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Abstract

3D Gaussian Splatting (3DGS) has vastly advanced the pace of
neural rendering, but it remains computationally demanding on
today’s mobile SoCs. To address this challenge, we propose Lu-
MINA, a hardware-algorithm co-designed system, which integrates
two principal optimizations: a novel algorithm, S?, and a radiance
caching mechanism, RC, to improve the efficiency of neural ren-
dering. S? algorithm exploits temporal coherence in rendering to
reduce the computational overhead, while RC leverages the color
integration process of 3DGS to decrease the frequency of inten-
sive rasterization computations. Coupled with these techniques, we
propose an accelerator architecture, LUMINCORE, to further accel-
erate cache lookup and address the fundamental inefficiencies in
Rasterization. We show that LumINA achieves 4.5X speedup and
5.3% energy reduction against a mobile Volta GPU, with a marginal
quality loss (< 0.2 dB peak signal-to-noise ratio reduction) across
synthetic and real-world datasets.

CCS Concepts

« Computer systems organization — Neural networks; Real-
time system architecture; - Computing methodologies —
Rasterization.
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1 Introduction

Neural Radiance Fields (NeRF) [56] has transformed the landscapes
of Virtual/Augmented Reality (VR/AR) [18, 33, 35, 61], large-scale
landscape modeling [9, 52, 67, 73], virtual avatar [15, 37, 70], novel
view synthesis [50, 77, 79], and beyond [29]. Although NeRF yields
impressive results, its intensive computation is always a key bottle-
neck to achieving real-time and high-resolution rendering [14, 71].

To address this challenge, 3D Gaussian Splatting (3DGS) has
been proposed as a fast alternative to the NeRF pipeline [40]. Un-
like NeRF, which requires dense sampling along each ray, 3DGS
projects precomputed Gaussian points onto the rendering screen,
simplifying the color integration process and light transport mod-
eling in 3D spaces. Despite numerous efforts [14, 20, 21, 40, 47, 71],
3DGS still falls short of the real-time requirement, e.g., 90 frames
per second (FPS) [1, 2, 69], in AR/VR applications. For instance,
on a mobile Volta GPU [5], 3DGS merely achieves 5 - 21 FPS on
real-world scenes [10, 32, 42], far from the real-time target.

We aim to enhance the efficiency of 3DGS rendering in AR/VR
applications. Our characterizations show that Sorting and Rasteriza-
tion dominate the 3DGS rendering time, accounting for over 90% of
the total execution (Sec. 2.2). To address the two main bottlenecks
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in 3DGS, we introduce LUMINA, a hardware-algorithm co-designed
system in this paper.

Algorithms. We first propose a novel Sorting-Shared (S?) al-
gorithm to address one of the bottlenecks, Sorting. S? algorithm
extends 3DGS by leveraging temporal redundancy in rendering
(Sec. 3.1), sharing sorting results across multiple frames. In addi-
tion, S? preemptively executes Sorting, effectively hiding Sorting
execution time and mitigating frame stuttering. By doing so, Lu-
MINA reduces the Sorting computations without losing quality.

While S? algorithm effectively hides Sorting latency in 3DGS, it
does leave the other bottleneck, Rasterization, which is compute-
intensive due to its color integration process. To accelerate Rasteri-
zation, we propose Radiance Caching (RC), a lightweight caching
mechanism that leverages the previous rendering results to approx-
imate the current pixel values with a negligible compute overhead.

RC leverages a key insight: two rays intersecting the same se-
quence of Gaussian points would likely yield the same pixel values
(Sec. 3.2). Specifically, we propose to cache a short record of “signifi-
cant” ray-Gaussian intersections from previous renderings. Instead
of executing the whole color integration, this short record allows
us to perform only the initial segment of the color integration and
determine the pixel values by matching with the cached record.

Fine-Tuning. However, directly applying RC to 3DGS occa-
sionally introduces rendering artifacts. To address this, we propose
end-to-end fine-tuning for our new pipeline to enhance rendering
quality while maintaining the caching efficiency. Overall, our re-
sult shows that RC avoids 55% computation, on average, in color
integration with minimal impact on quality.

Architectural Support. Coupled with two optimizations, we
further propose a customized architecture, LUMINCORE (Sec. 4), to
address the inherent computation inefficiencies in Rasterization.
Our characterization shows that the color integration in Raster-
ization is inherently sparse, leading to low GPU utilization due
to warp divergence. Radiance-cached Rasterization further exac-
erbates this divergence, transforming a full pixel rendering into
a sparser one. Thus, we design dedicated Neural Rendering Units
(NRUs) in LumINCORE to tackle the sparse color integration in Ras-
terization. Along with NRUs, we co-design a specialized hardware
cache, LUMINCACHE, to speed up the cache lookup in RC.

