
AdaptiveSplat: Texture Aware Controllable 3D
Gaussian Allocation for Feed-Forward

Reconstruction

Badrinath Singhal1, Srihari K G1, Sreehari Iyer1, Ankit Dhiman1,2, and
Venkatesh Babu Radhakrishnan1

1 Vision and AI Lab, Indian Institute of Science, Bangalore
2 Samsung R & D Institute India - Bangalore

{badrinaths, sriharig, sreeharid, ankitd, venky}@iisc.ac.in
https://badrinaths.github.io/projects/adaptive-splat/

PSNR: 31.89dB

Context Images

Number of Gaussians

Input Views

AnySplatOurs        
Visualizing Controllable 3D Gaussians 

Sparse Dense

PSNR: 30.93dB

SSIM: 0.81 SSIM: 0.75

Artifacts

Blurring

AdaptiveSplat

Novel View 1
Novel View 2

Sparse

Dense

Fig. 1: Overview: We demonstrate AdaptiveSplat’s ability to maintain scene fidelity
while controlling the allocation of primitives. Given input images and a target Gaussian
budget, our feed-forward approach produces sparse yet high-quality reconstructions. In
contrast, prior methods exhibit artifacts and over-smoothing at high sparsity.

Abstract. Current feed-forward 3D reconstruction methods predict pixel
aligned Gaussian primitives, resulting in highly redundant representa-
tions. A natural solution is to prune the redundant Gaussians, but naive
pruning introduces severe artifacts and often requires inference time fine-
tuning, breaking the feed-forward paradigm. Based on previous works,
high frequency regions require more Gaussian primitives, while low fre-
quency regions can be represented with significantly fewer primitives.
Motivated by this, we propose a novel approach to explicitly control
the number of Gaussians by leveraging local texture information. Our
approach achieves this through three key components: (1) texture es-
timation to capture spatial variation in scene detail, (2) texture-aware
pruning that removes redundant Gaussians from low frequency regions,
and (3) an adaptive Gaussian head that predicts the modified attributes
of the retained primitives without breaking the feed-forward paradigm.
Experiments on RE10K, ACID, DL3DV, Tanks and Temples, and DTU
demonstrate the effectiveness of our approach, while ablation studies
validate the contributions of its key components.

https://badrinaths.github.io/projects/adaptive-splat/
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1 Introduction

Feed-forward models for 3D reconstructions [4, 7, 23, 31, 51, 53, 54, 62, 70, 75, 80]
generate 3D Gaussian representations [26] directly from input views. These ap-
proaches predict pixel-aligned Gaussians, where each input pixel produces the
parameters of a corresponding 3D Gaussian in the scene. While this design en-
ables efficient feed-forward inference, it allocates Gaussians uniformly across the
image without considering the underlying scene complexity. A straightforward
way to reduce this redundancy is to prune the Gaussians. However, naive prun-
ing strategies introduce severe artifacts in rendered novel views, often producing
empty regions that disrupt scene continuity and degrade rendering quality.

Several works have explored compression techniques for 3D Gaussian rep-
resentations [2, 14, 17, 42, 44, 45]. However, these approaches primarily focus on
post-hoc quantization or encoding and typically require dense multi-view inputs
along with scene-specific optimization. Such reliance on iterative optimization
limits their applicability to the challenging feed-forward setting. Other works
attempt to prune pixel-aligned Gaussians directly within feed-forward pipelines
using geometry-driven heuristics such as overlap removal [75], opacity thresh-
olding [80], or enforcing a single Gaussian per voxel [23]. While computationally
simple, these strategies are largely agnostic to scene complexity and offer little
control over the pruned Gaussians. Consequently, they may remove primitives
that are necessary to represent high-frequency structures [43, 54]. These limita-
tions raise an important question: Can we enable controllable 3D Gaussian
density in feed-forward models without sacrificing their fidelity?

