
HyRF: Hybrid Radiance Fields for Memory-efficient 
and High-quality Novel View Synthesis

The Trilemma of Scene Representations  
Previous methods cannot simultaneously achieve high rendering 
quality, real-time rendering and compact model size.  
• NeRF-based methods (e.g. MipNeRF-360) struggle with fine details and slow 

rendering speeds.
• 3DGS face challenges of large model sizes.
• A naive combination of neural fields and 3DGS leads to loss of high-

frequency information. 
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Figure 4: Qualitative comparisons of our method against previous approaches on standard real-world
datasets [3, 16, 13]. The selected scenes include the bicycle and counter scenes from the MipNeRF360
dataset [2], the playroom scene from the DeepBlending dataset [13], and the truck scene from the
Tanks & Temples dataset [16]. Arrows and insets are used to highlight key differences.

Table 1: Quantitative evaluation of our method compared to previous works on the MipNeRF360 [3],
Tanks & Temples [16], and Deep Blending [13] datasets. We consistently achieve the best rendering
quality, with model sizes comparable to NeRF-based methods and rendering speeds similar to 3DGS-
based methods. The best results are indicated in bold, while the second-best results are underlined.

Dataset Mip-NeRF360 [3] Tanks&Temples [16] Deep Blending [13]
PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑ PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑ PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑

Plenoxels [8] 23.08 0.626 0.463 6.79 2150 21.08 0.719 0.379 13.0 2355 23.06 0.795 0.510 11.2 2764
Instant-NGP [27] 25.59 0.699 0.331 9.43 48 21.92 0.745 0.305 14.4 48 24.96 0.817 0.390 2.79 48
M-NeRF360 [3] 27.69 0.792 0.237 0.06 8.6 22.22 0.759 0.257 0.14 8.6 29.40 0.901 0.245 0.09 8.6
3DGS [15] 27.21 0.815 0.214 117 734 23.14 0.841 0.183 130 411 29.41 0.903 0.243 112 676
Scaffold-GS [23] 27.39 0.806 0.252 86 244 23.96 0.853 0.177 94 86.5 30.21 0.906 0.254 120 66

Ours 27.78 0.816 0.211 102 49 24.02 0.844 0.176 106 39 30.37 0.910 0.241 114 34

4.2 Results and Evaluation

Standard real-world scenes: Table 1 presents the quantitative results evaluated on real-world scenes.
Our method achieves state-of-the-art rendering quality while maintaining a compact model size and
real-time rendering speed. Compared to 3DGS [15], our method delivers superior rendering quality
while reducing the model size by over 12 times and maintaining comparable rendering speed. When
compared to Scaffold-GS [23], our method shows significant improvements in rendering quality, with
model sizes 1.5 to 5 times smaller and faster rendering speeds.

Table 2: Comparison on the
NeRF Synthetic dataset [25].

PSNR→ Size(MB)↑

MipNeRF [2] 32.63 2.4
Instant-NGP [49] 33.18 12
3DGS [15] 33.32 53
Scaffold-GS [23] 33.68 23

Ours 33.72 13

Qualitative comparisons between our method and previous ap-
proaches are illustrated in Fig. 4. Our method excels in capturing
fine details, as demonstrated in the bicycle, counter, and playroom

scenes, while also achieving better background modeling, as seen
in the truck scenes.

Object-centered synthetic scenes: Table. 2 presents the qualitative
results on the NeRF Synthetic [25] dataset. Our method achieves the
best results among all the comparison methods, with a size slightly
larger than Instant-NGP [27] and over 4 times smaller than 3DGS.

Large-scale real-world scenes: Table. 3 presents the qualitative results for two urban-scale
datasets [43, 20]. Our approach achieves superior rendering quality with a more compact model size
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Figure 1: Mip-NeRF360 [3] struggles with inaccuracies in fine details and slow rendering speeds,
while 3DGS [15] face challenges of large model sizes and blurry background. A naive combination
of neural fields and 3DGS leads to loss of high-frequency information. Our method overcomes these
challenges through an innovative hybrid architecture. By synergistically combining neural fields,
explicit Gaussians, and neural background map, we achieve competitive or superior performance in
both visual quality and model compactness, while maintaining real-time rendering capabilities.

methods, which efficiently model view-dependent effects through neural network conditioning with
minimal parameter growth.