Result. By integrating LuMINA into an off-the-shelf mobile SoC
with negligible hardware overhead (0.4%), we show that LumINa
achieves 4.5x speedup and 5.3X energy efliciency against a mobile
Volta GPU, with a marginal quality loss.

Our contributions are summarized as follows:

e We introduce a plug-and-play S? algorithm that leverages
the temporal coherence in 3DGS to completely hide the Sort-
ing overhead during real-time rendering.

o We propose a novel RC mechanism that caches ray-Gaussian
intersections and reduces the computation of color integra-
tion in Rasterization by 55%.

e We propose a LUMINCORE architecture, co-designed to ad-
dress the GPU warp divergence in Rasterization.

o We demonstrate that LUMINA can achieve 4.5% speedup and
5.3X energy reduction against a mobile Volta GPU, with a
marginal loss on visual quality.
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2 Motivation

We begin by introducing 3DGS fundamentals in Sec. 2.1. Then, we
identify the main inefficiencies of the 3DGS pipeline in Sec. 2.2.

2.1 3DGS Pipeline

Why 3DGS? Recent 3DGS [40] revolutionizes NeRF rendering by
drastically accelerating the conventional NeRF rendering process.
Conventional NeRF rendering is known for its computational inten-
sity due to the extensive ray samplings. Each ray sample is required
to perform a MLP operation.

In contrast, 3DGS proposes a reverse operation called “splat-
ting”, where Gaussian points (or “Gaussians” for short) are directly
projected onto the rendering screen. This method sidesteps the
compute-heavy task of ray-object intersections by reversing the
workflow: rather than rays seeking Gaussians, Gaussians are di-
rectly mapped onto the screen.

To date, all 3DGS variants adhere to a uniform rendering pro-
cess [14, 20, 21, 40, 47, 71]. The primary variation across different
3DGS algorithms is the training methodology, not the rendering
process. Thus, this paper focuses on the original 3DGS rendering
process [40] without loss of generality.

As Fig. 1 shows, 3DGS executes rendering tile-by-tile through
three steps: Projection, Sorting, and Rasterization.

Projection. Given a camera pose, Projection serves two main
purposes: first, it filters out Gaussians that fall outside the view
frustum (e.g. grey ellipsoids), retaining only those Gaussians be-
tween the near- and far-clip planes (e.g. colored ellipsoids) as shown
in Fig. 1; second, it projects each Gaussian, with a defined cutoff
radius, onto the screen to determine its intersecting tiles.

Sorting. Once each tile collects its intersected Gaussian IDs,
Sorting then determines the rendering order of those Gaussians,
ensuring that all points are rendered according to their depth, from
the closest to the furthest (relative to the camera pose), as shown
in Sorted Splatting Table.

Rasterization. Once all Gaussians are sorted, Rasterization
renders these Gaussians tile-by-tile. Every pixel within a tile would
iterate the same set of Gaussians, calculating the transparency and
integrating the color of those Gaussians to its pixel in the sorted
order. For example, every pixel in tile Ty integrates Gaussians in @
— O — @ order. Eqn. 1 governs the color integration of pixel p:

N i-1
C(p) = Z Tiaici, where T = ﬂ(1 - a)) 1)
i=1 j=1
where I; denotes the accumulative transmittance of pixel p from the
first Gaussian 1st to the i — 1th. @; and ¢; stand for the transparency
and the color at the ith Gaussian, respectively.

Note that, if the Gaussian’s «; value is smaller than % this
Gaussian will be skipped in the color integration process to avoid
numerical instabilities, as shown in Fig. 1. The color integration
terminates once the accumulative transmittance I falls below a
predefined threshold, 6.