We draw inspiration from well-established statistical properties of natural
images, whose power spectral density (PSD) follows an approximate power-law
decay (PSD / 1

f� , where f denotes spatial frequency and � � 2) [56]. This
observation implies that most visual energy is concentrated in low-frequency
components, while high-frequency structures are sparse and localized. Conse-
quently, different regions of a scene require different levels of representation den-
sity: smooth areas with low-frequency content can be reconstructed with rela-
tively few Gaussians, whereas highly textured regions containing fine structural
details require denser Gaussian allocation. Prior work [43, 54] empirically sup-
ports this hypothesis, demonstrating that high-frequency regions benefit from
increased Gaussian density for accurate reconstruction. However, existing feed-
forward architectures largely ignore this requirement due to their fixed pixel-
aligned prediction strategy. To further illustrate this observation, we conduct a
simple experiment shown in Fig. 2.

Motivated by this key insight, we propose AdaptiveSplat, a feed-forward
framework that enables controllable 3D Gaussian allocation while preserving re-
construction fidelity. Our method focuses on capturing the variance in visual
complexity. This is achieved by estimating the texture of the scene. Based on
this signal, we perform texture-aware pruning that removes redundant Gaus-
sians more aggressively in smooth regions while preserving those necessary for
detailed structures. To compensate for the removed primitives, we introduce a
novel adaptive Gaussian head that re-predicts the attributes of the remaining
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Fig. 2: Toy experiment demonstrating core insight for AdaptiveSplat. (Left) A ren-
dered view shows visible artifacts, such as "black patches" that are indicative of naive
pruning in low-texture regions. (Right) The same scene is rendered after re�ning the
remaining Gaussians. The rendering quality is signi�cantly restored as the surviving
Gaussians in the low-texture areas have adaptively expanded to �ll the gaps, thereby
eliminating the observed artifacts.

Gaussians within the same feed-forward pipeline. This design enables �exible
control over the Gaussian budget without requiring test-time optimization or
post-pruning �ne-tuning. Importantly, our approach can be seamlessly integrated
into existing feed-forward 3D Gaussian pipelines without requiring architectural
modi�cations. In summary, our contributions are as follows:

� Texture-Based Scene Energy Estimation: We introduce a texture-driven scene
energy estimation mechanism that quanti�es the amount of high-frequency
content present in di�erent image regions, enabling identi�cation of areas
that require higher representational capacity.

� Texture-Aware Selective Pruning: Building on the estimated scene energy,
we propose a principled pruning strategy that selectively removes Gaussians
from low-texture regions while preserving those in high-detail areas.

� Adaptive Gaussian Head: To mitigate artifacts introduced by pruning, we de-
sign an adaptive Gaussian head that re-predicts the attributes of the retained
Gaussians, allowing the representation to adjust to the modi�ed Gaussians.

� We perform extensive experiments for various feed-forward models on datasets
like RE10K, ACID, DL3DV, Tanks and Temples, and DTU.

2 Related Work

2.1 Radiance Fields and Multi View Reconstruction

Reconstructing 3D scenes from multi-view images is a core computer vision
problem. Modern radiance �eld methods like NeRF [9, 41] and 3D Gaussian
Splatting (3DGS) [8, 26] achieve high-quality novel view synthesis, with 3DGS
o�ering notable advantages in rendering speed through rasterization. [38] and
[6] use structural anchors and contextual compression to reduce redundancy.
These approaches have found success in applications such as 3D asset gener-
ation [16, 27, 32, 36, 40, 68, 76, 78], scene editing [5, 10, 15, 19, 20, 22, 52, 63, 69],
and dynamic scene reconstruction [26,35,39,47,64]. However, they often require
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dense multi-view images which limit adaptability and e�ciency in dynamic, real-
time environments. Sparse-view reconstruction methods [4, 29, 36, 46, 62, 65, 71]
leverage learned priors from datasets or foundational models [49]. Recently, Feed-
forward methods [25,30,57�59] o�er a compelling alternative, directly inferring
3D representations with superior generalization across diverse scenes, bypassing
the computationally expensive steps of Structure-from-Motion (SfM) [50] and ra-
diance �eld optimization by directly predicting dense 3D scene representations
from limited views [24, 43, 60, 67] but are rigid in number of 3D Gaussian pre-
dictions. These methods have been extended to dynamic scenes [73], multi-view
consistency [3], and estimating 3DGS representations [51,54,55,70,72,77], even
from just a few views [23,80].

