloU); mBlIoU denotes the mean BloU across
evaluated queries.

LERF-Mask is the public benchmark introduced by Gaussian
Grouping [YDYK?24], which provides held-out novel-view object
masks for query-specific evaluation. It is evaluated strictly under
the public Gaussian Grouping protocol: we use the public test-view
object masks and the Gaussian Grouping evaluation script with-
out modifying test annotations. The small number of evaluation
views follows the public LERF-Mask protocol of Gaussian Group-
ing, where each scene contains 2—4 annotated novel test views.

LERF-Obj is our SAM3-assisted auxiliary setting built on three
commonly used LERF scenes: figurines, ramen, and teatime.
LERF-Obj follows the scene and query organization of LERF-
Mask, using the same held-out evaluation views and object-
query granularity where applicable. It is evaluated with the same

© 2026 The Author(s).
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Prompt: Gaussian Grouping
Red toy chair

PCA Feature Visualization
(Ours)

Masks Rendering

Masks Rendering PCA Feature Visualization
(Ours) (Ours)

Figure 3: LERF qualitative comparison with Gaussian Grouping. ChildSplat produces localized object responses and coherent rendered

semantic features.

Gaussian Grouping-style evaluation script, fixed thresholding rule,
mloU, and boundary IoU metrics as LERF-Mask. The difference is
that LERF-Obj uses newly generated SAM3-assisted training-view
object masks and object groups, and is therefore intended as an
auxiliary analysis of mask-driven 3D grouping rather than a pub-
lic benchmark setting. For LERF-Obj, we use SAM3 [CGH*25],
which supports mask extraction with text prompts, to obtain ob-
ject masks on selected training views, and associate them across
views with a SAM-based tracking pipeline. Object names are used
as semantic prompts, and only training-view masks are used for se-
mantic learning. Held-out evaluation masks are never used for mask
extraction, association, optimization, threshold tuning, or model se-
lection; we will release the LERF-Obj prompts, selected training
views, masks, and association metadata.

3D-OVS benchmark. We evaluate on the standard five scenes:
bed, bench, room, sofa, and lawn [LLZZ*23]. We follow the standard
scene split and class list, and report per-scene mloU and the overall
score. Official test-view annotations are used only for evaluation
and are never used for training, prompt selection, mask filtering,
threshold tuning, pseudo-label generation, or model selection. For
our method, 2D supervision is generated only on training views.
We use the official class names as text prompts to SAM3 [CGH*25]
to obtain class-specific seed masks, without point or box prompts.

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.

Each seed mask is propagated to other training views with SAM
mask prompts, producing multi-view masks for the same text-
defined object class. Empty or invalid propagated masks are treated
as unlabeled pixels rather than being manually corrected. The re-
sulting training masks are fixed before semantic optimization and
are used for both rendered 2D supervision and child-level pseudo-
label generation.

3D-OVS comparison protocol. Following prior open-vocabulary
3D segmentation benchmarks, 3D-OVS comparisons are made un-
der the same official test annotations and mloU metric. The train-
ing masks, 2D priors, prompt strategies, and semantic supervision
are method-specific components of each complete pipeline. There-
fore, literature-reported baseline results should be interpreted as
standard-test comparisons of complete systems rather than same-
mask controlled comparisons. When reproduced results are un-
available, we use the numbers reported in the corresponding papers.

Implementation details. All experiments are conducted on
NVIDIA RTX 3090 GPUs. For each scene, we first train or load
a Scaffold-GS model for RGB reconstruction and freeze its geom-
etry and appearance parameters. We then optimize only the seman-
tic branch for 30k iterations. The semantic embedding dimension
is 16, and each anchor spawns 10 child Gaussians following the
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Prompt: “Pirate hat”

Prompt: “Plate”

Figurines

Ramen

Teatime

RGB LangSplat

-

Prompt: “Bear nose”

Gaussian Grouping Ours

Ground Ttuth

Figure 4: Query-specific object mask rendering on LERF.

Table 2: Statistics of LERF-Obj.