A natural approach to reducing 3DGS storage costs is to encode 3D Gaussian properties in grid-based
neural fields [48, 41]. However, this method faces a fundamental limitation: the fixed resolution of
grid-based representations struggles to capture the high-frequency spatial variations in 3D Gaussian
properties. This issue is particularly pronounced when modeling scenes with rapid opacity and scale
changes at object boundaries or high-frequency view-dependent effects. As a result, naively fitting
3D Gaussians to neural fields often fails to reconstruct fine details, such as thin geometric structures
and high-frequency color variations.

In this paper, we present Hybrid Radiance Fields (HyRF), a novel scene representation that effec-
tively addresses the frequency limitations of neural Gaussian approaches while maintaining low
memory overhead. Our key insight is to decompose the representation into two complementary
components: grid-based neural fields that capture low-frequency variations, and a sparse set of
explicit compact Gaussians that preserve high-frequency details. Our neural component employs a
decoupled architecture with two specialized neural fields: a geometry network dedicated to modeling
geometric Gaussian properties (scale, opacity, and rotation), and a separate appearance network
for view-dependent color prediction. This explicit disentanglement of geometric and photometric
learning objectives significantly enhances representational capacity of neural fields while maintaining
parameter efficiency. Meanwhile, our explicit Gaussian component stores only essential properties,
i.e., 3D positions, isotropic scales, opacity values, and diffuse colors, in order to minimize memory
overhead while preserving critical scene details.

To achieve both efficiency and rendering quality, we propose a hybrid rendering pipeline that operates
in three stages. First, our visibility pre-culling module eliminates Gaussians outside the current
view frustum, significantly reducing computational overhead of querying neural fields. Next, we
process the remaining visible Gaussians by querying their positions through our neural field to
predict neural Gaussian properties, which are then combined with the stored explicit parameters
to recover high-frequency details. To address the insufficient background modeling of Gaussian
representations, we implement a learnable solution where the neural field generates a background
map projected onto a background sphere. This background map is composited with the foreground
Gaussian rendering through alpha blending, therefore achieves high visual quality for both foreground
and remote background objects.

In summary, our key contributions include: (i) A novel integration of neural fields with explicit
compact Gaussians, preserving high-frequency details while minimizing memory overhead. (ii) A
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TLDR: Radiance fields with SOTA quality, NeRF size 
and 3DGS speed.
• A novel integration of neural fields with explicit compact Gaussians, 

preserving high-frequency details while minimizing memory overhead.
• A dual-field architecture that improves the modeling of Gaussian properties 

by disentangling geometry and view-dependent effects.
• A hybrid rendering strategy that reduces computational overhead and 

improves rendering quality for backgrounds.
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Figure 2: Framework overview. Our method represents the scene using grid-based neural fields and
a set of compact explicit Gaussians storing only 3D position, 3D diffuse color, isotropic scale, and
opacity. We encode the point position into a high-dimensional feature using the neural field and
decode it into Gaussian properties with tiny MLP. These Gaussian properties are then aggregated
with the explicit Gaussians and integrated into the 3DGS rasterizer.

following point-based alpha-blending method.

C =
∑

i→N
ciωi

i↑1∏

j=1

(1→ ωj), (1)

where C is the final predicted pixel color, N is the set of sorted Gaussians projected onto the pixel.

3.2 Hybrid Radiance Fields

Our method represents a scene using 1) a explicit set of 3D Gaussians each holds only 8 parameters,
including positions pe ↑ R3, diffuse color ce ↑ R3, isotropic scale se ↑ R and opacity ωe ↑ R.
and 2) a compact grid-based neural field. We choose the multi-resolution hash encoding [27] as our
neural field for its efficiency and strong performance. An overview is illustrated in Fig. 2.

Decoupled neural fields: Empirical results demonstrate that predicting all Gaussian properties
through a single neural field fails to achieve satisfactory performance. We attribute this limitation to
the weak correlation between Gaussian geometry and appearance attributes, which makes them hard
to be learned jointly within a single neural field. To address this issue, we propose a decoupled neural
field architecture, which predicts geometry properties (scale, opacity and rotation) and appearance
property (view-dependent color) with two separate neural fields !geo and !rad.

Given the position of a 3D point pi, we first employ a scene contraction technique similar to that
in MipNeRF360 [3] to constrain the input coordinates. We first normalize the coordinates using
the axis-aligned bounding box (AABB) B0 of the scene, which we defined as the minimum and
maximum camera positions. Next, we contract the normalized points to the range (0, 1) using the
following formula:

contract(pi) =

{
0.25 · pi + 1 if ↓pi↓ ↔ 1
0.25 · (2→ 1

↓pi↓ )(
pi

↓pi↓ ) + 1 otherwise. (2)

Note that we contract the points to (0, 1) instead of (→2, 2) to meet the input requirements for the
multi-resolution hash [27].