2.2 Compression in 3D Gaussian Splatting

Due to its explicit nature, 3DGS often requires a large number of Gaussians
to represent a scene, leading to higher storage, processing time, and slow ren-
dering. To address these challenges, several works focus on compressing 3DGS
representations. EAGLES [17] prunes based on scene-wide in�uence, targeting
low-contribution Gaussians (e.g., small scale, low opacity, occlusion) and Light-
Gaussian [13] prunes based on estimated importance (ray hits, volume), PUP-
3DGS [18] uses uncertainty estimation to estimate Gaussians' importance by
approximating second order gradient of loss. E�cientGS [37] estimates impor-
tance of Gaussians per pixel by selecting Top-K Gaussians to be retained, and
SOG-3DGS [42] applies image compression techniques. Other methods like [2]
remove Gaussians with low gradients followed by �ne-tuning, while [14] pro-
poses pruning and densi�cation based on alpha blending importance. However,
a common limitation across these compression techniques is their reliance on
quantization or their inability to dynamically modify the attributes of remaining
Gaussians post-pruning, which can lead to visible artifacts. Moreover, all exist-
ing methods require dense multi-view images of the scene to compress which
fail in the sparse-view feed-forward setting. Interestingly, previous work like [66]
has explored using wavelet based frequency decomposition to achieve high qual-
ity synthesis for multiview images but no such method exists for 3D Gaussian
Splatting representation.

3 Method

We introduce a controllable feed forward 3D Gaussian generation pipeline. Fig. 3
shows the overall pipeline of our method.

Problem Formulation Existing feed-forward 3D Gaussian prediction models
generate a pixel-aligned set of 3D Gaussians Gk for each input view. Given m
views f(I k ; vk )gm

k=1 , where Ik 2 RH�W �3 denotes the RGB image and vk its asso-
ciated camera pose, such models produce a set of N = mHW primitives without
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Fig. 3: Our pipeline allocates the desired number of 3D Gaussians for real-time, novel-
view synthesis. (a) Initial Representation: We infer a 3D point cloud from context
images using the MASt3R/VGGT backbone. (b) SuperCluster Formation and
Texture Analysis: The point cloud is partitioned into SuperClusters, and texture
information is simultaneously analyzed using DWT to identify low-texture regions. (c)
Gaussian prediction: Based on the texture, masks are generated that are used in
Adaptive Gaussian Head to predict optimized attributes of remaining 3D Gaussian
primitives.

explicit control over representation size. In contrast, we introduce explicit con-
trol over the number of retained Gaussians. Under a user-de�ned pruning bud-
get � 2 [0; 1), our objective is to predict a compact subset G = fg i gB

i=1 where
B = b(1 � �)Nc. Each Gaussian is parameterized as g i = f� i ; si ; qi ; � i ; � i g,
where � i 2 R3 denotes the 3D mean, si 2 R3 anisotropic scale, qi 2 R4 a
unit quaternion encoding rotation, � i 2 [0; 1] opacity, and � i 2 Rh spherical
harmonics coe�cients modeling view-dependent appearance.

3.1 Texture-Based Scene Energy Estimation

We estimate spatially localized scene complexity using the Discrete Wavelet
Transform (DWT) applied to the input images. Given images fI k gm

k=1 , its single-
level 2D DWT is computed as Wd

ij =
P

u

P
v I k (u; v) �  d(i � u; j � v), where  d

denotes the directional wavelet basis. This decomposes the image into three high-
frequency detail components corresponding to horizontal, vertical, and diagonal
orientations. We de�ne the local texture energy at pixel (i; j) in view k as E (k)

i;j =
P

d2h;v;diag jW d
ij j, which aggregates directional high-frequency responses.

3.2 Texture-Aware Selective Pruning

Using a pretrained multi-view backbone, we extract a dense pointmap Pk =
fp i gHW

i=1 from each input view Ik where each point p 2 R6 encodes its 3D lo-
cation and RGB color. We aggregate all views to form a global point cloud
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P =
S m

k=1 Pk , where P = fp i gN
i=1 . To obtain homogeneous regions, we partition

P into K SuperClusters using K-means clustering. Clustering in (x; y; z; r; g; b)
space encourages points that are spatially proximate and photometrically consis-
tent to be grouped together. Such regions correspond to locally smooth surfaces
that can be represented with fewer but spatially broader Gaussians. Formally,
each SuperCluster SCi is de�ned as SCi = fp 2 P j jp � c i j2 � jp � c j j2; 8j 6= ig
where the centroid is ci = 1

jSC i j

P
p2SC i

p. The resulting clusters fSCi gK
i=1 form

a disjoint partition of the point cloud such that
S K

i=1 SCi = P and SC i \SC j = ;
for i 6= j.

