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Abstract. 3D representations are fundamental for scene rendering, un-
derstanding, and interaction. Approaches like Neural Radiation Fields
and 3D Gaussian Splatting achieve impressive photorealistic novel-view
synthesis, but lack the ability to easily decompose scene elements into
object level, requiring additional segmentation or grouping. We present
MLP-Splatting, a method that enables scene decomposition via a few
expressive light-field primitives while providing photorealistic novel-view
synthesis.
MLP-Splatting models each primitive as an independent compact MLP
with localized spatial support that predicts radiance and opacity. In con-
trast to low-level Gaussian primitives or a single global radiance field,
our neural primitives provide greater expressive capacity while remain-
ing spatially localized. Rendering is performed through efficient sparse
volumetric compositing over ray–primitive interactions.
Our primitives are supervised using RGB supervision alone, which yields
primitives that represent local scene regions often corresponding to ob-
jects or object parts, enabling interactive object-level editing without
segmentation masks by selecting a handful of primitives. Our method,
augmented with optional semantic feature distillation, enables open-
vocabulary scene interaction and open-set instant segmentation. Com-
pared to state-of-the-art semantic 3DGS methods, we achieve substan-
tially lower memory usage (1/7×) and faster rendering (5×).
Project Page: https://shinjeongkim.com/mlp-splatting
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1 Introduction

Reconstructing a 3D scene remains a fundamental and enduring problem in com-
puter vision, closely tied to the scene representation. Different application goals
have led to diverse primitives, ranging from discrete point clouds featuring ease
of obtaining and processing, point-based primitives such as 3D Gaussian Splat-
ting (3DGS) [12] for editability, mesh representations [20] tailored for watertight
modeling and physical simulation, and neural radiance fields (NeRF) [25] for
photorealistic novel-view synthesis.
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Fig. 1: MLP-Splatting Overview. (a) Example group of learned primitives correspond-
ing to object or object parts, and the rendered scene. (b) Conceptual comparison of 3D
scene representations along neurality, atomicity, and semantic awareness. Our method
combines the expressiveness of neural fields with the atomicity of primitives, enabling
representations that better align with semantic structure.

From another perspective, scene representations differ fundamentally in the
level of abstraction of their primitives. Although many existing representations
operate at the level of low-level geometric or radiometric elements, a natural
question arises: should higher-level entities, such as objects or object parts, serve
as the basic functional units of the representation?

In this work, we revisit this question from an object-level perspective. Most
existing scene representations are not inherently object-centric: their basic primi-
tives correspond to low-level geometric [5,9,12,20,23] or radiometric elements [25,
26], while objects emerge only as derived groupings or semantic overlays. By
object-centric, we mean that the representation’s fundamental functional units
correspond to objects or meaningful parts of objects.

Although recent advances have begun to incorporate object awareness into
neural scene representations, this awareness is typically introduced by distill-
ing semantic knowledge onto pre-existing representations, such as implicit radi-
ance fields in NeRF-based methods [14, 16, 18, 41] or 3DGS [4, 39, 43]. In both
cases, semantics are imposed on representations originally designed for photo-
metric realism rather than arising from representations whose primitive units
are themselves object- or part-level entities.

Yet we argue that the structure of real scenes itself naturally gives rise to
object- and part-level organization, and that a scene representation can be de-
signed to capture this structure directly. Many object-level properties in 3D
space, such as spatial occupancy, color, and density exhibit strong coherence
within an object, while sharp transitions are concentrated primarily near object
boundaries, despite potentially high intrinsic complexity. We therefore introduce
MLP-Splatting, which assigns independent MLP-based primitives to spatially
significant parts of objects. These primitives collectively form a scene-level radi-
ance field for rendering. Each primitive is continuous and differentiable, shares no
parameters with the others, and in principle has unbounded expressive capacity,
making it well-suited to modeling coherent object-level structure.
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To showcase this object-centric property more clearly, we optionally augment
the representation with semantic guidance through feature distillation [16, 43].
This allows the learned primitives and their associated embeddings to support
tasks such as segmentation and language-guided editing. With this supervision,
MLP-Splatting achieves semantic metrics comparable to Feature-3DGS [43], de-
spite exhibiting orders-of-magnitude differences in model memory due to the
nature of the representation. We further analyze the theoretical memory bound
required to reach the same photometric error.

