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Efficiency vs. Quality: Fewer Gaussians, Better Performance

Figure 1. SparseSplat achieves state-of-the-art rendering quality on DL3DV [17] using significantly fewer Gaussians than the previous
SOTA, depthSplat [39] (150k vs. 688k). Our model also generates competitive results in sparse settings (e.g. 10k). As illustrated by
ellipsoid renderings [1], SparseSplat adaptively allocates Gaussian density based on scene content. This contrasts with previous methods
that adopt a pixel-aligned strategy, which produces spatially uniform and highly redundant Gaussian primitives even in textureless regions.

Abstract

Recent progress in feed-forward 3D Gaussian Splatting001
(3DGS) has notably improved rendering quality. How-002
ever, the spatially uniform and highly redundant 3DGS map003
generated by previous feed-forward 3DGS methods limits004
their integration into downstream reconstruction tasks. We005
propose SparseSplat, the first feed-forward 3DGS model006
that adaptively adjusts Gaussian density according to scene007
structure and information richness of local regions, yield-008
ing highly compact 3DGS maps. To achieve this, we009
propose entropy-based probabilistic sampling, generating010

large, sparse Gaussians in textureless areas and assigning 011
small, dense Gaussians to regions with rich information. 012
Additionally, we designed a specialized point cloud network 013
that efficiently encodes local context and decodes it into 014
3DGS attributes, addressing the receptive field mismatch 015
between the general 3DGS optimization pipeline and feed- 016
forward models. Extensive experimental results demon- 017
strate that SparseSplat can achieve state-of-the-art render- 018
ing quality with only 22% of the Gaussians and maintain 019
reasonable rendering quality with only 1.5% of the Gaus- 020
sians. 021
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1. Introduction022

3D Gaussian Splatting (3DGS) [15] has recently emerged023
as a transformative technology for 3D scene representation024
and novel view synthesis. By representing scenes with mil-025
lions of 3D Gaussian primitives, it achieves unprecedented026
rendering quality and real-time rendering speeds, surpass-027
ing prior methods like NeRF [19] and its accelerated vari-028
ants [8, 20]. To accelerate its time-consuming optimization029
process, an up-and-coming research area is feed-forward030
3DGS [2, 3, 13, 39, 48]: training a model to generate a com-031
plete 3DGS scene representation in a single forward pass032
from a set of RGB images and camera poses. This ”instant”033
reconstruction capability makes it an ideal choice for down-034
stream tasks such as SLAM [14, 29, 37, 40], AR/VR [24],035
and robotics [47].036

However, while recent works [3, 39] have pushed render-037
ing quality to new heights, the integration of feed-forward038
3DGS into real-world downstream applications like SLAM039
remains limited. A core obstacle is the overly dense and re-040
dundant 3DGS maps generated by current methods. This041
leads to significant memory and computation overhead,042
which is unacceptable for resource-constrained edge plat-043
forms such as cars, drones, or AR glasses.044

The redundancy stems from the ”pixel-aligned” nature.045
Early feed-forward methods typically predict one Gaus-046
sian primitive for each pixel in the input views, result-047
ing in a uniformly distributed 3DGS map. This design is048
in sharp contrast to the adaptive representation generated049
by optimization-based 3DGS, which naturally uses sparse,050
large primitives in textureless areas and dense, small prim-051
itives in texture-rich regions. To mitigate this, the research052
community has made some initial explorations. AnySplat053
and VolSplat [13, 33] explore voxelization, predicting one054
Gaussian for each 3D voxel instead of a 2D pixel. Others,055
like GGN and Long-LRM [45, 48], apply post-processing056
to merge and prune primitives after the pixel-aligned pre-057
diction. However, these approaches fail to address the root058
cause. Voxel-based methods still adhere to a rigid grid,059
while post-processing merely cleans up redundancy rather060
than preventing it. Consequently, none of these methods061
fully unlock the adaptive efficiency inherent to 3DGS.062

In this paper, we argue that this failure is rooted in two063
fundamental design flaws. First, a structural distribution064
mismatch. The methods above all enforce a rigid, uniform-065
by-nature structure (be it pixel or voxel), which is funda-066
mentally incompatible with the content-aware, non-uniform067
distribution 3DGS is optimized for. Second, a receptive068
field mismatch. We observe that 3DGS optimization is an069
inherently local process (Sec. 3.3)—a Gaussian’s attributes070
are determined by its immediate neighborhood in 2D and071
3D space. However, existing methods [3, 39] employ a con-072
tradictory design: they use backbones with vast receptive073
fields to extract global context, yet their prediction heads074

regress Gaussian attributes from a single pixel’s feature. 075
This mismatch between ”global perception and then local 076
prediction” deviates from the locality of the prediction task. 077

To address these two fundamental mismatches, we in- 078
troduce SparseSplat, a new feed-forward 3DGS frame- 079
work designed from the ground up to generate sparse, ef- 080
ficient, and high-fidelity scene representations. To resolve 081
the distribution mismatch, we abandon the ”pixel-aligned” 082
paradigm. We introduce an Adaptive Primitive Sampling 083
stage (Sec. 3.2) that first quantifies local ”information rich- 084
ness” using Shannon entropy. This information map is then 085
used to perform probabilistic sampling, generating sparse 086
and non-uniformly distributed 3D anchor points, thereby 087
mimicking the adaptive distribution of optimized 3DGS. 088
Critically, this sampling process is governed by a temper- 089
ature parameter (τ ), which provides an intuitive and direct 090
control to trade off 3DGS map size (i.e., memory) for ren- 091
dering quality, adapting our method for diverse downstream 092
tasks. To resolve the receptive field mismatch, we propose a 093
3D-Local Attribute Predictor (Sec. 3.3). Instead of regress- 094
ing from a single-pixel feature, our method operates directly 095
in a 3D space. For each sparse anchor point, we query its K- 096
Nearest-Neighbors (KNN) and feed this local neighborhood 097
information into a lightweight prediction head to regress the 098
final Gaussian attributes. This design better aligns the pre- 099
dictor’s receptive field with the local optimization nature of 100
3DGS. Our contributions can be summarized as follows. 101