Scene Masked Train Views Object Groups Eval Views

figurines 292 22 4
ramen 131 11 3
teatime 177 10 2

pretrained Scaffold-GS configuration. The child refinement MLP
takes child offsets, scaled offsets, world positions, and slot indices
as input, with a hidden dimension of 64. All variants use the same
linear classifier on top of the rendered 16-D semantic embedding.
For LERF mask evaluation, rendered object score maps are saved
as grayscale prediction maps, and binary masks are obtained by
the Gaussian Grouping evaluator using a fixed intensity threshold
of 128. We report mloU and mBloU [CGD*21] computed by this
script. Unless otherwise specified, all experiments use the same im-
plementation constants. The anchor warm-up lasts 3k iterations, af-
ter which B; is ramped from 0 to 1 during child refinement. For
multi-view ownership, we set the ratio threshold to Tmy = 0.6 and
the minimum supporting views to Vipin, = 2. For projected child
labels, we use the visible contribution threshold Top = 10~ and
the projected support threshold Tp,; = 0.5. The rendered 2D loss
has weight Ayp = 1.0, the global child loss weight is Acpiig = 1.0,
the child-level loss weights are (Aproj, Amv,Actr) = (0.2,0.2,0.1),
and the contrastive temperature is 7 = 0.03. All scenes use the
same (Amv, Tmv, Vinin, I') = (0.2,0.6,2,0.03) configuration without
scene-specific tuning; the corresponding sensitivity results are re-
ported in the supplementary material. These constants are fixed
across scenes and compared variants unless explicitly ablated.

5.2. Results on LERF

We report results on both the public LERF-Mask benchmark and
our SAM3-assisted LERF-Obj setting described above.

Quantitative Results. Table 3 reports the LERF object-mask eval-
uation. On the public LERF-Mask benchmark, ChildSplat achieves
competitive performance among the compared methods, obtaining
80.2 mlIoU and 76.4 mBIoU under the Gaussian Grouping evalu-
ation script. We also report LERF-Obj as a SAM3-assisted auxil-
iary analysis of mask-driven 3D grouping under denser training-
view object masks. Although LERF-Obj uses the same Gaussian
Grouping-style held-out-view evaluator, its training masks and ob-
ject groups are newly constructed, so it is not intended as a direct
public-benchmark comparison with prior methods.

Visualization Results. Figures 3 and 4 visualize rendered seman-
tic features and query-specific masks on LERF. ChildSplat pro-
duces spatially coherent feature structures, compact query activa-
tions, and masks that align well with object boundaries, indicating
view-consistent 3D semantic learning from 2D mask supervision.

Editing Handles. For the local editing examples in Figure 1, we
use the learned 3D semantic groups as object-selection handles
and follow the Gaussian Grouping editing protocol [YDYK24]:
selected regions are rendered to training views, inpainted with
LaMa [SLM*21], and lifted back to the 3D Gaussian representa-
tion. This editing pipeline is used only to demonstrate the utility of
the learned semantic groups and is not a separate contribution of
our method.

Efficiency, storage, and training cost. We further compare run-
time, memory usage, and semantic storage on the LERF-Obj fig-
urines scene using NVIDIA RTX 3090 GPUs. Across the three

© 2026 The Author(s).
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Table 3: LERF object-mask evaluation. LERF-Mask follows the public Gaussian Grouping benchmark protocol. LERF-Obj is a SAM3-
assisted diagnostic setting that uses new training masks while retaining the LERF-Mask held-out views and evaluation protocol and is
reported only as an auxiliary analysis. Best public-benchmark results on LERF-Mask are bolded. *: reproduced result.