In summary, our contributions are fourfold:

1. Object-centric neural scene representation. We introduce MLP-Splatting, a
neural scene representation in which each primitive is modeled as an inde-
pendent perceptron. This formulation treats objects or parts of objects as
the fundamental functional units of the representation.

2. Emergent object-level structure. Under pure RGB supervision, primitives
naturally specialize to coherent scene regions, enabling object-level editing
without segmentation. With feature distillation, we achieve state-of-the-
art rendering quality and competitive semantics in the Replica [34] and Scan-
Net [6] datasets.

3. Efficient neural-primitive rendering. Our scene paradigm and efficient tile-
based compositing pipeline enable real-time rendering at ∼10 FPS (vs. ∼2
FPS in [43]) with only 120 MB of memory (vs. 880 MB in [43]) on average.

4. Theoretical capacity analysis. We derive the Equal-Quality Memory Law,
showing that achieving the same pixel error requires Ω(ε−2) parameters for
Gaussian splatting but only Θ(ε−3/s) for MLP-Splatting, where s is the local
smoothness order of the scenes.

2 Related Work

2.1 3D Scene Representations

NeRFs [25] represent a scene as a continuous function that maps 3D positions
and viewing directions to densities and radiance, optimized by differentiating
the volumetric rendering of posed images. A large body of work has since im-
proved the fidelity–efficiency trade-off [1, 3, 7, 26, 31] and broadened the oper-
ating regime [2, 24]. Instant-NGP [26, 35] introduces multiresolution hash en-
codings and fused CUDA kernels to accelerate training and inference drasti-
cally. For large, unbounded outdoor captures, mip-NeRF 360 [2] addresses alias-
ing and scale imbalance via cone-based integration and scene parameterization,
while Zip-NeRF [3] further improves anti-aliasing by combining rendering/signal-
processing ideas with grid-based representations.

In parallel, methods based on optimizable explicit primitives, such as 3D/2D
Gaussian Splatting [11, 12], ellipsoid rendering [23, 44], polyhedral element ren-
dering [8, 9, 22], etc., replace dense ray marching on a volumetric neural field
with a fast visibility-aware rasterization or efficient closed-form volumetric ren-
dering on a set of independently-optimizable unit geometric primitives, achieving
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high-quality real-time rendering. Our work seeks to combine the representational
flexibility of neural fields with the computational efficiency of splatting-style
pipelines, while pursuing a distinct representational goal: making object- and
part-level structure emerge naturally from the scene representation.

2.2 Object-level Scene Representations

A growing line of research seeks representations that explicitly expose objects
for editing, tracking, and compositional reasoning. iLabel [42] revealed that a
single MLP trained for scene representation automatically has a certain level of
object awareness, such that 2D semantic masks can be predicted by a very small
number of interactive annotations. Various works have explored object-centric
scene representations that model a scene as a composition of per-object compo-
nents [10, 17, 27, 36, 37]. Such decomposition enables object-level manipulations
such as re-arrangement, relighting, editable rendering, and tracking [10].

Within radiance-field methods, object-compositional formulations introduce
an explicit object branch, often conditioned on learnable codes, to support ed-
itable scene rendering [37], while real-time object-level mapping methods model
each instance with a separate compact neural field to build object-level neural 3D
scene representations online [17]. In Panoptic Neural Fields [18], dynamic scenes
are decomposed into object instances, each of which is represented by an MLP,
and background regions, which are modeled separately. [18] relies on external
pose estimation, tracking, and 2D panoptic predictions as pseudo-supervision.