• We are the first to identify and analyze two fundamental 102
design flaws in existing feed-forward 3DGS: the distri- 103
bution mismatch (rigid structure vs. content-aware dis- 104
tribution) and the receptive field mismatch (global con- 105
text vs. local optimization). 106

• We propose Adaptive Primitive Sampling, a novel 107
entropy-based strategy that discards the ”pixel-aligned” 108
paradigm to generate a sparse, content-aware set of 109
3DGS, addressing the root cause of map redundancy. 110

• We introduce a lightweight 3D-Local Attribute Predic- 111
tor that leverages 3D K-Nearest-Neighbors, aligning the 112
network’s design with the local nature of 3DGS optimiza- 113
tion. 114

2. Related Work 115

2.1. Point-based Networks 116

Early point cloud networks typically construct their en- 117
coders based on PointNet [21] and its variants [22, 23, 41]. 118
By applying MLPs independently to each point and com- 119
bining them with symmetric aggregation functions, they 120
learn permutation-invariant global representations directly 121
from unordered point sets. To better capture local geometric 122
and topological structures, later work introduced graph and 123
point convolution operators. For instance, DGCNN [34] dy- 124
namically builds a KNN graph in feature space and uses 125
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EdgeConv to model neighborhood structure, while KP-126
Conv [28] and PointCNN [16] either explicitly place ker-127
nel points in 3D space or learn a transform to map irregular128
point sets into a latent space suitable for convolution. How-129
ever, the tight coupling between encoder and decoder limits130
flexibility and generalization capacity [38]. With the suc-131
cess of self-attention in other domains [30], PCT [10] and132
Point Transformer [46] perform self-attention within local133
neighborhoods and incorporate appropriate positional en-134
codings, enabling unified modeling of local geometry and135
long-range dependencies without relying on regular grids.136

2.2. Feed-Forward 3DGS137

Feed-forward 3D Gaussian Splatting (3DGS) models [2–138
5, 39, 48] aim to achieve instant 3D reconstruction. Pix-139
elSplat [2], MVSplat [3], and DepthSplat [39] adopt a140
pixel-aligned paradigm, generating significant redundancy141
and memory overhead as they allocate primitives uniformly142
even in textureless regions. Subsequent work has aimed to143
improve efficiency. Gaussian Graph Network [45] proposed144
a post-pruning mechanism. AnySplat [13] and VolSplat145
[33] shifted from 2D pixel to 3D voxel, predicting a Gaus-146
sian primitive for each 3D grid. However, these methods147
still rely on a uniform, scene-agnostic structured grid (either148
pixel or voxel). This contrasts with the classic 3DGS [15]149
optimization pipeline, which adaptively allocates primitive150
density based on scene information richness. We propose a151
different approach. SparseSplat avoids structured grids by152
introducing information richness aware probabilistic sam-153
pling. The sampling process is guided by local informa-154
tion entropy, resulting in a ”sparse-by-design” representa-155
tion that mimics the adaptive nature of classic 3DGS in a156
feed-forward manner.157

3. Method158

Our method, SparseSplat, is designed to generate a sparse159
and efficient 3D Gaussian scene representation from a set of160
posed RGB images in a single forward pass. Our core de-161
sign adheres to the two key principles identified in the intro-162
duction: 1) to address the distribution mismatch, we adap-163
tively allocate Gaussian primitives based on local informa-164
tion richness; and 2) to resolve the receptive field mismatch,165
we employ a local receptive field that matches the inherent166
nature of 3DGS optimization.167

As illustrated in Fig. 2, our pipeline is divided into three168
main stages. First, in the Feature and Depth Extraction169
stage (Sec. 3.1), we use a backbone network to extract 2D170
feature maps and depth maps from the input images, provid-171
ing the foundation for subsequent geometry and appearance172
modeling. Second, in the Adaptive Primitive Sampling173
stage (Sec. 3.2), we discard the ”one-primitive-per-pixel”174
paradigm, introducing a novel, entropy-based probabilis-175
tic sampling strategy to generate sparse 3D anchor points176

only in information-rich regions. Finally, in the 3D-Local 177
Attribute Prediction stage (Sec. 3.3), for each 3D anchor 178
point, we query its K-nearest neighbors in 3D space and 179
use a lightweight predictor to regress its complete Gaussian 180
attributes based only on this local neighborhood. 181

3.1. Feature and Depth Extraction Backbone 182

Feed-forward 3DGS methods can typically be separated 183
into two components, a depth prediction network and a 184
Gaussian attribute predictor. The contribution of SparseS- 185
plat is not a new backbone architecture, but rather a new 186
methodology for generating sparse Gaussian primitives. 187

Therefore, we adopt the pre-trained backbone network 188
from [39] for multiview depth estimation [9, 12, 31, 42, 43]. 189
During our training, the weights of this backbone are 190
frozen, and it is used solely to provide depth maps and 2D 191
feature maps. For each input view I , this network gener- 192
ates a 2D feature map F ∈ RC×H×W and a depth map 193
D ∈ RH×W . Our method is backbone-agnostic, enabling it 194
to directly benefit from future advancements in the field of 195
multi-view depth estimation. Our novelty lies in how F and 196
D are utilized to generate a sparse scene representation. 197