Method Figurines Ramen Teatime Average
mloU mBIoU mloU mBIoU mloU mBIoU mloU mBIoU
NeRF-based
LERF [KKG*23] 33.5 30.6 28.3 14.7 49.7 42.6 37.2 29.3
3D-OVS [LZZ*23] 448 - 28.7 — 56.1 — 43.2 —
Laser [MDB*25] 63.5 - 44.6 - 62.4 - 56.8 -
OmniSeg3D-NeRF* [YYZ*23] 40.2 27.6 29.2 17.6 42.1 40.2 37.2 28.5
Open3DRF-NeRF [LYB*25] - - - - - - 46.4 45.4
3DGS-based

OmniSeg3D-GS* [YYZ*23] 36.4 27.2 28.6 14.7 44.9 43.1 36.6 28.3
OpenGaussian [WML*24] 39.3 - 31.0 - 60.4 - 43.6 -
Open3DRF-GS [LYB*25] — - - - - - 44 .4 44.6
SuperGSeg [LWL*26] 43.7 60.7 18.1 23.9 55.3 78.0 39.0 54.2
LangSplat [QLZ*24] 447 41.9 51.2 48.8 65.1 60.8 53.7 50.5
Gaussian Grouping [YDYK?24] 69.7 67.9 77.0 68.7 71.7 66.1 72.8 67.6
Hi-LSplat [ZZWW26] 71.5 69.3 78.8 72.6 73.7 67.3 74.7 69.7
ILGS [JK25] 75.9 73.8 84.3 75.5 81.2 78.8 80.5 76.0
Unified-Lift [ZQL*25] - - - - - - 80.9 77.1
Gaga [LLK*24] 92.3 90.8 72.0 63.3 71.2 68.4 78.5 74.2
Ours, LERF-Mask 79.0 78.5 84.4 75.6 77.2 75.1 80.2 76.4
Ours, LERF-Obj 94.3 93.2 89.7 82.6 95.9 95.5 93.3 90.4

LangSplat

Gaussian Grouping

Ours

Figure 5: Multi-view semantic segmentation on 3D-OVS.

Ground Truth

scenes, Scaffold-GS reconstruction takes 19.4-20.5 minutes, 30k-
iteration semantic optimization takes 41.2—-64.8 minutes, and peak
training memory is 18.3-19.6 GiB on the same GPU. These times
exclude external SAM3 mask generation and propagation; com-
plete per-scene measurements are provided in the supplementary
material. Table 5 separates full semantic inference from cached
interactive querying. The initial full semantic inference remains
slower than the compared baselines and is a limitation, although
ChildSplat uses lower inference memory and more compact se-
mantic storage. After caching predicted child labels once per scene
without using ground-truth labels, query-specific masks render at
5.17 ms per view. The cached-query mode stores additional pre-
dicted child labels, increasing semantic storage from 26.26 MB to

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.

48.87 MB, while still remaining more compact than LangSplat and
Gaussian Grouping in Table 5.

5.3. Results on 3D-OVS

Quantitative Results. Table 4 compares ChildSplat with prior
NeRF-based and 3DGS-based open-vocabulary 3D segmentation
systems on 3D-OVS [LZZ*23]. All methods are compared on the
standard official test annotations with the mloU metric. Follow-
ing prior work, baseline numbers are taken from the correspond-
ing papers when reproduced results are unavailable. Because train-
ing masks, 2D priors, prompt strategies, and semantic supervision
are method-specific, the table should be interpreted as a standard-
test comparison of complete systems rather than a same-mask con-
trolled comparison.
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Table 4: Semantic segmentation results on the standard 3D-OVS
benchmark [LZZ*23]. All methods are evaluated on the official test
annotations using the mloU metric. Baseline numbers are taken
from their original papers when reproduced results are unavail-
able. The table compares complete open-vocabulary 3D segmen-
tation systems under the standard 3D-OVS evaluation protocol. *:
reproduced result.