For 3DGS, most extensions remain Gaussian-centric, with object-level struc-
ture introduced through grouping or auxiliary embeddings attached to individual
Gaussians. Gaussian Grouping [39], for example, learns per-Gaussian-grouping
features guided by multiview mask predictions from a promptable segmenta-
tion model such as SAM [15], allowing open-world 3D segmentation and editing.
These works demonstrate the value of object awareness; however, object-level
entities are typically recovered through supervision, clustering, or auxiliary fea-
ture fields rather than serving as intrinsic functional primitives. By contrast,
our approach explicitly treats objects and parts as independent functional units,
each learned by a compact MLP, and composes these local models to render the
scene.

2.3 Open World Semantic Understanding

Open-world semantics aims to recognize and localize concepts beyond a fixed
label set, often by leveraging vision and vision-language foundation models.
CLIP [30] provides a shared vision-language embedding space that supports zero-
shot recognition and retrieval via text prompts. Promptable segmentation mod-
els such as SAM [15] enable class-agnostic mask generation at scale, while open-
set object detectors such as Grounding DINO [19] perform phrase grounding
and text-conditioned detection by integrating language into transformer-based
detection. Prompt-based segmentation methods such as CLIPSeg [21] further
bridge text or image prompts to pixel-level masks.
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Fig. 2: Procedure of MLP-Splatting pipeline. (Left) For each tile, sorting for MLPs is
performed per tile, based on the depth calculated with respect to a virtual ray passing
through the center of the tile; only MLPs for which the support region is splatted to the
image plane that overlap with the tile are considered. (Center) Based on the sorted
order, we perform the MLP weight loading and forward pass cooperatively per GPU
thread block responsible for every pixel in the tile to obtain the color and density.
(Right) Once finishing the MLP forward pass, the tile’s threads proceed to alpha
blend and move to the next MLP.

Recent work has brought open-vocabulary, open-set, and prompt-driven se-
mantics into 3D and neural rendering by lifting foundation-model signals into 3D-
consistent fields. OpenScene [28] predicts dense 3D features aligned with text and
image embeddings to support open-vocabulary 3D understanding. LERF [13]
embeds language features into radiance fields by supervising multi-view-consistent
CLIP embeddings along rays, enabling open-ended language queries in 3D. GAR-
Field [14] learns hierarchical 3D groups from SAM masks for open-ended and
interactive scene-level grouping. In the Gaussian-splatting family, LangSplat [29]
constructs a 3D language field over Gaussians to support efficient open-vocabulary
querying. Unlike these methods, we represent scenes with independent MLPs,
each designed to represent an object or part of it, so semantics attach directly
to the representation’s native granularity.

3 MLP-Splatting

We represent a scene as a collection of independent primitives, each modeled
by a compact MLP that predicts radiance and opacity within a local region.
Altogether, these primitives form a piecewise-continuous approximation of the
light-field. Given a camera ray, rendering reduces to evaluating the interaction
between the ray and primitives in the vicinity, followed by standard volumetric
compositing.

3.1 Neural Primitive Representation

Each primitive i is parameterized by a center µi ∈ R3, a scale vector si ∈ R3,
and a rotation represented by a unit quaternion qi ∈ S3, where S3 denotes the
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unit 3-sphere in R4. The scale and rotation together define an anisotropic Gaus-
sian support region that models a soft spatial boundary in R3. Associated with
each primitive is an independent neural function fi(·; θi) mapping a 6D input
to (ci, σi), where ci ∈ [0, 1]3 denotes RGB radiance and σi ≥ 0 denotes opac-
ity density. No parameters are shared across primitives, allowing discontinuities
between objects while preserving intra-object continuity.