2.2 Performance Characterization

Model Size. To achieve photorealism, 3DGSs require dense Gaus-
sians to reconstruct the scene. Fig. 2a shows the correlation be-
tween scene complexity and model size. Moving from small-scale
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Fig. 1: The computation flow of today’s 3DGS rendering pipeline is highlighted in green. Gaussian points are first projected
onto the rendering screen to determine their intersection with image tiles (e.g., To, T1). Next, each tile sorts the intersected
points based on their depth values, from the nearest to the farthest. Finally, within each tile, Gaussian points are splatted onto
the screen in the sorted order to render the final image governed by the color integration equation (Eqn. 1). Note that, only
those Gaussians with significant transparency «; (o; > %) will be integrated in the final pixel.
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Fig. 2: Model size and runtime performance trends with scene
complexity. Rendering real-world scenes requires longer la-
tencies, driven by their increased scene complexity. Perfor-
mance measurements conducted across four key datasets:
S-NeRF [56], T&T [42], DB [32], and U360 [10].

synthetic to real-world scenes, there is a significant increase in
model size. Synthetic scenes in the S-NeRF dataset [56] contain
relatively few Gaussians (less than 1 million). However, real-world
datasets [10, 32, 42] increase the number of Gaussians over 10X,
with the U360 dataset reaching over 6 million Gaussians.

Performance. For real-world scenes, the growth in model size
poses computational challenges compared to their synthetic coun-
terparts. As more detailed rendering is demanded in today’s appli-
cations, increasingly large-scale models [41, 53] are necessitated
for the intricate geometries and light interactions in the real world.
Fig. 2b shows the rendering performance across datasets on a mo-
bile Volta GPU on Nvidia Xavier SoC ! [5]. As the rendering scenes
transition from synthetic to real-world scenarios, the performance
drops from 66 to 5 FPS, far below the real-time requirements of
90-100 FPS for AR/VR platforms [1, 2].

Execution Breakdown. To understand the main bottlenecks in
3DGS, Fig. 3 presents the normalized execution breakdown across
four datasets. Overall, Sorting and Rasterization dominate the exe-
cution time, accounting for 23% and 67% on average, respectively.

The performance of the Volta GPU (2.8 TFLOPS) is comparable to that of the GPU (3.5
TFLOPS) in the Snapdragon XR2 [8], released in September 2023 for VR platforms [7].
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Fig. 3: Normalized execution Fig. 4: The percentage of sig-
breakdown across scenes. nificant Gaussians per pixel
Sorting and Rasterization and the average number of it-
dominate the execution. erated Gaussians per pixel.

One thing worth mentioning, as the model size increases, no clear
trend shows significant changes in the execution distribution. This
means that the optimization focus will not shift as the scene scales.
Sparse Color Integration. With Rasterization dominating the
overall execution time, we further pinpoint its performance bottle-
neck. By default, pixels within a tile are designed to iterate the same
set of Gaussians, as shown in Fig. 1. However, Gaussians contribute
to the final pixel in Eqn. 1 only if their transparencies, a, exceed %
We refer to these Gaussians as significant Gaussians. Fig. 4 char-
acterizes the percentage of significant Gaussians versus the total
Gaussians iterated per pixel across four datasets in Rasterization.
In Fig. 4, the left y-axis shows the percentage of significant
Gaussians while the right y-axis shows the average number of total
Gaussians per pixel. Despite each pixel iterating over a thousand
of Gaussians, the percentage of significant Gaussians remains low,
averaging only 10.3% with a standard deviation of 2.1%. This shows
that each pixel is generated by only a small subset of Gaussians.
Warp Divergence. Due to the sparsity in the color integra-
tion (Fig. 4), different pixels might integrate different subsets of
Gaussians. However, in typical GPU implementations, Rasteriza-
tion is parallelized across pixels, assigning one thread to one pixel.
The workload discrepancy across pixels would result in inefficient
GPU utilization due to warp divergence in Fig. 5. Since threads are
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Fig. 5: Example of a warp execution during Rasterization, as-
suming 4 threads per warp. Colored blocks show that threads
are not masked and perform meaningful computations. Be-
tween two computation periods, all threads load data from
global memory and synchronize. Sparse color integration
shown in Fig. 4 leads to severe warp divergence.

grouped into warps in modern GPU, all threads in a warp execute
together in a Single Instruction Multiple Thread (SIMT) fashion.

The example in Fig. 5 shows a simplified GPU execution model
with four threads within a warp. Here, one color represents one
thread activity during rendering. The color integrations are inter-
leaved with data synchronization, i.e., fetching Gaussians from
global memory to shared memory. Since each thread requires dif-
ferent Gaussians, the GPU will mask threads that do not need to
integrate specific Gaussians at that time. Our result shows that
threads remain masked over 69% of the time across scenes with
a standard deviation of 10%, showing low GPU utilization. This
inefficiency underscores that GPUs are ill-suited for Rasterization.