Semantic Segmentation (mIoU)

Method
Bed Bench Room Sofa Lawn Overall

NeRF-based

LERF [KKG*23] 73.5 532 46.6 27.0 737 548
Open3DRF-NeRF [LYB*25] - - - - - 71.5
3D-OVS [LZZ*23] 89.5 893 928 740 882 86.8
OmniSeg3D-NeRF* [YYZ*23] 91.6 92.1 914 812 89.6 89.2
Laser [MDB*25] 914 883 859 86.0 885 83.1
3DGS-based

LEGaussians [SWDG24] 56.8 289 572 52,6 441 479
OmniSeg3D-GS* [YYZ*23] 919 90.1 914 78.6 903 885
Open3DRF [LYB*25] - - - - - 71.5
FMGS [ZSZ*25] 80.6 845 879 90.8 926 873
Gaussian Grouping [YDYK24] 97.3 737 79.0 68.1 96.5 829
CGC [SDTDB24] 952 96.1 86.8 67.5 91.8 875
FastLGS [JZT*25] 947 951 953 90.6 939 939
LangSplat [QLZ*24] 925 942 941 90.0 96.1 934
Hi-LSplat [ZZWW26] 959 973 96.7 928 97.6 96.1
ILGS [JK25] 964 955 93.6 922 942 944
Ours 97.6 968 97.2 953 97.7 969

Table 5: Efficiency comparison on Figurines. Full rows use full se-
mantic inference; the cached-query row uses predicted child-label
caching after training.

Method / Mode Time Inf. Mem. Sem. Storage  Cache
LangSplat full 19.66 ms  3.71 GB 63.60 MB No
Gaussian Grouping full 10.87ms  4.21 GB 139.97 MB No
ChildSplat full 3528 ms  1.58 GB 26.26 MB No
ChildSplat cached query ~ 5.17 ms 2.87 GB 48.87 MB Yes

Langsplat

Figure 6: Query-specific segmentation results on 3D-OVS.

5.4. Ablation Study

We conduct controlled ablations on the LERF-Obj figurines scene
to analyze where the gain of ChildSplat comes from. All variants
use the same frozen Scaffold-GS reconstruction, training masks,
query objects, and held-out evaluation views. These controlled
variants are intended to isolate the effect of the proposed anchor-
child semantic design under identical 2D supervision. We focus on

H. Dang et al. / ChildSplat: Anchor-Child Semantic Gaussian Representation for 3D Object Segmentation

Table 6: Ablation of child-level semantic ownership on LERF-Obj
figurines.

Pseudo-label Weighted Pseudo-label

Variant 2D mloU 1 Agreement 1 Agreement 1 Child-render mloU 1
Anchor-only 94.4 57.7 57.8 62.4
Child residual, 2D only 95.4 65.0 65.2 68.0
Full (local cues only) 95.1 71.5 71.7 72.0
Full 93.7 89.1 89.1 72.6

whether the model learns correct semantic ownership at the child-
Gaussian level, since rendered 2D mask quality alone can hide er-
rors in the underlying 3D semantic assignment.

Child-level semantic ownership. Table 6 compares four variants.
Anchor-only disables child refinement, so all children inherit the
parent anchor semantics. Child residual, 2D only enables the child
residual branch but trains it only through rendered 2D supervision.
Full (local cues only) adds the multi-view child-level losses but
removes the normalized child world position and slot index from
the child refinement input. Full uses the complete geometry-aware
child refinement and child-level supervision.

In addition to rendered 2D mloU, we report direct child-level
metrics. Pseudo-label Agreement and its confidence-weighted vari-
ant measure consistency with training-derived multi-view child
pseudo labels rather than accuracy against independent 3D ground
truth. We additionally report Child-render mloU: for each query,
children predicted with confidence above 0.95 are rendered alone
on held-out views, their accumulated alpha is thresholded at 0.5,
and the resulting masks are compared with held-out object masks.
This metric evaluates whether the predicted child assignments
recover object support without relying on the shared rendered-
embedding classifier.

The results show that rendered 2D mloU alone does not fully
reflect 3D semantic quality. The 2D-only child residual variant
achieves the highest rendered 2D mloU (95.4), but its two agree-
ment scores (65.0/65.2) and Child-render mIoU (68.0) remain sub-
stantially lower. The full model reduces rendered 2D mloU to 93.7
while increasing these metrics to 89.1/89.1 and 72.6, respectively.
This trade-off arises because alpha compositing can reproduce ac-
curate 2D masks even when overlapping children have incorrect
semantic assignments. The projected and multi-view losses instead
favor reliable child ownership, which is important for child selec-
tion, editing, and view-consistent object queries.