3.2. Adaptive Primitive Sampling 198

As established in the introduction, the ”pixel-aligned” 199
paradigm employed by current methods is the root cause 200
of redundancy. It disregards the efficient distribution nat- 201
urally achieved by classic 3DGS optimization [15]: using 202
sparse, large Gaussians in low-texture areas (like skies or 203
walls) and dense, small Gaussians in texture-rich regions. 204

To address this, we propose an adaptive sampling mech- 205
anism based on local information entropy. The motivation 206
is that the density of Gaussian primitives should be pro- 207
portional to the local information complexity of the scene. 208
The use of entropy to quantify image information, textural 209
complexity, and irregularity is a well-established principle 210
in image processing [11, 25]. 211

Information Richness Estimation. We first quantify the 212
local information richness at each pixel location. Specifi- 213
cally, for each input image I , we compute the Shannon en- 214
tropy [26] for each pixel within an N × N local window 215
on its grayscale version, generating an information density 216
map E ∈ RH×W . High values in E correspond to high- 217
frequency, textured regions, while low values correspond to 218
flat, low-frequency regions. The local entropy E(u, v) is 219
calculated as: 220

E(u, v) = −
L−1∑
i=0

pi log pi (1) 221

where L is the number of gray levels (e.g., 256), and pi is 222
the normalized histogram count (probability) of gray level i 223
occurring within the window Wu,v . 224
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Figure 2. Overall Pipeline of SparseSplat. Our method begins with using a frozen backbone [39] to generate feature maps and depth
maps from multi-view posed images. Next, in the Adaptive Primitive Sampling stage, the entropy maps are calculated and transformed
into probability maps to perform sampling, resulting in sparse 2D pixels. These pixels are then back-projected into 3D space using the
predicted depth to form 3D Sparse Anchor Points. Finally, for each anchor point, we gather its local point cloud neighborhood via KNN.
This local neighborhood is fed into a lightweight prediction head to predict its complete Gaussian attributes (α, s, q, c). All predicted
Gaussian primitives are then merged to generate the final scene.

Probabilistic Sampling and 3D Back-projection. The225
raw entropy map E from Eq. (1) provides a measure of com-226
plexity. To convert them into a per-pixel sampling probabil-227
ity, we first normalize the map by its theoretical maximum228
(e.g., log 256 = 8) and then multiply by an adjustment co-229
efficient τ controlling the number of points to be sampled.230

This process yields a probability map P ∈ RH×W ,231
where each P (u, v) represents the independent probability232
of sampling the pixel at location (u, v):233

Pτ (u, v) = clip
(
τ · E(u, v)

logL
, 0, 1

)
(2)234

where clip(·, 0, 1) ensures the value remains a valid prob-235
ability. The coefficient τ serves as a crucial and intuitive236
control knob for sparsity. A higher τ increases the sam-237
pling probability across the board, leading to a denser point238
cloud, while a lower τ results in a sparser representation.239

We then perform random sampling based on this proba-240
bility map Pτ . We iterate through every pixel (u, v) in the241
H × W grid and generate a random number r ∼ U(0, 1).242
If r < P (u, v), the pixel is selected and added to our sparse243
set S.244

Finally, for the pixels in the resulting sparse set S, we uti-245
lize the predicted depth map D from Sec. 3.1 and the known246
camera parameters to back-project them into 3D space, gen-247
erating a sparse 3D anchor point cloud P .248

Figure 3. The Locality of Classic 3DGS Optimization. In this
example, three 3D Gaussian primitives are splatted onto the 2D
image plane. Primitive gc covers two pixels: one covered ex-
clusively by gc, and another accumulating contributions from all
three primitives. During backpropagation, gradients propagate to
gc through both pixels. Notably, ga and gb modulate the gradient
flow at the shared pixel by affecting the rendering process. The
gradient flow to gc is detailed in (3).

3.3. 3D-Local Attribute Prediction 249

The second core issue with existing methods is the recep- 250
tive field mismatch. They employ a large-receptive-field 251
backbone for global context, yet regress 3D Gaussian at- 252
tributes from a single pixel’s feature. We argue this ”global- 253
perception, single-point-prediction” design is suboptimal. 254

Design Justification: Locality of 3DGS Optimization. 255
We revisit the optimization process of classic 3DGS [15] 256
as shown in Fig. 3, a 3D Gaussian primitive is splatted 257
onto the 2D image plane, covering a local region of pixels. 258
The rendering loss (e.g., MSE) is computed on these pix- 259
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els. Consequently, gradients flow back only from this local260
pixel neighborhood to the attributes (position, covariance,261
color) of that single 3D Gaussian. In addition, neighboring262
3D Gaussians that have overlap with the 3D Gaussian prim-263
itive after 2D projection also affects the rendering process264
of these pixels, which impacts the gradient flow to the 3D265
Gaussian primitive. This clearly indicates that 3DGS opti-266
mization is an inherently local process. The attributes of a267
Gaussian is primarily determined by itself and its neighbors268
in both 3D and 2D space.269

Lu,v = fu,v(ga) ca + (1− fu,v(ga)) fu,v(gb) cb270

+
∏

g∈{ga,gb}

(1− fu,v(g)) fu,v(gc) cc − Cu,v271

∇cc = Lu,v ·
∏

g∈{ga,gb}

(1− fu,v(g)) fu,v(gc) (3)272

+ Lu−1,v · fu−1,v(gc)273

3D-Local Predictor. Based on this finding, we design a274
lightweight predictor that strictly adheres to this locality275
principle. For each 3D anchor point pi in the sparse cloud276
P , we first query its K-Nearest-Neighbors (KNN) [6, 7] in277
3D space using efficient FAISS-based search, yielding K278
neighbors {pn1 , ..., pnK