Although prior studies propose various techniques to address
GPU warp divergence [28, 55, 59], these methods are not suited
for Rasterization in 3DGS. Techniques such as dynamic warp for-
mation [28] and dynamic warp subdivision [55] rely on dynamic
scheduling to mitigate warp divergence but inherently require syn-
chronization, introducing additional runtime scheduling overhead.
To overcome these limitations, we propose customized hardware for
Rasterization (in Sec. 4) that eliminates synchronization overhead
while maintaining high utilization of hardware resources.

3 LuMINSYS

This section presents our system, LuMINSys. We first introduce two
plug-and-play optimizations, Sorting Sharing (Sec. 3.1) and Radiance
Caching (Sec. 3.2), to address two main bottlenecks, Sorting and Ras-
terization, respectively. We then explain how LUMINSYS integrates
the optimizations to guarantee a smooth rendering (Sec. 3.3).

3.1 Sorting Sharing, S*

Intuition. The high-level idea of our S? algorithm is to reuse
the previous sorting result and bypass Sorting in 3DGS. The ra-
tionale here is that the sorting results tend to remain the same
across consecutive poses. Fig. 6 gives an example. As the camera
moves from pose M to pose N, the depth order of these Gaussians
remains unchanged. Numbers in Fig. 6 show the depth order. The
key observation here is that the sequence in which these Gaussians
get rendered does not require frequent re-computation. This allows
us to skip Sorting in adjacent frames.
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Fig. 6: The intuition of S? algorithm. The rendering orders,
a.k.a, the depth orders, of two spatially closed camera poses,
M and N, are the same and can be reused.
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Fig. 7: Our S? algorithm consists of two concurrent paths:
speculative sorting and sorting-shared rendering. Speculative
sorting predicts the future pose (e.g., Sx) and preemptively
sorts Gaussians at that predicted pose. Note that, the sorting
viewport at S requires to be large enough to accommodate
all rendering ports in the sharing window, i.e., F;, Fi;1, and
Fiy2. Sorting-shared rendering later bypasses Sorting and
performs Rasterization directly.

Even if these Gaussians’ rendering order does change locally
during rendering, the locally incorrect order is unlikely to impact
the overall rendering results. This stability comes from the sparsity
of color integration characterized in Sec. 2.2. Significant Gaussians
(whose a > ﬁ) of each pixel are likely separated apart after
sorting, and their relative order will not change too much from one
camera pose to another. Our experiment shows that only 0.2% of
these Gaussian orders are changed.

Algorithm. One potential issue with a naive skip-sorting strat-
egy is that we still need to perform Sorting in the middle of our
rendering process. This inevitably introduces frame stuttering due
to additional computation from Sorting. To hide the Sorting latency,
we propose our S algorithm to keep a more consistent delay across
frames. The key idea of S? is to predict the pose trajectory and
pre-compute the sorting results in advance.

Fig. 7 illustrates the workflow of our S? algorithm when ren-
dering a scene across different camera poses over time. Our S?
algorithm consists of two concurrent execution paths: speculative
sorting and sorting-shared rendering.

Speculative Sorting. Speculative sorting is to predict the future
camera pose and pre-sort Gaussians at this predicted pose before
actual rendering. Fig. 7 highlights the speculative sorting in yellow.
The red arrows highlight the data dependency between Sorting and
Rasterization. At pose Fj, the S? algorithm first predicts a future
pose Sy using the current position and velocity at F;. The velocity
at F; is approximated from the last two camera poses, Fj—1 and Fj:

V= (2
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Fig. 8: Comparison of the rendering results with and with-
out the expanded viewport. The one without the expanded
viewport has noticeable artifacts at the tile edges (across ‘S’).

where At is the interval between two consecutive frames. The future
pose Sy is then predicted using:

N
Sk =T +oXtr, tr = ?At, 3)

where N is the number of rendered frames that share the same
sorting result. We define N as sharing window. Using % allows
the predicted pose to be approximately at the center of its related
frames, increasing the overlap of the sorted results with its rendered
frames. Once the future pose of Sy, is predicted, the S? algorithm
performs the Projection and Sorting steps and saves the sorting
result for later use. Note that, the trajectory prediction is similar to
that used in Cicero [25]. We do not claim this as our contribution.

Sorting-Shared Rendering. Fig. 7 colors the sorting-shared render-

ing in green. During rendering, as the camera moves to a new pose
F;, our S? algorithm skips the repetitive Projection and Sorting
steps by reusing the previous sorting result at the predicted pose
Sk One caution here is that, before Rasterization, each Gaussian
color needs to be recalculated using pretrained Spherical Harmonic
coeflicients to preserve view-dependent rendering accuracy.