We assign texture energy to each SuperCluster by averaging the wavelet coef-
�cients associated with its constituent points p. Let � k (p) denote the projection
of point p onto image Ik via pointmap P k . The SuperCluster energy is computed
as ESC i = 1

jSC i j

P
p2SC i

�E(�(p)) where �E(p) denotes the wavelet coe�cient of
the pixel corresponding to the point p. These SuperCluster-level energies pro-
vide a structured measure of regional complexity and guide subsequent Gaussian
allocation under the pruning budget.

Binary Mask Construction:

Fig. 4: Within each SuperCluster,
Gaussians are ranked by texture en-
ergy, and the top 10% (
 = 0:1) are
kept while the rest are masked out.
This rule is applied only to low-energy
clusters; high-energy clusters are fully
retained.

fSC 1; : : : ; SCK g denote the regions or-
dered by increasing energy ESC j . Each
region SCj has a nominal retention of

jSC j j Gaussians, where 
 = 0:1 (empir-
ically validated, ablation provided). We
choose the largest index ` such thatP `

j=1 
jSC j j � B. This ensures that we
can e�ectively cover the entire low-texture
region with 3D Gaussians with fewer re-
tained Gaussians while pruning the rest.

For all regions j < `, we retain
the 
jSC j j Gaussians. For the �nal re-
gion SC̀ , we retain only jR` j = B �
P `�1

j=1 
jSC j j: Let Gret denote the retained
set of Gaussians. The corresponding bi-
nary mask entries for each context view
i 2 f1; : : : ; mg are given by M i;j =
1[ G j 2 Gret \ G i ] ; j 2 f1; : : : ; HWg (see Fig. 4).

3.3 Adaptive Gaussian Head

Given the features F and binary masks M1; : : : M m , the Adaptive Gaussian Head
f � predicts re�ned Gaussian attributes for the retained indices:

f � (F; M) ! fs i ; qi ; � i ; � i gB
i=1 . The Adaptive Gaussian Head is built on the

DPT architecture [48] with additional convolutional layers that fuse ViT [11] fea-
tures extracted from the multiview feature map F with binary masks M 1; : : : ; M m .
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3.4 Training and Inference

Training: To ensure that the model's performance is stable across diverse bud-
get rates � at test time, it is important that it generalizes well to a broad
spectrum of pruning percentages during training. To achieve this, we train the
Gaussian Head with � � U[0; 1). This improves robustness of the method to
di�erent budgets �, enabling adaptation of the retained 3D Gaussians.

The network is trained using photometric loss on the rendered image from
the retained 3D Gaussians at the target camera pose and the corresponding
ground truth image using the following loss formulation L as follows:

L =
1

jvt j

X

v2v t

�
kI v � Î v k2

2 + � � LPIPS
�

I v ; Î v

��
; (1)

Here vt represents the set of target camera views, Iv denotes the target ground
truth image and Î v denotes the rendered image from the target view v. 3D Gaus-
sians are obtained from Gaussian Head f� using context view decoder features
along with its corresponding masks M1; M 2; : : : M m . The weighting coe�cient �
controls the perceptual regularization strength.

Inference: At inference, the user selects a desired sparsity level � 2 [0; 0:8].
The system computes DWT from images, forms masks, and directly predicts
adapted Gaussian attributes via the Gaussian Head.

4 Experiments

4.1 Experimental Setup

Implementation Details Our approach builds upon the architecture of MASt3R
[30] for sparse-view inputs and VGGT [57] for dense-views with a DPT [48] Gaus-
sian Head to predict 3D Gaussian primitives similar to [23,70], which integrates
a Gaussian prediction head into the MASt3R/VGGT pipeline. This allows for
extraction of 3D Gaussian attributes for each point in the point cloud, providing
an initial 3D representation. These methods don't require camera poses as in-
put; thus, we also implement our approach on MVSplat [7] backbone which also
takes camera pose as input. We choose K = 300 and 
 = 10% for our pipeline
(ablations provided on these hyperparameters) and � is set to 0:001. We trained
our model on 1 NVIDIA A100 40GB GPU for 48 GPU hours on each dataset.
We use available pretrained checkpoints of the baseline feed-forward models for
the evaluation.