} ⊂ P . We then extract the corre-279
sponding 2D features from the feature map F for both the280
central point pi and its K neighbors. To effectively process281
the rich information associated with each point, we employ282
a dual projection strategy. Specifically, for each point (ei-283
ther the center pi or a neighbor pnj ), we denote its geomet-284
ric features as g ∈ Rdg (comprising xyz coordinates, sur-285
face normals, viewing rays) and its high-dimensional im-286
age features as v ∈ Rdv (extracted from the backbone).287
We project them through separate learnable projection func-288
tions ϕg : Rdg → Rdh and ϕv : Rdv → Rdh , then concate-289
nate them to form a unified feature representation:290

f = [ϕg(g);ϕv(v)] ∈ R2dh (4)291

where [·; ·] denotes concatenation. This process is applied292
to both the central point and all its neighbors, yielding an293
enriched local neighborhood feature set:294

Fi = {fi} ∪ {fnj
}Kj=1 (5)295

which encodes both geometric and appearance cues from296
the K-nearest neighbors.297

Given these local neighborhood features, we need to pre-298
dict the Gaussian attributes for the central point pi. We299
explored various strategies, including DGCNN-style edge300
convolutions [34], PointNet-style max pooling [21], simple301
MLP, and geo-aware attention [46]. Through extensive ab-302
lation studies (detailed in Sec. 4), we found that geo-aware303

attention achieves the best performance. Our final predic- 304
tor employs an attention-based architecture to aggregate in- 305
formation from the K neighbors, allowing the network to 306
weight the contributions of different neighbors adaptively: 307

f̃i = Attention(fi,Fi) (6) 308

The aggregated feature f̃i is then passed through a 309
lightweight MLP that regresses all necessary Gaussian at- 310
tributes for the central point pi: 311

{α, s,q, c} = MLPθ(f̃i) (7) 312

where α ∈ R is the opacity, s ∈ R3 is the 3D scale, q ∈ R4 313
is the 3D rotation (as a quaternion), c ∈ RNsh×3 are the 314
Spherical Harmonics (SH) coefficients, and θ denotes the 315
learnable parameters of the output MLP. This design offers 316
a dual advantage: 1) it perfectly aligns the predictor’s recep- 317
tive field (a 3D local neighborhood) with the task’s inherent 318
nature (local optimization), and 2) it maintains computa- 319
tional efficiency while achieving effective feature aggrega- 320
tion. 321

3.4. Training Objective 322

Our SparseSplat network is trained end-to-end with RGB 323
supervision only. During training, the predicted set of 3D 324
Gaussian primitives G is rendered into training views us- 325
ing the standard differentiable Gaussian renderer R [15], 326
producing the rendered image Irender, and rendered depth 327
Drender. 328

As the depth map D is provided by the pre-trained back- 329
bone, our training objective focuses solely on RGB render- 330
ing quality. We employ a combination of the Mean Squared 331
Error (MSE) loss LMSE and the perceptual LPIPS loss [44] 332
LLPIPS to supervise the rendered image Irender against the 333
ground-truth image Igt: 334

L = (1− λ)LMSE(Irender, Igt) + λLLPIPS(Irender, Igt) (8) 335

where LMSE is the pixel-wise squared error and LLPIPS pro- 336
vides a perceptual metric. The hyperparameter λ balances 337
these two terms. 338

4. Experiments 339

4.1. Experimental Setup 340

Datasets Our main experiments are conducted on the 341
DL3DV [17] dataset, a widely-used dataset consisting of 342
both real-world indoor and outdoor scenes. We utilize the 343
first 6,000 scenes from DL3DV for training and evaluate 344
on the official test set comprising 140 scenes. We ensure 345
that all scenes in the test set are strictly excluded from the 346
training data. To evaluate generalization capabilities, we 347
also test on the Replica [27] dataset. To the best of our 348
knowledge, this dataset has not been previously employed 349
for training feedforward 3DGS methods. It consists of 28 350
scenes, all of which are used exclusively for testing. 351
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Evaluation Metrics We primarily assess the quality of352
novel view synthesis using three standard metrics: PSNR,353
SSIM [36], and LPIPS [44]. The input views and the ren-354
dered novel views are disjoint sets. For efficiency evalua-355
tion, we quantify two key aspects: 1) Inference Time and356
2) the size of the generated representation, measured by the357
Number of 3D Gaussians (i.e., Gaussian Map size).358

Baselines We compare our method against several state-359
of-the-art open-source baselines. For rendering qual-360
ity, we focus our comparison on MVSplat [3] and361
DepthSplat [39]. These ”pixel-aligned” methods repre-362
sent the current state-of-the-art within the feed-forward363
3DGS paradigm. For memory efficiency (Gaussian Map364
size), we compare against methods including GGN [45],365
LongLRM [48], and AnySplat [13]. For DepthSplat and366
AnySplat, which provide official pre-trained models on367
DL3DV, we directly evaluate their released weights. For368
all other methods, we retrain their models on the DL3DV369
training set, strictly following their prescribed training con-370
figurations before evaluation. It is noteworthy that AnyS-371
plat does not require ground truth poses; it internally esti-372
mates poses using a VGGT backbone [32]. The resulting373
estimated poses and depth maps are self-consistent, which374
makes it non-trivial to modify the method to accept ground375
truth poses to align with our evaluation setup. However,376
AnySplat is the only open-source baseline capable of ad-377
justing the number of output Gaussians. We therefore in-378
clude it in our main experiments for a comprehensive effi-379
ciency comparison.380