The subsequent frames (e.g., Fi+1 and Fj;2 in Fig. 7) within the
same sharing window reuse the same sorting result and only per-
form sorting-shared rendering rather than the entire 3DGS pipeline.
We empirically find that applying a fixed-size sharing window
yields a good rendering quality, while prior works [31, 82] have
exploited various size-adaptive strategies, which are not the main
focus of this work. Our evaluation discusses the sensitivity of S?
to the window size in Sec. 6.3.

Expanded Viewport. During rendering, each pose is associated
with a viewport that includes all the points that can potentially
contribute to the pixels under that pose, as shown in Fig. 7. This
means that the sorting viewport, Sg, needs to cover all the rendering
viewports in its sharing window. If the sorting viewport is too small,
Gaussians outside the sorting viewport can introduce rendering
artifacts. As illustrated in the left part of Fig. 8, the rendered image
on the left has artifacts across the letter ‘S’.

To mitigate this issue, we expand the sorting viewport at the
speculative sorting stage as outlined by the yellow box Sy in Fig. 7.
The viewport at Sg is required to accommodate all viewports in
the rendered frames, i.e., F;, Fi11, and Fi42, in the sharing window.
In practice, since 3DGS operates on a tile-by-tile basis, our S?
algorithm also expands the viewport at a tile granularity. Sec. 6.3
provides a quantitative analysis of how the expanded viewport
impacts overall performance.
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Fig. 9: The intuition behind radiance caching. The first six
intersected Gaussians by pixel Py and pixel Pys are the same,
thus, their ray directions are similar. The previously rendered
pixel Py can be used to approximate pixel Py.

3.2 Radiance Caching, RC

While S? can hide the execution time of Sorting, Rasterization itself
is still the most dominant step in 3DGS. Here, we propose our tech-
nique, radiance caching, to reduce the computation in Rasterization.
Although our technique shares the name with prior techniques in
ray tracing [43, 58, 68], our technique fundamentally differs from
conventional radiance cache in ray tracing as discussed in Sec. 7.

Intuition. We begin by explaining the intuition behind our
technique. One fundamental property of 3DGS is that two rays
will yield approximately the same pixel values if they meet two
conditions: 1) they share the same direction, and 2) they intersect
the same sequence of Gaussians.

The challenge lies in how to identify such rays and thus avoid
redundant computations. Recall in geometry that any two distinct
points on a straight line completely determine that line. Therefore, if
two rays intersect with two distinct and sufficiently small Gaussians,
these two rays satisfy the two requirements above and, thus, the
pixel value of one ray can effectively approximate that of the other.
The more Gaussians are intersected and shared by two rays, the
more confident we are to approximate one using the other.

Fig. 9 illustrates our idea. Here, poses M and N are close to each
other. In Fig. 9, for pixel Py at pose N and pixel Py at pose M, their
first six intersected Gaussians are identical. Although the remaining
thousands of Gaussian intersections for each pixel have not yet
been computed, the similarity in their initial intersected Gaussians
allows us to approximate one pixel value using the other. By saving
the pixel value of Py from pose N, the Rasterization step of Pys can
safely terminate at the sixth Gaussian and use Py’s pixel value to
approximate that of Py.

Algorithm. Next, we explain our algorithm, radiance caching,
using a toy example illustrated in Fig. 10:

O In the original 3DGS algorithm, each pixel iterates through a
set of Gaussians and integrates Gaussians’ contributions in order
according to Eqn. 1. At the first frame 0, because the radiance cache
is empty, our RC algorithm performs the exact Rasterization as in
the original 3DGS, computing pixel values from scratch.

O After each pixel is computed, we concatenate the IDs of the
first two intersected significant Gaussians (those with « values >
% highlighted in yellow in Fig. 10) as the cache tag, and use the
computed pixel value serves as the cache value. Then, the radiance
cache is updated accordingly in Fig. 10, where the initially empty
cache is populated by four pixels. We later explain why we select
significant Gaussians instead of all Gaussians for caching.
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Fig. 10: The overall procedure of cached Rasterization step.
At the initial frame, normal Rasterization is performed, and
the radiance cache is populated. For each pixel, the cache tag
is composed of the first two significant Gaussian IDs (with « >
zlﬁ shown in yellow), and the cache value is the pixel value. In
subsequent frames, each pixel only needs to identify the first
two significant Gaussians to query the radiance cache. Cache-
hit pixels skip the remaining Rasterization. Cache-missed
pixels continue the remaining Rasterization and update the
radiance cache accordingly.