3.2 Ray Modeling and Interaction with Primitives

Let a camera ray be defined as r(t) = o+ td, where o is the origin and d is the
normalized direction. For the primitive i, we compute an optimal soft contact
point by minimizing a Gaussian-weighted distance from the ray to the primitive
center:

t⋆i = argmin
t≥0

∥∥o+ td− µi

∥∥2
Λi

, (1)

where Λi = R(qi) diag(s
2
ix, s

2
iy, s

2
iz)

−1 R(qi)
⊤ ∈ R3×3 (R(·) is a rotation matrix

of a given quaternion) is a positive definite matrix induced by the primitive’s
anisotropic Gaussian support. This objective admits a closed-form solution:

t⋆i = max

(
0,

d⊤Λi(µi − o)

d⊤Λid

)
, p⋆

i = o+ t⋆id. (2)

We define the residual vector from the soft contact point to the primitive center
as:

δi = µi − p⋆
i , (3)

which, together with the ray direction, establishes a one-to-one mapping between
viewing configuration and primitive-local spatial interaction. The 6D geometric
input to the primitive MLP is constructed as:

xi = [d ; δi] ∈ R6, (4)

coupling directional dependence (viewing direction) with local geometric context
at the contact location. This directly connects our formulation to the light-field
parameterization, in which radiance depends jointly on viewing direction and
spatial location, expressed here in primitive-centered coordinates.

To enhance high-frequency expressivity, we apply multi-resolution positional
encoding to each scalar component of xi. For a scalar p, the encoding is defined
as:

γ(p) =
(
sin(20πp), cos(20πp), . . . , sin(2L−1πp), cos(2L−1πp)

)
, (5)

and extended component-wise to vectors. The encoded feature γ(xi) is then used
as the actual input to the primitive MLP.

The primitive predicts raw outputs (c̃i, σ̃i) = fi(γ(xi)), which are mapped to
valid ranges via ci = sigmoid(c̃i) and σi = softplus(σ̃i). To enforce spatial local-
ity, opacity is further modulated by a Gaussian falloff induced by the primitive’s
anisotropic support.
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3.3 Rendering and Compositing

Sorting by Eq. (2) leads to a geometrically correct order of primitives, requiring
the thread responsible for each pixel to independently sort all primitives whose
support region splatted to the image plane intersect the ray for the pixel. As an
alternative for efficiency (see Fig.2), we can sort with a t∗i,c obtained by solving
Eq. (1) with dc, which is a virtual ray direction passing through the center of the
tile the pixel belongs to. The pixel plane is divided into square tiles, as in [12].

For a ray intersecting N primitives sorted by increasing t⋆i , the rendered color
is computed by front-to-back compositing:

C =

N∑
i=1

Tiαici, (6)

with αi = 1−exp(−σiℓi), Ti = exp
(
−
∑i−1

j=1 σjℓj

)
, where ℓi denotes the effective

integration length associated with the i-th ray–primitive interaction.
This formulation resembles not only alpha blending of 3DGS, but also the

discrete approximation of the volume rendering integral used in NeRF, while
replacing dense sampling with sparse per-primitive interactions.

To enable efficient full-resolution rendering, primitives are rasterized into
screen-space tiles using conservative overlap tests based on their projected sup-
port regions. Within each tile, only spatially relevant primitives are evaluated,
allowing scalable rendering without global ray marching.

3.4 Feature Embedding

We attach semantic features to each primitive using the same ray–primitive
interaction used for radiance. Let δi = µi−p⋆

i and ui = clip[−1,1]3
(
R(qi)

⊤δi⊘si
)

be the scale-normalized local offset. This local offset enables regions with similar
appearance but different local orientation to be separated in the semantic space,
as follows:

gik = softmaxk
(
a⊤k ui

)
, fi =

4∑
k=1

gikeik, (7)

where eik ∈ RCf are learnable slot embeddings, and ak are directional condi-
tioning defined by a canonical tetrahedral frame A = {ak}4k=1 ⊂ S2. This is the
minimal affinely independent basis in 3D and yields an isotropic angular parti-
tion. This per-primitive feature embedding is rendered with the same volumetric
weights as color: F =

∑N
i=1 Tiαi fi.