Implementation and Training Details All models are381
trained on four NVIDIA A100 (80GB) GPUs. Our final382
model for the main experiments is trained for approximately383
48 hours. We use PyTorch 2.4.1 with CUDA 12.4. The384
training employs the Adam optimizer combined with a co-385
sine learning rate scheduler. We use a batch size of 2 and386
a learning rate of 2 × 10−4. The entropy window size N387
is set to 7. For the DL3DV dataset, we use the 270×480388
resolution version, resizing all images to 256×448 during389
both training and evaluation. A minor exception is made390
for AnySplat, which requires input dimensions to be a mul-391
tiple of 14; for this baseline, we use a 252×448 resolution.392

Crucially, during our training, we freeze the weights of393
the backbone network that provides initial depth maps and394
2D features. This ensures a fair and direct comparison with395
our primary baseline, DepthSplat, from which the backbone396
architecture is adopted.397

4.2. Quantitative Results on DL3DV398

We present our main results on the DL3DV test set in Ta-399
ble 1. Our method, SparseSplat, is evaluated at various op-400
erating points with a single model by adjusting the temper-401

ature parameter τ of our adaptive sampling, resulting in dif- 402
ferent Gaussian counts (150k, 100k, 40k, 10k). 403

Table 1. Quantitative comparison on the DL3DV dataset. ↑ indi-
cates higher is better, ↓ indicates lower is better. ”GS Cnt” denotes
the average number of Gaussian primitives across scenes.

Method Category PSNR ↑ SSIM ↑ LPIPS ↓ GS Cnt ↓ Time (s) ↓
MVSplat pixel-aligned 22.95 0.774 0.192 688k 0.260
DepthSplat pixel-aligned 24.17 0.816 0.152 688k 0.128

GGN postprocess 20.23 0.570 0.268 162k 0.320
Long-LRM postprocess 20.92 0.627 0.265 200k 0.115

AnySplat Voxelization 17.45 0.471 0.320 608k 0.378
17.34 0.463 0.330 528k 0.384
16.14 0.417 0.390 393k 0.415
12.22 0.309 0.519 222k 0.441
8.91 0.239 0.618 113k 0.473

Ours Adaptive 24.20 0.817 0.168 150k 0.398
23.95 0.786 0.189 100k 0.192
22.65 0.737 0.251 40k 0.111
21.29 0.665 0.321 10k 0.105

Quantitative Results and Applicability Our main re- 404
sults on the DL3DV test set (Table 1) demonstrate SparseS- 405
plat’s ability to produce highly efficient and flexible scene 406
representations. 407

High-Fidelity, Compact Models. Our 150k model 408
achieves state-of-the-art rendering quality, scoring a 24.20 409
PSNR which is on par with the DepthSplat baseline (24.17). 410
Crucially, it achieves this using only 150k Gaussians com- 411
pared to DepthSplat’s 688k. This significant reduction 412
in memory footprint involves a time trade-off; the 150k 413
model’s reconstruction time (398ms) is slower than the 414
baseline (128ms), mainly due to the KNN process. How- 415
ever, it is still suited for applications like AR/VR, where a 416
higher one-time reconstruction cost is acceptable to gain a 417
highly compact model (small memory footprint) ideal for 418
efficient on-device storage and real-time rendering. 419

High-Speed, Sparse Models. SparseSplat’s core 420
strength is its flexibility. For real-time applications like 421
3DGS-SLAM, which require extreme sparsity for se- 422
quential updates, our 10k and 40k models are an ideal 423
choice. They are both faster than the DepthSplat base- 424
line (105ms/111ms vs 128ms) and maintain robust qual- 425
ity (21.29 and 22.65 PSNR, respectively). This ability to 426
degrade gracefully in sparse settings contrasts with other 427
methods like AnySplat, which suffers severe performance 428
drops. 429

4.3. Cross-Dataset Generalization on Replica 430

To test generalization, we evaluate our model trained on 431
DL3DV directly on the unseen Replica dataset. The results 432
are compared against DepthSplat and MVSplat in Table 2. 433

As shown in Table 2, our SparseSplat model demon- 434
strates strong generalization capabilities. It achieves a 435
PSNR of 26.639, surpassing DepthSplat (26.471). While 436
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Figure 4. Rendering quality comparisons on DL3DV. Our model matches the SOTA rendering quality of DepthSplat with only 150k
Gaussians (vs. 688k). Under sparse settings (40k and 10k), our method maintains structural integrity and shows minor progressive blurring.

Table 2. Cross-dataset generalization results on the Replica
dataset.

Method PSNR ↑ SSIM ↑ LPIPS ↓
MVSplat 19.13 0.628 0.423
DepthSplat 26.47 0.836 0.175
Ours-150k 26.64 0.846 0.180

DepthSplat maintains a slight edge in LPIPS, our superior437
PSNR score indicates that our model can effectively recon-438
struct novel scenes from entirely different domains without439
re-training. MVSplat, in contrast, shows poor generaliza-440
tion.441

4.4. Qualitative Analysis442

We provide qualitative comparisons in Figure 4 on five443
scenes randomly sampled from the DL3DV test set. Our444
method demonstrates superior or comparable rendering445
quality to existing state-of-the-art feed-forward methods446
while operating at a fraction of the primitive count.447

High-Fidelity Sparse Reconstruction. In typical scenes448
such as 032de (statue), 073f5 (garden), and 08539 (ban-449
quet hall), our model (Ours-150k) achieves rendering qual-450
ity that is comparable or even superior to DepthSplat. This451
is achieved while using only approximately 22% of the452
Gaussian primitives (150k vs. 688k for DepthSplat), val-453

idating the effectiveness of our adaptive primitive sampling 454
(Sec. 3.2). Furthermore, our model degrades gracefully. 455
Even when the primitive count is drastically reduced to 40k 456
or 10k, SparseSplat maintains high fidelity and structural 457
integrity, exhibiting only minor, progressive blurring. 458