Datasets We train and evaluate our method on diverse real-world datasets
following the experimental setup of pixelSplat [4] and AnySplat [23]. Our primary
training and evaluation data is derived from RealEstate10K [79] (indoor, multi-
view videos), ACID [34] (large-scale, dynamic outdoor drone scenes) and DL3DV
[33] (large scale scene) datasets. These datasets provide multi-view images with
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COLMAP-computed [50] camera poses, and we adhere to their o�cial train-test
splits. To assess zero-shot generalization, we also evaluate on the DTU dataset
[1, 21], comprising high-quality, object-centric scans. We further report results
on the Tanks and Temples dataset [28] in the supplementary material.

Evaluation Criteria We benchmark our method on novel view synthesis us-
ing widely adopted image quality metrics: Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM) [61], and Learned Perceptual Im-
age Patch Similarity (LPIPS) [74]. Beyond these measures, we explicitly compare
against � used for 3D scene representation. This metric directly demonstrates
our approach's e�ciency in reducing redundancy while maintaining superior vi-
sual �delity.

4.2 Comparisons with Baselines

Comparisons with existing feed-forward methods are challenging because they
lack controllable Gaussian allocation and are designed for dense, per-pixel predic-
tion, unlike our approach. To enable fair comparison, we construct baselines by
applying established pruning techniques on top of state-of-the-art feed-forward
methods. We consider four representative sparse-view feed-forward methods: pix-
elSplat [4], MVSplat [7], NoPoSplat [70], and HiSplat [54], as well as Gaussian
Graph Network (GGN) [75], AnySplat [23], a recent method designed for dense-
view settings. On top of the Gaussian primitives predicted by these models, we
apply four representative pruning strategies: EAGLES [17], LightGaussian [13],
E�cientGS [37], and PUP3DGS [18].

To compare with existing methods fairly, baselines must also operate un-
der the feed-forward setting. However, directly applying pruning to the pre-
dicted Gaussians is suboptimal, as most pruning strategies assume per-scene op-
timization. While this optimization can partially recover reconstruction quality,
it breaks the feed-forward assumption. To account for this trade-o�, we evalu-
ate baselines under two settings: (1) pruning followed by per-scene �ne-tuning,
which we refer to as with �ne-tuning, and (2) direct pruning, which preserves
the feed-forward property and is referred to as without �ne-tuning. We evalu-
ate our approach in both sparse-view and dense-view feed-forward settings. For
sparse-view evaluation, we use two input views, following the protocol of pixel-
Splat [4]. For dense-view settings we evaluate using 6, 9, 16, and 32 view inputs
following the protocol of AnySplat [23]. We report results for the best-performing
backbone, while detailed comparisons across all backbones pixelSplat, MVSplat,
HiSplat, NoPoSplat, GGN, InstantSplat [12] and AnySplat are provided in the
supplementary.

4.3 Inference Time Analysis

To highlight the practical bene�ts of controllable pruning, we report rendering
throughput under di�erent pruning strengths. We measure rendering speed by
synthesizing 1000 novel views for each pruning strength and reporting the Frames
Per Second (FPS).
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4.4 Ablation Study

We analyze the impact of the key design choices in our method. Each ablation
isolates a speci�c component to evaluate its contribution to the overall perfor-
mance.

� Texture Ablation: We analyse the importance of texture for ranking Super-
Clusters. In our method, texture energy determines the order in which Super-
Clusters are selected for pruning. In this ablation, we remove the texture-based
ranking and train the model end-to-end while selecting SuperClusters randomly
for pruning to evaluate the importance of texture guidance.

� Importance of Hyperparameter K and 
: We provide ablations on various
choices of K and 
, which control the number of SuperClusters and the retention
ratio within each SuperCluster.

� Adaptive vs Fixed Gaussian Head: Here, we replace the Adaptive Gaussian
Head with a �xed, pretrained Gaussian head and directly select the retained
Gaussians from its predictions without further adaptation. This allows us to
evaluate the importance of learning adaptive Gaussian attributes after pruning.