3.5 Optimization

Given ground-truth image I with color channels C∗, we supervise rendered colors
C using a photometric objective,

Lrgb = (1− λ) ∥C−C∗∥1 + λ
(
1− SSIM(C,C∗)

)
, (8)
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Fig. 3: Interactive scene editing demonstrations. Row (a) and (b) show object scaling
and deletion demonstrated on a bonsai tree and a candle. Leftmost column of row (c)
and (d) shows exclusion and isolation of the candle. Rest parts of the row (c) and (d)
show color editing and rigid body transformations applied to the bonsai tree’s and the
rolling pin’s primitives, and how they are rendered from the new location.

which balances per-pixel fidelity and structural similarity [12]. When jointly
training semantics, we align the rendered feature map with the latent embedding
from a vision foundation model:

L = Lrgb + Lf , Lf = ∥F− Ft∥1 , (9)

where Ft denotes the teacher latent embedding of image I.
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4 Experiments

4.1 Implementation Details

The 6D input is positional encoded into a 72-dimensional feature vector. Each
MLP architecture is 72–32–32–4, producing RGB color and raw density. The
feature embedding has a dimension of 512, and its rendered feature is directly
guided by 2D semantic features. We implement a custom tile-based CUDA ren-
derer with a 8× 8 tile size, which is critical for efficient rendering. For each tile,
we first perform an AABB–tile-frustum intersection test to identify candidate
primitives, and then apply a block-level radix sort using their depths along a
representative virtual ray passing through the tile center. This virtual ray is
used only to determine the primitive ordering within the tile and is independent
of actual per-pixel rendering rays.

We initialize the MLP primitives using an octree-based sampling of the
COLMAP [32] point cloud, ensuring sufficient spatial coverage and geometric
fidelity. During training, the primitives in the vicinity naturally compete with
each other: some specialize in representing parts of objects, while others gradu-
ally vanish as their scale and opacity approach zero. Exploiting this property to
keep the proposed method simple to analyze, no explicit density control mecha-
nism is employed.

Optimization is done via the Adam optimizer [40] with learning rates of 10−2

for log-scales, 10−4 for positions, and 10−3 for all other parameters. The model
is trained for 60,000 iterations with a single NVIDIA RTX 6000 Ada GPU.
All evaluations are conducted on an NVIDIA RTX 4090 GPU, following the
evaluation setting of [43].

Evaluation metrics. We report two groups of metrics following the Replica proto-
col of Feature-3DGS [43]. Photometric quality is evaluated on held-out novel
views using PSNR, SSIM, and LPIPS [12]. Semantic quality is evaluated by
rendering per-pixel semantic predictions and computing mean intersection-over-
union (mIoU) and pixel accuracy: IoUc =

TPc

TPc+FPc+FNc
, mIoU = 1

|C|
∑

c∈C IoUc,
and Acc = 1

|Ω|
∑

p∈Ω 1[ŷp = yp], where C is the evaluated label set and Ω denotes
image pixels.

Baselines. We compare against (i) NeRF-DFF [16], which distills CLIP-LSeg
features into a NeRF-style feature field, and (ii) Feature-3DGS [43], which dis-
tills the same teacher features into 3D Gaussian primitives with an efficient
rasterization pipeline. Both baselines are evaluated on the Replica [34] dataset,
and Feature-3DGS is evaluated on the ScanNet [6] dataset, where sequences are
sampled following [43].

4.2 MLP as an Implicit Primitive for Explicit Representation

Although the primary goal of MLP-Splatting is to construct an object-centric
scene representation, it retains strong photometric rendering performance. De-
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Table 1: Novel-view synthesis evaluation on Replica and ScanNet datasets.

Dataset Replica ScanNet

Metric|Method Feature-3DGS Ours Feature-3DGS Ours
PSNR ↑ 36.18 36.25 23.32 25.35
SSIM ↑ 0.964 0.971 0.817 0.830
LPIPS ↓ 0.079 0.090 0.362 0.403

Table 2: Top-5 object counts per scene. MLP and 3DGS are shown side-by-side for
direct comparison.