Robustness to Geometric Errors. The 6d81c (building) 459
scene shows an advantage of our design. This scene suf- 460
fers from depth estimation errors from the backbone at the 461
sky-house boundary, which cause rendering degradation in 462
the DepthSplat baseline. Despite utilizing the same frozen 463
depth backbone, SparseSplat is more robust to these geo- 464
metric inaccuracies. We attribute this to our 3D-Local At- 465
tribute Predictor (Sec. 3.3). Unlike ”pixel-aligned” methods 466
that predict attributes from a single pixel’s feature, our pre- 467
dictor processes a 3D neighborhood. This allows it to more 468
robustly identify local geometric inconsistencies. Also, the 469
sparse nature allows our model to mitigate the impact of 470
depth errors by predicting smaller, more localized Gaussian 471
primitives in the erroneous regions, preventing the artifact 472
from propagating. 473

4.5. Ablation Studies 474

We conduct a series of ablation studies to validate our core 475
design choices: the adaptive sampling strategy and the 3D- 476
local attribute predictor. For computational efficiency, all 477
models in this section are trained for 30k steps on four A100 478
GPUs and evaluated using a 40k Gaussian count (GS Cnt) 479
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setting.480

4.5.1. Ablation on Sampling Strategy481

We compare our proposed entropy-based adaptive sampling482
against two alternatives: (1) Random: uniform random483
sampling of pixels, and (2) Laplacian: sampling based484
on image gradients (Laplacian filter), which is a common485
proxy for edges [18]. The results in Table 3 show that486
our entropy-based method (22.36 PSNR) significantly out-487
performs both random (21.50 PSNR) and Laplacian-based488
(21.95 PSNR) sampling. This validates our hypothesis that489
Shannon entropy is a more effective measure of ”informa-490
tion richness” for guiding sparse Gaussian allocation than491
simple edge detection or random chance, directly address-492
ing the ”distribution mismatch” problem.

Table 3. Ablation on the primitive sampling strategy.

Sampling Strategy PSNR ↑ SSIM ↑ LPIPS ↓
Entropy (Ours) 22.36 0.718 0.262
Random 21.50 0.696 0.288
Laplacian 21.95 0.705 0.267

493

4.5.2. Ablation on 3D-Local Predictor Design494

We validate two key components of our 3D-Local Attribute495
Predictor: the K-Nearest-Neighbors (KNN) query and the496
feature aggregation head.497

Effect of K in KNN We vary the number of neighbors (K)498
used by the predictor. As shown in Table 4, performance499
degrades significantly when K=0 (PSNR 21.53), which re-500
duces our model to a simple MLP operating on a single501
point. This confirms that aggregating local neighborhood502
information is critical. Performance increases steadily with503
K, with diminishing returns after K=20. This shows that504
local neighborhood information is beneficial for the predic-505
tion of 3DGS attributes, which supports the ”receptive field506
mismatch” hypothesis. We choose K=20 (22.36 PSNR) as507
our default setting, balancing performance and computa-508
tional cost.

Table 4. Effect of K in KNN.

K PSNR ↑ SSIM ↑ LPIPS ↓
0 21.53 0.683 0.291
5 22.23 0.713 0.267
10 22.34 0.717 0.264
20 22.36 0.718 0.262
30 22.38 0.718 0.261

509

Effect of Prediction Head As mentioned in 3, we evalu- 510
ated several standard point-based network architectures for 511
the local feature aggregation task. The results are presented 512
in Table 5. We found that the geo-aware attention mecha- 513
nism (22.36 PSNR) substantially outperforms other meth- 514
ods. Furthermore, we observed that a PointNet-style max- 515
pooling head consistently failed during training. This abla- 516
tion study validates our selection of the geo-aware attention 517
mechanism to aggregate local 3D neighborhood features. 518

Table 5. Effect of Prediction Head.

Head PSNR ↑ SSIM ↑ LPIPS ↓
Graph-Conv 20.78 0.664 0.329
MLP 21.47 0.683 0.299
Max Pooling Fail Fail Fail
Geo-aware Attn 22.36 0.718 0.263

5. Conclusion 519

We present SparseSplat, a feed-forward 3DGS framework 520
that addresses the redundancy of ”pixel-aligned” methods. 521
Our approach resolves the distribution and receptive field 522
mismatches inherent in prior work using two key compo- 523
nents: (1) entropy-based adaptive sampling to dynamically 524
allocate Gaussians and (2) a 3D-local attribute predictor 525
to align with 3DGS’s local optimization nature. Experi- 526
mental results show that SparseSplat achieves state-of-the- 527
art rendering quality while using significantly fewer Gaus- 528
sians. SparseSplat significantly improves efficiency and 529
makes feed-forward 3DGS practical for downstream appli- 530
cations like SLAM [29], AR/VR [24], and robotics [47]. 531

Limitations While our 3D-Local Attribute Predictor 532
demonstrates robustness to minor geometric errors, 3D 533
KNN might not be the optimal way to gather useful con- 534
text under severe depth estimation errors. For example, if 535
a point from view A is incorrectly projected into the fore- 536
ground of view B and completely occludes the underlying 537
scene, 3D KNN will fail to include points from the occluded 538
regions of view B as context for that point. However, those 539
occluded points are important cues indicating that the point 540
is positioned incorrectly. We believe that a context aggre- 541
gation mechanism based on 2D co-visibility would be more 542
effective. Another limitation of the KNN-based context ag- 543
gregation is its computational inefficiency. In future work, 544
we will explore the possibility of a more efficient context- 545
aggregation strategy based on 2D co-visibility. 546
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SparseSplat: Towards Applicable Feed-Forward 3D Gaussian Splatting
with Pixel-Unaligned Prediction