� Binary Mask: To validate the importance of the binary mask, we train the
Adaptive Gaussian Head with the mask as input and compare it with another
Adaptive Gaussian head trained end-to-end without the mask.

Collectively, these ablations validate the importance of the key components
of our method in achieving superior performance.

4.5 Qualitative Texture Analysis

The experiments so far focus on novel view synthesis to evaluate reconstruction
quality. However, our method explicitly leverages texture signals to guide Gaus-
sian allocation. To analyze this component more directly, we perform qualitative
analysis with baselines focusing on the trends in the texture structure of the
reconstructed scenes.

5 Results

5.1 Comparison with Baselines

Quantitative Analysis Tab. 1 presents a detailed comparison of AdaptiveSplat
against established baselines on the ACID and RE10K datasets with �netuning
for sparse view input (additional evaluations without �netuning included in sup-
plementary) and Tab. 2 presents results on the DL3DV dataset with �netuning
on dense view (additional evaluations without �netuning included in supple-
mentary). Performance is reported across � = f0:4; 0:6; 0:8g. Our method con-
sistently outperforms existing pruning strategies across all datasets and � values.
On ACID, AdaptiveSplat improves PSNR from 19:43dB (EAGLES) to 22:55dB
at � = 0:4, while reducing LPIPS from 0:620 to 0:299. On RE10K, it achieves
22:29 PSNR compared to 16:60 from LightGaussian and 16:53 from EAGLES.
Improvements are even larger on DL3DV, for example with 6 views and � = 0:4,
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Fig. 5: Comparison of results on RE10K and ACID scenes using � = 0:4 and � = 0:8 of
target budget. We allocate fewer but larger 3D Gaussians to low texture SuperClusters
by the feed-forward backbone.

AdaptiveSplat reaches 20:45dB PSNR versus 11:36dB from LightGaussian. No-
tably, while baseline methods degrade signi�cantly at high pruning (� = 0:8),
our method maintains strong performance across all view counts.

Overall, the trend remains the same, highlighting the superiority of the pro-
posed approach. We report only the best-performing baselines here, while the
remaining baseline comparisons, wider pruning ranges, ablation studies (with
and without �ne-tuning across various backbones), and cross-domain evaluation
on the DTU dataset are deferred to the supplementary material.

Qualitative Analysis We present a qualitative comparison of our method in
Fig. 5 and Fig. 6. In all these results, we highlight two important issues with
the baseline methods: (a) For non-�netuned cases, �black patch" artifacts can be
consistently seen, which is indicative of empty spaces within the 3D scene where
Gaussians were removed without any readjustment. Because of �black patches"
artifacts, we see lower metrics across all baselines compared, whereas our results
show consistent results without any such artifacts and simultaneously provide
high �delity. (b) For �netuned cases, results struggle with �blobby Gaussian�
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Fig. 6: Qualitative comparison of our method with baseline methods (with �ne-
tuning) on a single scene from RE10K and ACID datasets. Our method faithfully
represents a scene even with � = 0:8 (80% pruning)

Table 1: Quantitative Results on ACID and RE10K Datasets. Comparison of
pruning methods with NoPoSplat and HiSplat as backbones across di�erent pruning
ratios �.

� = 0:4 � = 0:6 � = 0:8

Method PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"

A
C

ID
N

oP
oS

pl
at EAGLES 11.115 0.592 0.344 10.834 0.617 0.316 10.316 0.656 0.265

LightGauss. 10.835 0.632 0.350 10.706 0.636 0.346 10.611 0.638 0.343
PUP-3DGS 9.672 0.640 0.266 8.616 0.672 0.203 7.722 0.705 0.137
E�cientGS 9.171 0.665 0.193 9.290 0.661 0.196 9.303 0.663 0.195

H
iS

pl
at

EAGLES 19.433 0.620 0.555 19.769 0.605 0.565 19.464 0.618 0.556
LightGauss. 19.785 0.604 0.566 19.594 0.612 0.560 18.660 0.628 0.541
PUP-3DGS 19.382 0.617 0.558 18.529 0.643 0.538 18.003 0.659 0.527
E�cientGS 19.762 0.607 0.565 19.677 0.608 0.564 19.310 0.619 0.556