Scene floor rug table chair bag wall Total

MLP 3DGS MLP 3DGS MLP 3DGS MLP 3DGS MLP 3DGS MLP 3DGS MLP 3DGS

room0 253 48490 485 21621 511 98197 782 43149 76 17484 - - 2107 228941
room1 91 21525 116 32751 1961 332611 - - 44 10389 428 140025 2640 537301
office3 174 50671 - - 198 24242 290 36867 49 9102 351 62102 1062 182984
office4 171 29803 - - 178 35771 203 49684 38 9425 296 51922 886 176605

spite decomposing the scene into independent neural primitives, the resulting
model achieves faithful view synthesis comparable to scene-centric approaches.

Statistics shown in Tab. 1 illustrate that our formulation preserves high-
frequency appearance details while maintaining spatial coherence across view-
points. Through a comparison of the modeling behaviors of 3DGS and MLP-
Splatting, as illustrated in the second column of Fig. 4, we observe clear differ-
ences. 3DGS employs a large number of Gaussian ellipsoids to represent the fine
structures of the blinds, yet the learned result ultimately collapses into blurry,
coarse regions. In contrast, MLP-Splatting successfully represents each slat with
one or a few elongated MLP primitives, producing the correct striped struc-
ture. This demonstrates that modeling objects as independent functional units
does not compromise photometric fidelity; rather, it offers a structurally aligned
alternative to monolithic scene-wide fields.

We further analyze the joint training of appearance and semantics. In Tab. 2,
we present a side-by-side comparison between MLP-Splatting and Feature-3DGS
in terms of the parameter count required to represent the same object in the same
scene. For each scene, we select the top-5 object groups (covering about 95%
of all primitives), and estimate their counts using a softmax-based threshold
(τ = 0, 15). We observe that MLP-Splatting typically requires fewer than 1%
of the Gaussian ellipsoids required by Feature-3DGS. A single MLP has fewer
parameters than ten semantic Gaussian ellipsoids. This demonstrates an order-
of-magnitude gap in representational capacity.

4.3 Photometry-Driven Interactive Scene Editing

Notably, even when trained solely with RGB supervision, MLP-Splatting ex-
hibits emergent “object-level” structure. Without any segmentation masks, lan-
guage priors, or identity supervision, each primitive naturally specializes to repre-
sent a single object or a coherent part of an object. For example, in the lower-left
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of Fig. 3, the candle object is jointly represented by 11 MLP primitives. They
are largely distributed along the edges of the cylindrical structure. By selecting
these primitives and masking them out, the object can be removed from the
scene.

We attribute this emergent behavior to the inductive bias of our representa-
tion. Since primitives are independent functional predictors with localized spatial
support, optimization favors configurations in which each MLP exclusively mod-
els a coherent and confined subset of the scene. As a result, semantic grouping
naturally emerges from photometric reconstruction alone.

This emergent object-level decomposition enables interactive scene editing
directly at the primitive level with ease. By manipulating or removing selected
primitives, users can edit individual objects without retraining or auxiliary seg-
mentation models. Fig. 3 demonstrates object removal, recoloring, and partial
editing achieved purely through primitive-level operations.

The mathematical implementation is tightly coupled with the MLP primi-
tives. Each primitive has an explicit spatial position and an orientation parame-
terized by a quaternion. Therefore, rigid-body manipulation can be implemented
by applying an SE(3) transformation to the poses of a single primitive or a se-
lected group of primitives, updating their positions and orientations consistently.
Furthermore, object-level scaling can be achieved by modifying the scale param-
eters of primitives.

At a deeper level, we can directly operate on the MLP’s parameters. In
particular, global color and opacity adjustments can be implemented by modi-
fying the bias of the final layer. The color transformations shown in Fig. 3 are
obtained by adding small offsets along target color directions in the last bias
vectors of the MLPs. More fine-grained texture manipulation can be achieved
by post-optimizing the internal MLP parameters, similar to DFF [16].

4.4 Multi-view Consistent 3D Segmentation

As discussed in the previous section, the proposed MLP primitives enable easy
editing on objects, stemming from the property that each learned radiance field
is typically constrained to object boundaries. To better demonstrate this char-
acteristic, arising from the combination of both explicit and implicit scene rep-
resentation properties, we augment our primitives with semantic embeddings
and conduct language-guided editing and segment-anything experiments in the
style of [43]. Through experiments in this section, we show that MLPs can still
effectively preserve fine-grained semantic details despite covering volumes that
are significantly larger than those of conventional primitives.