Then we use the decoupled neural fields to encode it into two high-dimensional features:

firad = enc(pi;!rad), figeo = enc(pi;!geo), (3)

where firad and figeo are the encoded features.
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(a) Visibility Pre-Culling. We first determine whether each Gaussian lies within 
the current view frustum before applying neural field decoding.
(b) Background Map. For each camera ray, we: 

1. Compute its intersection point with a background sphere, 
2. Sample the radiance field at the intersection point.
3. Composite the foreground and background colors using alpha blending.

By synergistically combining neural fields, explicit Gaussians, and neural 
background map, we achieve competitive or superior performance in both visual 
quality and model compactness, while maintaining real-time rendering.

Table 3: Quantitative evaluation of our method compared to previous works on two urban-scale
datasets: Mill19 [43] and Urbanscene3D [20] dataset. Our method achieves the best rendering quality

among all compared methods, being 4 to 7 times smaller than 3DGS-based methods and over 7000
times faster than NeRF-based methods.

Dataset Mill19 [43] Urbanscene3D [20]
PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑ PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑

MegaNeRF [43] 22.50 0.55 0.510 <0.01 32 23.84 0.699 0.440 <0.01 32
SwitchNeRF [56] 22.93 0.571 0.485 <0.01 17 24.54 0.725 0.418 <0.01 17
3DGS [15] 22.41 0.695 0.348 81 1566 21.41 0.763 0.287 84 935
Scaffold-GS [23] 22.33 0.658 0.339 36 560 20.25 0.729 0.295 34 435

Ours 23.52 0.709 0.319 75 215 24.68 0.791 0.272 77 202

Table 4: Quantitative evaluation of our method
compared to previous 3DGS compression work
on the MipNeRF-360 dataset [3].

PSNR→ SSIM→ LPIPS↑ Size(MB)↑

Niedermayr et al. [30] 26.98 0.801 0.238 28.84
Lee et al. [17] 27.08 0.798 0.247 48.80
Girish et al. [11] 27.15 0.808 0.228 68.10
Papantonakis et al. [34] 27.1 0.809 0.226 25.40
Chen et al. [6] 27.59 0.808 0.234 22.50

Ours 27.66 0.814 0.210 18.04

Table 5: Ablation studies of the key compo-
nents of our method on the Tanks & Temples
dataset [16].

PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑

Full model 24.07 0.847 0.175 106 41

w/o Decouple. 23.78 0.840 0.187 101 37
w/o Explicit 23.45 0.829 0.196 121 27
w/o Neural 22.22 0.797 0.266 127 14
w/o Background 23.43 0.838 0.19 112 41
w/o Pre-culling 24.06 0.847 0.175 27 41

compared to 3DGS. Notably, the gap of rendering speed between our method and 3DGS narrows as
the number of rendered points increases. In contrast, Scaffold-GS experiences a significant decline in
speed as the number of Gaussians grows. A qualitative comparison is can be found in the supple-
mentary materials, where our method demonstrates a better ability to capture fine details and handle
lighting variations, where 3DGS and Scaffold-GS suffers from blurs and artifacts.

Model compression: Though our method does not inherently include post-processing compression
techniques, it remains compatible with most existing 3DGS compression approaches [22, 17]. Our
representation achieves better performance by storing significantly fewer explicit Gaussian parameters.
To evaluate our method’s compactness, we apply post-processing techniques similar to [17], including:
(1) storing point positions as half-precision tensors, (2) applying residual vector quantization (R-VQ)
and Huffman encoding to explicit Gaussian properties, and (3) employing Huffman encoding with
8-bit min-max quantization for the hash table (see supplementary materials for details).

As shown in Table 4, our compressed results outperform five state-of-the-art 3DGS compression
methods in both model size and rendering quality. Notably, while conventional 3DGS compression
methods typically sacrifice rendering quality for storage efficiency, our approach maintains superior
visual fidelity even after aggressive compression.

4.3 Model Analysis

Decoupled neural fields: We conduct a comparative analysis between our decoupled neural fields
approach and a single neural field that predicts all Gaussian parameters simultaneously. To maintain
experimental fairness, we configure the maximum hash size of the single neural field to be 218,
which leads to a slightly larger parameter count as our decoupled architecture. As demonstrated in
Table 5, the single neural field exhibits consistent degradation across all image quality metrics. This
limitation arises from the inherent challenge of using a single network to concurrently represent both
geometric and appearance properties of 3D Gaussians, resulting in compromised rendering fidelity
and inaccurate geometry such as gaps and holes, as visually confirmed in Fig. 5.