Ours 22.549 0.299 0.640 22.310 0.310 0.627 21.055 0.342 0.593

R
E

10
K N
oP

oS
pl

at EAGLES 11.017 0.573 0.415 10.846 0.588 0.399 10.530 0.614 0.367
LightGauss. 10.185 0.625 0.393 10.282 0.625 0.397 10.373 0.623 0.397
PUP-3DGS 10.298 0.599 0.371 9.737 0.623 0.332 8.772 0.656 0.263
E�cientGS 8.742 0.658 0.262 8.841 0.655 0.266 8.801 0.658 0.263

H
iS

pl
at

EAGLES 16.526 0.598 0.556 16.404 0.606 0.552 16.243 0.614 0.547
LightGauss. 16.598 0.596 0.558 16.421 0.604 0.552 16.056 0.618 0.542
PUP-3DGS 16.472 0.601 0.558 16.083 0.618 0.543 15.588 0.638 0.529
E�cientGS 16.525 0.598 0.556 16.404 0.606 0.551 16.242 0.613 0.546

Ours 22.294 0.235 0.735 22.110 0.243 0.726 20.740 0.272 0.692

artifact. This happens as existing pruning methods completely remove all Gaus-
sians from a local region without replacing them. To compensate for the empty
space, Gaussians from neighboring areas must expand, which distorts their shape
and negatively impacts the quality of the overall representation. This e�ect per-
sists even after further �netuning, as the fundamental problem of sub-optimal
Gaussian allocation remains.
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Table 2: Multiview Results on DL3DV Dataset. Comparison of pruning methods
using the AnySplat base model across varying view counts and pruning ratios �.

� = 0:4 � = 0:6 � = 0:8

Method PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"

6
V

ie
w

s EAGLES 10.464 0.675 0.241 9.206 0.688 0.193 7.693 0.703 0.129
LightGauss. 11.361 0.671 0.262 10.295 0.683 0.223 9.169 0.697 0.177
PUP-3DGS 10.746 0.672 0.249 9.695 0.683 0.206 8.424 0.695 0.157
Ours 20.448 0.334 0.601 20.307 0.366 0.582 20.049 0.408 0.556

9
V

ie
w

s EAGLES 11.384 0.662 0.289 9.813 0.678 0.234 8.147 0.695 0.159
LightGauss. 13.252 0.652 0.325 12.272 0.665 0.294 10.874 0.682 0.244
PUP-3DGS 12.236 0.654 0.305 10.753 0.672 0.260 9.178 0.686 0.198
Ours 19.678 0.354 0.569 19.582 0.381 0.555 19.437 0.413 0.536

16
V

ie
w

s EAGLES 6.460 0.683 0.074 5.773 0.711 0.031 9.002 0.692 0.206
LightGauss. 14.580 0.646 0.366 13.806 0.661 0.343 12.375 0.678 0.295
PUP-3DGS 13.847 0.655 0.353 12.399 0.664 0.314 10.493 0.682 0.252
Ours 19.125 0.392 0.524 19.082 0.410 0.512 18.990 0.435 0.498

32
V

ie
w

s EAGLES 13.944 0.665 0.373 12.828 0.672 0.346 10.817 0.691 0.276
LightGauss. 14.362 0.663 0.375 13.835 0.669 0.361 12.531 0.683 0.322
PUP-3DGS 14.335 0.661 0.376 13.630 0.668 0.355 11.938 0.685 0.312
Ours 17.677 0.446 0.476 17.653 0.461 0.467 17.607 0.481 0.456

We also show e�ects of increasing � in Fig. 6, where we pick three broad prun-
ing rates (� = f0:4; 0:6; 0:8g) and compare AdaptiveSplat with the baselines. As
can be seen, baselines degrade the scene quality and completely fail to adapt
existing Gaussian attributes at higher � value. In contrast, AdaptiveSplat op-
timally re-adjusts 3D Gaussians to adapt to higher pruning rates, consistently
maintaining the high scene quality. We show more qualitative results in the
supplementary.