Language-guided Segmentation We follow the approach of [43], which dis-
tills the feature map of image encoder of LSeg-CLIP into embeddings that are
independent for each primitive, and learns to represent semantic feature field.
These independent embeddings are trained jointly with our primitives under
supervision from the feature map and images.
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Fig. 4: 3D semantic segmentation with LSeg-guided embeddings rendered on novel
views. The top two rows are from the Replica dataset [34], and the bottom two rows
are from the ScanNet [6] dataset.

As shown in Tab. 3, evaluated under the protocol proposed in [16, 43], our
method outperforms [16] across all semantic segmentation metrics, despite each
primitive modeling a light-field-like radiance field, and performs competitively
with Feature 3DGS. This strong performance reflects the explicit representation
property of our approach: by decomposing the scene into multiple primitives
that partition space, our representation encourages semantic regions to better
align with object boundaries.

At the same time, our method is significantly more efficient than [43] in both
memory usage and rendering speed, demonstrating the high compression capa-
bility of neural scene representations. The speed improvement arises because
this high compression allows the scene to be represented with fewer primitives,
thereby effectively avoiding the large alpha-blending overhead of numerous se-
mantic embeddings encountered by [43].

Furthermore, as illustrated in Fig. 4, our method not only is quantitatively
performant, but also qualitatively produces semantic segmentation results that
are comparable to [43].

Segment Anything In Fig. 5, we perform instance segmentation across mul-
tiple views and scenes using our primitives and embeddings trained with the
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Novel View Image Novel View Feature Point Box No Prompt

Fig. 5: Novel view semantic segmentation with SAM embeddings.

Table 3: Semantic and efficiency comparison on Replica and ScanNet datasets.

Dataset Replica ScanNet

Metric|Method Nerf-DFF Feature-3DGS Ours Feature-3DGS Ours
mIoU (%)↑ 63.6 78.9 77.7 60.0 64.3
Accuracy (%)↑ 86.4 94.3 93.9 87.0 89.4
Memory (MB)↓ 86.5 629.7 32.0 1120 206
FPS↑ < 3 ∼3 ∼8 < 1 ∼12

embedding guidance of [15], following the protocol of [43]. For either the point
or the box prompt, it is shown that the obtained instance segmentation has a
clear boundary and covers most of our intended objects, demonstrating that the
2D feature field rendered from our per-primitive semantic embedding is not only
well aligned with the SAM feature from which it is guided, but also multi-view
consistent, given that Fig. 5 is rendered from a novel viewpoint.

5 Discussion

Lastly, we compare MLP-Splatting and Gaussian Splatting at the level of density
field approximation under volumetric rendering. We found that Gaussian splat-
ting is fundamentally limited by geometric surface coverage: analytic primitives
cannot reproduce sharp discontinuities without allocating Θ(h−2) components
along object boundaries. In contrast, MLP-Splatting performs local functional
approximation within smooth regions and preserves discontinuities via partition-
of-unity, achieving optimal Sobolev rates [33,38].

Our analysis is concentrated into a theorem we call the Equal-Quality Mem-
ory Law. This theorem not only explains the bounds on the number of parameters



14 S. Kim et al.

but also indicates why our representation can naturally learn object-level enti-
ties, whereas Gaussian Slatting struggles. We briefly illustrate the mathematical
formulation (Sec. 5.1) and list important theorems (Sec. 5.2) while leaving the
proofs for the supplementary material. For ease of exposition, we do not use bold
roman notation for vectors in this section.