Supplementary Material

Figure 5. Additional qualitative comparisons.
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This supplementary material provides additional quantita-754
tive and qualitative results, along with an assessment of755
SparseSplat’s applicability to downstream scenarios. We756
also present architectural details of the prediction heads and757
confirm that our sparse-by-design representation delivers758
strong accuracy–efficiency trade-offs across varying Gaus-759
sian budgets.760

6. Applicability to Downstream Tasks761

To demonstrate the practical value of SparseSplat, we eval-762
uate how it integrates into various downstream tasks. We763
categorize these tasks based on two different forms of764
“real-time” requirements: Reconstruction Real-time-ness,765
which underpins online mapping and robotic perception,766
and Rendering Real-time-ness, which is indispensable for767
immersive AR/VR experiences and large-scale simulation.768
Owing to its sparse-by-design architecture, SparseSplat nat-769
urally accommodates both types of real-time constraints,770
whereas pixel-aligned feed-forward methods struggle to771
satisfy them simultaneously due to their rigid, dense Gaus-772
sian allocation.773

Figure 6. Rendering Efficiency vs. Gaussian Count. X-axis
log-scaled. We evaluate the rendering frame rate (FPS) across
scenes with varying degrees of sparsity. While pixel-aligned
baselines (typified by ∼688k Gaussians) operate at 71.9 FPS,
our sparse-by-design approach significantly accelerates rendering.
Our 150k model achieves ∼3× speedup (208.6 FPS), and ex-
tremely sparse settings (10k–40k) unlock rates suitable for high-
frequency robotics control loops (>600 FPS).

6.1. Reconstruction Real-time-ness: 3DGS-SLAM 774

Context. Simultaneous Localization and Mapping 775
(SLAM) requires the online construction of 3D scenes 776
from continuous video streams. Leveraging 3D Gaus- 777
sian Splatting, recent methods like GS-SLAM [40] and 778
SplaTAM [14] enable faster updates and better reconstruc- 779
tion than prior baselines. A crucial objective for these 780
systems is controlling the primitive count: as shown in 781
Fig. 6, rendering latency is strictly tied to the Gaussian 782
budget, where lower counts ensure real-time performance. 783

Integration and Sparsity. Feed-forward methods can be 784
seamlessly integrated into these pipelines to replace compu- 785
tationally expensive per-frame optimization. Specifically, 786
given a window of N incoming frames and their estimated 787
poses (from the tracking thread), SparseSplat directly pre- 788
dicts a set of 3D Gaussians. 789

However, a critical bottleneck for existing feed-forward 790
methods (e.g., DepthSplat [39], MVSplat [3]) is their 791
“pixel-aligned” nature. They rigidly generate a Gaussian 792
for every pixel, adding 688k primitives per inference. In one 793
SLAM sequence with thousands of frames, this rapid accu- 794
mulation leads to memory explosion and tracking lag, ef- 795
fectively rendering them unusable for long-sequence opera- 796
tion. In contrast, SparseSplat employs a “sparse-by-design” 797
representation. By adaptively allocating primitives only 798
where necessary (e.g., 10k–40k per view), our method sig- 799
nificantly reduces memory consumption and update over- 800
head, enabling robust operation on resource-constrained 801
platforms where pixel-aligned baselines fail. 802

Table 6. Quantitative comparison of Gaussian primitive counts
across different methods and datasets. Data sourced from CaRtGS.

Dataset Method Sensor Gaussian Primitives (M)

Replica (office0)
GS-ICP-SLAM RGB-D 1.57 M
Photo-SLAM RGB-D 0.08 M
Photo-SLAM Monocular 0.08 M

TUM-RGBD (fr1/desk)

GS-ICP-SLAM RGB-D 1.56 M
SplaTAM RGB-D 0.96 M
Gaussian-SLAM RGB-D 0.70 M
MonoGS Monocular 0.04 M
Photo-SLAM Monocular 0.02 M

TUM-RGBD (fr3/office)

GS-ICP-SLAM RGB-D 1.09 M
Gaussian-SLAM RGB-D 1.04 M
SplaTAM RGB-D 0.79 M
MonoGS Monocular 0.03 M
Photo-SLAM Monocular 0.01 M

Scalability Analysis. A potential concern regarding our 803
method is the use of K-Nearest Neighbors (KNN) for local 804
attribute prediction: does the inference time increase unac- 805
ceptably as the global map grows? It is important to clarify 806
that while the global map accumulates millions of points 807
over time, our inference is local. We only perform KNN 808
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queries for the sparse anchor points generated from the cur-809
rent input batch of N frames. Therefore, the computational810
cost per update step remains constant and low, preserving811
the real-time nature of the system regardless of the total map812
size.813

6.2. Rendering Real-time-ness: AR/VR and Simu-814
lation815

The second category of applications prioritizes the quality816
and speed of the final rendering rather than the speed of the817
reconstruction process itself.818

AR/VR on Edge Devices. In Virtual and Augmented Re-819
ality, devices (e.g., headsets, mobile phones) operate under820
strict VRAM and thermal constraints. A scene represented821
by 688k Gaussians (e.g., via DepthSplat) imposes a signifi-822
cantly heavier rendering load than one represented by 150k823
Gaussians (Ours). By offering a 4.5× reduction in primi-824
tive count without sacrificing quality, SparseSplat ensures825
higher rendering frame rates (FPS) and lower memory foot-826
print, making it ideal for on-device deployment.827