5.2 Ablation Study

Tab. 3 evaluates the contribution of key components of our method at a �xed
pruning budget � = 0:4. Our analysis reveals that removing the Adaptive GS
Head training signi�cantly degrades performance, reducing PSNR from 22:55
dB to 17:44 dB on ACID and from 22:29 dB to 19:81 dB on RE10K, which
indicates that learning to adapt Gaussian attributes post-pruning is critical for
recovering reconstruction quality. Similarly, excluding the DWT-based texture
signal leads to noticeable performance decreases speci�cally from 22:55 dB to
21:31 dB on ACID con�rming the importance of texture guidance in ranking
SuperClusters and allocating Gaussians e�ectively. Finally, removing the con-
textual mask further degrades RE10K performance to 20:06 dB, highlighting
its vital role in providing spatial context for the Adaptive Gaussian Head. The
impact of hyperparameters K and 
 is evaluated in Tab. 4, where increasing K
generally improves reconstruction quality by producing �ner SuperClusters that
better identify low-texture regions and enable more precise allocation of larger
Gaussians. However, these quality gains become marginal beyond K = 300 while



AdaptiveSplat 13

Table 3: Ablation study. We evaluate the impact of training the GS Head, texture
features, and the contextual mask at a �xed budget of � = 0:4.

ACID RE10K

Ablation Variant PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"

w/o Texture 21.31 0.326 0.623 20.73 0.260 0.713
w/o Adaptive GS Head 17.44 0.445 0.490 19.81 0.399 0.617
w/o Binary Mask 22.52 0.318 0.642 20.06 0.339 0.656

Ours 22.55 0.299 0.639 22.29 0.235 0.735

training costs continue to rise. Regarding the retention ratio, we observe that re-
taining 
 = 0:10 of Gaussians achieves the best performance, particularly under
high pruning scenarios such as � = 0:9. Larger 
 values tend to introduce redun-
dant Gaussians in the same regions, which ultimately degrades reconstruction
quality, consistent with observations in prior works [13, 14, 17]. Overall, these
results demonstrate that each individual component contributes signi�cantly to
the �nal performance, with their combination yielding the highest reconstruction
quality across both the ACID and RE10K datasets.

Table 4: E�ect of the number of clusters k (left) and retention percentage 
 (right)
on reconstruction quality across scenes.

A. Varying number of clusters k B. Varying retention percentage 


Con�g PSNR" LPIPS# SSIM" Con�g PSNR" LPIPS# SSIM"

k = 50 22.416 0.303 0.636 
 = 0:05 21.796 0.347 0.608
k = 100 22.488 0.301 0.638 
 = 0:10 22.549 0.299 0.640
k = 300 22.549 0.299 0.640 
 = 0:15 21.587 0.352 0.589
k = 400 22.559 0.298 0.641 
 = 0:20 22.262 0.304 0.629

5.3 Qualitative Texture Analysis

We provide additional analysis focusing on scene texture preservation. Our method
explicitly targets low-texture regions for pruning, allowing the model to allocate
fewer but larger Gaussians in such areas while preserving �ne details in highly
textured regions. Fig. 7 presents a qualitative comparison of texture preserva-
tion on a representative scene across di�erent pruning ratios. We observe that
baseline methods tend to oversmooth textured regions under pruning, leading
to noticeable loss of high-frequency details. In comparison, our approach bet-
ter maintains scene �delity by leveraging texture-aware clustering and natural
scene statistics. Furthermore, Fig. 8 provides additional qualitative comparisons
across multiple scenes at � = 0:4, demonstrating that while baselines su�er from
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blurred edges, over-smoothing, and structural distortion, our method maintains
sharp high-frequency details and structural integrity.

Fig. 7: Texture Analysis (�xed
scene): Baselines smooth out the tex-
tures whereas we retain texture of the
scene across the regions.

Fig. 8: Texture Analysis (varying
scene): Across the scenes we observe
oversmoothed regions whereas we retain
the texture of the scene.

These results consistently demonstrate that competing methods introduce
excessive smoothing in high-texture areas, whereas our method preserves struc-
tural details more e�ectively under increasing pruning strengths. Fig. 9 shows
the histogram of mean scale values demonstrating our insight empirically that
mean scale values of 3D Gaussians corresponding to low texture regions are pre-
dicted larger in our method to retain the quality of scene; thus, redundant 3D
Gaussians can be pruned.

Fig. 9: Plot of mean scale values with
log10 frequency: Predicted 3D Gaus-
sians from our method are larger than tra-
ditional 3D Gaussian representation.

Fig. 10: Plot of rendering speed in Frame
Per Second (FPS) with increasing pruning
strength.
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