5.1 Function-Space Perspective

Let σ : R3 → R≥0 denote the volume density and c : R3 × S2 → R3 the color
field. Given a ray r(t) = o + td, volumetric rendering produces a pixel value
Rr[σ, c] =

∫ L

0
Tσ(t)σ(r(t)) c(r(t), d) dt, where Tσ(t) = exp

(
−
∫ t

0
σ(r(s)) ds

)
is

the accumulated transmittance. Given a set of rays U , we measure pixel error
by

Ep((σ, c), (σ̃, c̃)) =

(
1

|U|
∑
r∈U

∥Rr[σ, c]−Rr[σ̃, c̃]∥p
)1/p

. (10)

Model classes. Gaussian splatting constructs density as a K-term Gaussian
mixture σK(x) =

∑K
k=1 ak exp(−

1
2 (x − µk)

⊤Σ−1
k (x − µk)), with x 3D position

whereas MLP-Splatting represents density as a sum of neural primitives σN (x) =∑N
i=1 ρ(fi(x, θi)), with 6D input (x), width-m networks (fi) and ρ enforcing

nonnegativity.
The following shows how many parameters are required to approximate a

piecewise-smooth target scene (σ∗, c∗) up to pixel error ε.

5.2 Main Theoretical Results

Theorem 1 (Lower Bound for Gaussian Splatting). For any nonnegative
K-Gaussian mixture σK ,

inf
σK

E1
(
(σ∗, c∗), (σK , c∗)

)
≳ CK−1/2. (11)

The proof combines the analyticity of Gaussian mixtures, a geometric tube
argument near the discontinuity set, and stability of the rendering operator.

Theorem 2 (Upper Bound for MLP-Splatting). Assume (σ∗, c∗) is piece-
wise Cs with jump set Γ . There exists a partition-of-unity construction such that

E2
(
(σ∗, c∗), (σN , cN )

)
≤ C

(
hs +m−s/3

)
, (12)

where h is patch size and m network width. Balancing the terms yields parameter
cost Θ(ε−3/s) to achieve pixel error ε.

The proof combines local neural approximation rates, geometric partitioning
along Γ , and stability of volumetric rendering.

Corollary 1 (Equal-Quality Memory Law). Given pixel error ε in d = 3
we aim to achieve,
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– Gaussian splatting requires Ω(ε−2) parameters;
– MLP-Splatting admits a construction with Θ(ε−3/s) parameters.

For s ≥ 2 (i.e., when the target scene is piecewise twice differentiable), ε−3/s ≤
ε−1.5, strictly improving the Gaussian rate.

While real-world scenes are globally non-smooth, they often exhibit smooth
structure piecewise: discontinuities are concentrated near object boundaries,
whereas the fields within each region remain locally regular. This suggests that,
in practice, MLP-Splatting can achieve a comparable or lower rendering error
with a comparable or smaller number of parameters than 3DGS.

6 Limitations

We do not explicitly design a density control strategy for MLP-Splatting. The
positional-gradient–based densification used in 3DGS does not transfer well, as
the gradients are often weak and noisy. Moreover, MLP primitives do not expose
an explicit opacity parameter for pruning.

However, under RGB supervision we observe that primitives in regions with
consistent appearance tend to rapidly expand their scales, causing neighboring
primitives to become effectively inactive, while primitives in appearance-complex
regions exhibit parameter oscillation to fit details. Both behaviors can reduce
efficiency or reconstruction quality, suggesting that a suitable density control
mechanism could further improve the framework.

7 Conclusion

We introduced MLP-Splatting, a neural scene representation in which each prim-
itive is modeled as an independent compact MLP. Unlike existing approaches
built on geometric primitives, our formulation treats neural predictors them-
selves as the fundamental units of the scene representation.

This design encourages primitives to specialize to coherent scene regions,
leading to emergent object-level structure under RGB supervision and enabling
straightforward integration with 2D semantic feature distillation. We show that
compact neural primitives can represent scenes with strong photometric fidelity,
competitive semantics, and substantially improved efficiency. These results sug-
gest an alternative paradigm for neural scene representations. We hope this work
motivates a shift from attaching semantics to low-level primitives toward design-
ing representations whose inductive bias makes object-level structure emerge as
a first-class property.
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