High-Throughput Simulation for Robotics. In robotics,828
agents are often trained in simulated environments (e.g.,829
for visual navigation). These training loops require render-830
ing millions of observations. Consequently, the rendering831
speed of the environment becomes the primary bottleneck832
for training throughput. Our method generates highly com-833
pact digital assets that render significantly faster than those834
produced by pixel-aligned methods. This efficiency directly835
translates to faster simulation speeds, allowing for more ef-836
ficient large-scale training of visual reinforcement learning837
algorithms.838

7. Runtime Breakdown839

We present a detailed runtime breakdown of individual840
components across varying Gaussian counts in Tab. 7. The841
latency of backbone inference and entropy-based sampling842
remains constant regardless of the sparsity level. In con-843
trast, the computational costs of the KNN query and the At-844
tention prediction head scale with the number of generated845
Gaussians.846

8. Structure of Different Heads847

As described in Sec. 3.3, our 3D-Local Attribute Prediction848
framework employs a lightweight predictor to regress Gaus-849
sian attributes based on K-nearest neighbors in 3D space.850
We explored four different prediction head architectures, all851
sharing the same dual projection strategy for processing ge-852
ometric and image features but differing in how they aggre-853
gate information from the local neighborhood. This section854
provides structural details of these variants.855

Table 7. Inference Time Breakdown (ms). We detail the com-
putational cost of each component in SparseSplat across different
Gaussian counts. Note that the total time reported here is slightly
higher than in the main text due to the synchronization overhead
introduced by time profiling.

Model Backbone Sampling KNN Attention Total

Ours-10k 89.68 1.66 3.21 5.95 100.50
Ours-40k 89.68 1.82 14.87 15.04 121.41
Ours-100k 89.68 2.16 52.02 65.18 209.04
Ours-150k 89.68 2.08 219.64 103.31 414.71

8.1. MLP Head 856

For each anchor point, we gather features from its K near- 857
est neighbors and compute their relative positions ∆pj = 858
pj − pi. The aggregated neighborhood features (relative 859
geometry and appearance) are concatenated with the cen- 860
ter point’s features and fed into a 4-layer MLP to directly 861
regress the Gaussian parameters. 862

8.2. DGCNN Head 863

The DGCNN head adopts the EdgeConv architecture from 864
[35], which dynamically constructs local graphs to capture 865
fine-grained geometric structures. For each anchor point, 866
EdgeConv models pairwise relationships with its neighbors 867
by computing edge features that encode both local geomet- 868
ric context and absolute point features. Specifically, for a 869
center point with feature fi and its neighbor fj , the edge 870
feature is computed as: 871

hij = MLP(fi ⊕ (fj − fi)) (9) 872

where ⊕ denotes concatenation, and fj− fi captures the rel- 873
ative geometric offset. This formulation allows the network 874
to learn both global point characteristics (through fi) and 875
local geometric variations (through the difference term). 876

The architecture consists of multiple stacked EdgeConv 877
layers with progressively increasing channel dimensions. 878
After each EdgeConv layer, a symmetric max-pooling op- 879
eration aggregates edge features across neighbors, ensuring 880
permutation invariance. The features from all EdgeConv 881
layers are then concatenated to form a multi-scale represen- 882
tation that captures geometric patterns at different levels of 883
abstraction. A final prediction head regresses the Gaussian 884
attributes from this rich feature descriptor. 885

8.3. PointNet Head 886

The PointNet head is based on the classical PointNet archi- 887
tecture [21]. It treats the center point and its K neighbors as 888
an unordered set of K+1 points. A shared MLP with archi- 889
tecture [128 → 256 → 512 → 1024] processes each point 890
independently, and a max-pooling operation aggregates the 891
point-wise features into a global descriptor. A subsequent 892
prediction MLP [1024 → 512 → 256 → 38] regresses the 893
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Gaussian parameters from this descriptor. The shared MLP894
and symmetric pooling ensure permutation invariance.895

8.4. Geo-Aware Attention Head896

The Geo-Aware Attention head employs a Point897
Transformer-style vector attention mechanism [46],898
which we find most effective for this task. Unlike simple899
pooling-based aggregation, it adaptively weights neigh-900
bor contributions based on both feature similarity and901
geometric relationships.902

Position-Aware Vector Attention. The core mechanism903
computes attention weights that incorporate relative posi-904
tions. For each center point fi and its neighbors {fj}Kj=1, we905
compute queries Qi, keys Kj , and values Vj via learned906
projections. The relative position ∆pj = pj − pi is en-907
coded through an MLP to obtain position embeddings δj .908
The attention weights are then computed as:909

αij = softmaxj

(
(Qi −Kj + δj) ·Qi√

d

)
(10)910

where the position encoding δj modulates the attention911
computation. The output feature is obtained by:912

f ′i =

K∑
j=1

αij(Vj + δj) (11)913

This design allows the network to learn geometry-aware914
feature aggregation, where the position encoding influences915
both attention weights and value features.916

Among all examined variants, the Geo-aware atten-917
tion head provides the best balance between accuracy918
and efficiency, underscoring the importance of geometry-919
conditioned local aggregation in SparseSplat.920

Architecture. We employ three stacked attention layers921
with hidden dimension 128 and 4 attention heads per layer.922
Each layer includes a feed-forward network (FFN) with ex-923
pansion ratio 4, residual connections, and layer normaliza-924
tion. The dual projection strategy separately processes ge-925
ometric features and image features before concatenation,926
maintaining modularity between geometry and appearance927
processing.928
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