Hybrid rendering: We evaluate our model using two rendering approaches: (1) our proposed hybrid
rendering pipeline and (2) conventional 3DGS rasterization. Quantitative results in Table 5 show
that disabling background rendering results in significantly degraded visual quality, despite offering
only marginal improvements in rendering speed. This finding supports our hypothesis that standard
3DGS approaches struggle to properly densify and optimize distant objects. As shown in Fig. 6,
our qualitative analysis further reveals that background rendering plays a crucial role in maintaining
high-frequency details for distant scene elements, with particularly notable of fine cloud structures.

Neural Gaussians: Our method leverages neural fields to predict the anisotropic shape and view-
dependent color of 3D Gaussians. Without these neural components, our framework falls back to
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Figure 4: Qualitative comparisons of our method against previous approaches on standard real-world
datasets [3, 16, 13]. The selected scenes include the bicycle and counter scenes from the MipNeRF360
dataset [2], the playroom scene from the DeepBlending dataset [13], and the truck scene from the
Tanks & Temples dataset [16]. Arrows and insets are used to highlight key differences.

Table 1: Quantitative evaluation of our method compared to previous works on the MipNeRF360 [3],
Tanks & Temples [16], and Deep Blending [13] datasets. We consistently achieve the best rendering
quality, with model sizes comparable to NeRF-based methods and rendering speeds similar to 3DGS-
based methods. The best results are indicated in bold, while the second-best results are underlined.

Dataset Mip-NeRF360 [3] Tanks&Temples [16] Deep Blending [13]
PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑ PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑ PSNR→ SSIM→ LPIPS↑ FPS→ Size(MB)↑

Plenoxels [8] 23.08 0.626 0.463 6.79 2150 21.08 0.719 0.379 13.0 2355 23.06 0.795 0.510 11.2 2764
Instant-NGP [27] 25.59 0.699 0.331 9.43 48 21.92 0.745 0.305 14.4 48 24.96 0.817 0.390 2.79 48
M-NeRF360 [3] 27.69 0.792 0.237 0.06 8.6 22.22 0.759 0.257 0.14 8.6 29.40 0.901 0.245 0.09 8.6
3DGS [15] 27.21 0.815 0.214 117 734 23.14 0.841 0.183 130 411 29.41 0.903 0.243 112 676
Scaffold-GS [23] 27.39 0.806 0.252 86 244 23.96 0.853 0.177 94 86.5 30.21 0.906 0.254 120 66

Ours 27.78 0.816 0.211 102 49 24.02 0.844 0.176 106 39 30.37 0.910 0.241 114 34

4.2 Results and Evaluation

Standard real-world scenes: Table 1 presents the quantitative results evaluated on real-world scenes.
Our method achieves state-of-the-art rendering quality while maintaining a compact model size and
real-time rendering speed. Compared to 3DGS [15], our method delivers superior rendering quality
while reducing the model size by over 12 times and maintaining comparable rendering speed. When
compared to Scaffold-GS [23], our method shows significant improvements in rendering quality, with
model sizes 1.5 to 5 times smaller and faster rendering speeds.

Table 2: Comparison on the
NeRF Synthetic dataset [25].

PSNR→ Size(MB)↑

MipNeRF [2] 32.63 2.4
Instant-NGP [49] 33.18 12
3DGS [15] 33.32 53
Scaffold-GS [23] 33.68 23

Ours 33.72 13

Qualitative comparisons between our method and previous ap-
proaches are illustrated in Fig. 4. Our method excels in capturing
fine details, as demonstrated in the bicycle, counter, and playroom

scenes, while also achieving better background modeling, as seen
in the truck scenes.

Object-centered synthetic scenes: Table. 2 presents the qualitative
results on the NeRF Synthetic [25] dataset. Our method achieves the
best results among all the comparison methods, with a size slightly
larger than Instant-NGP [27] and over 4 times smaller than 3DGS.

Large-scale real-world scenes: Table. 3 presents the qualitative results for two urban-scale
datasets [43, 20]. Our approach achieves superior rendering quality with a more compact model size
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Synthetic dataset

Qualitative comparisons of our method against previous approachesGrid-based neural fields often overlook high-frequency scene components such as 
intrinsic structures. We address this problem by aggregating the predicted properties 
from neural fields with explicit properties stored in each Gaussian. These Gaussian 
properties are then integrated into the efficient 3DGS rasterizer.
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