Effect of two-stage optimization. We further ablate when child
refinement and child-level losses are enabled. As shown in Table 7,
activating child refinement from the beginning is less stable be-
cause the anchor semantic scaffold has not yet formed a coher-
ent semantic space. A short warm-up improves the result, while
an overly long warm-up delays local correction and reduces final
mask quality. Starting child refinement after a 3k-iteration anchor
warm-up gives the best result among these settings, supporting the
proposed two-stage optimization.

5.5. Hierarchical Query Extension

We further evaluate whether ChildSplat can support object-part
queries within the same 3D representation. On the 3D-OVS sofa

© 2026 The Author(s).
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Table 7: Ablation of the child-refinement start iteration.

Training strategy Child start iter. ~ mloU 1
No anchor warm-up 0 87.94
Short anchor warm-up 200 92.30
Ours two-stage 3000 93.50
Long anchor warm-up 10000 90.63

Child residual
2D only

Anchor-only

Full(local cues only) Full

Figure 7: Qualitative ablation of selected semantic children on
LERF-Obj.

scene, we construct SAM3-assisted annotations for parent objects
and parts, such as Pikachu, Pikachu’s eyes, Pikachu’s fork, and
Xbox controller buttons. Since parent and part masks overlap,
we residualize them into non-overlapping leaf regions for seman-
tic optimization and add hierarchy-aware supervision for parent-
part membership. For evaluation, we split the 28 sofa views into
23 training views and five annotated held-out views; the held-out
views are excluded from mask propagation, pseudo-label genera-
tion, semantic optimization, threshold tuning, and model selection.
For the hierarchy-aware experiments, we set Aanc = Agip = Apml =
0.1. We report fixed 30k-iteration checkpoints and evaluate parent
mloU, part mloU, part boundary IoU, and hierarchical consistency.
This analysis is intended as a controlled validation of the hierarchy-
aware extension rather than a full hierarchical segmentation bench-
mark.

Table 8 shows that full hierarchy improves parent and part
mloU over residualized leaves, while residual-only training yields
higher part boundary IoU. This suggests that the current hierarchy
losses mainly improve parent-part organization rather than bound-
ary sharpness.

Figure 8 shows that ChildSplat can render fine-grained part
queries, such as eyes, accessories, and buttons, from the same se-
mantic field used for object-level segmentation. The PCA visualiza-
tion further indicates coherent object-part structures in the learned
embedding space.

6. Conclusion

We presented ChildSplat, a mask-supervised semantic extension
of Scaffold-GS that combines compact anchor-level context with
child-specific semantic refinement and ownership supervision. Ex-
periments on LERF and 3D-OVS demonstrate effective and com-
pact 3D semantic grouping, while controlled ablations validate the
benefit of child-level modeling. The same representation also sup-
ports preliminary hierarchical object-part queries when hierarchical
annotations are available. Current limitations include dependence
on reconstruction and 2D mask quality, semantic inference over-
head, and limited evaluation of hierarchy-aware segmentation.

© 2026 The Author(s).
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Table 8: Quantitative analysis of hierarchical queries on the 3D-
OVS sofa scene. Parent mloU uses descendant-aggregated parent
predictions; Part mloU and Part BloU evaluate fine-grained part
queries;, HCons measures the fraction of predicted part pixels con-
tained in the corresponding parent prediction. Higher is better.

Variant Parent mloU 1 Part mloU T Part BloU1 HCons 1
Residual leaves only 93.68 84.38 63.81 100.00
Full hierarchy 95.18 86.05 58.13 99.98

Prompt: Prompt: Prompt: PCA Feature

Pikachu’s eyes Pikachu’s fork Xbox controller buttons Visualization

Figure 8: Part-level query rendering on the 3D-OVS sofa scene.
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