® After rendering the first frame and updating the radiance
cache, we now can accelerate the rendering of subsequent frames
using the radiance cache. For instance, when rendering frame k,
each pixel computes the initial five Gaussians to identify the first
two significant Gaussians.

® With the significant Gaussian IDs identified, each pixel con-
catenates these two Gaussian IDs as the cache tag and queries the
radiance cache. If the tag matches any entry in the cache (e.g., for
pixels 2, 3, and 4), those cache-hit pixels can directly use the cached
pixel values, and their remaining color integration can be skipped.
In this case, pixels 2, 3, and 4 bypass the color integration of the
remaining seven Gaussians.

® For cache-missed pixels (e.g., pixel 1), they are still required
to iterate through the remaining Gaussians to obtain the final pixel
values. Once the color integration is completed, the radiance cache
is then updated using the new values of these cache-missed pixels
according to its cache policy.

Overall, our RC algorithm leverages the inherent color integra-
tion process in 3DGS and introduces a caching technique, which
identifies similar rays during the initial process of Rasterization and
eliminates redundant computations. Importantly, in our RC algo-
rithm, only the first frame requires the complete 3DGS rendering,
while all subsequent frames benefit from RC.

Why Significant Gaussians? There are two reasons why we
choose the first few significant Gaussian IDs as cache tags instead
of any arbitrary Gaussian IDs.

First, significant Gaussians contribute more toward the final
pixel values, making them an effective indicator of ray similarity.
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Fig. 13: An example of the imprecise rendering without cache-
aware fine-tuning. The artifact on the top of the train is due
to large Gaussians.

As discussed in Sec. 2.2, only about 10% of Gaussians contribute
to the final pixel value due to the sparsity of color integration. We
further examine the significance of Gaussians towards the final pixel
value in Fig. 11, where Gaussians are sorted by their contribution.
The result shows that over 99% of the pixel value is derived from
less than 1.5% of the Gaussians. This indicates that the remaining
98.5% of Gaussians have a negligible impact on rendering quality.

Second, we aim to use the fewest possible Gaussians to index
the cache. Naturally, using initial significant Gaussians as a cache
tag allows for a compact cache tag while avoiding the remaining
color integration. We analyzed the average color difference between
pixels that share the same initial significant Gaussians. In Fig. 12,
increasing the number of initial significant Gaussians, k, reduces
the color difference between pixels. Specifically, the average color
difference remains below 1.0 when k is set to 3, and falls below
0.5 when k increases to 5. Both values are negligible compared
to the maximum value of 255. This demonstrates that the initial
significant Gaussians are a reliable metric for ray similarity.

General Applicability. Although we propose radiance caching
to accelerate 3DGS, this technique is not limited to 3DGS alone. Ra-
diance caching leverages the fundamental concept in neural render-
ing: representing scenes with trainable primitives (e.g., Gaussians
in 3DGS or voxels in NeRF) and using rays to intersect with these
primitives and integrate colors. Thus, even as neural rendering
evolves toward new primitives, our technique remains beneficial,
i.e., using the first k number of “new primitives” for caching, as
long as this core rendering principle holds.

3.3 Putting it Together

Overview. Fig. 14 illustrates the overall workflow of LuMINSys.
Our system begins by taking the user’s pose history to predict
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Fig. 14: The overall LuMINSYS system. Our S? algorithm predicts the future pose and proactively computes sorting which is later
shared across multiple frames. Meanwhile, our radiance caching accelerates the Rasterization step by exploiting similarities
across rays. The framework is end-to-end trainable, with sorting and cache lookup untouched by gradient descent.

future camera poses. LuMINSYs then performs Projection and Sort-
ing at the recently predicted pose and saves the sorting results for
subsequent frames. When LUMINSYs receives a user pose update,
it directly uses the recent sorting result and recomputes the RGB
value of each Gaussian based on the current camera pose before
Rasterization. During Rasterization, each ray identifies the first k
significant Gaussians and queries the radiance cache using these
Gaussian IDs. Cache-hit pixels would terminate Rasterization early
and use the cached pixel values directly, whereas cache-missed pix-
els continue the full Rasterization process and update the radiance
cache accordingly. The final image is constructed by combining
both cache-hit and cache-missed pixels.

End-to-End Fine-Tuning. One key assumption of radiance
caching is that the first few significant Gaussian points are suffi-
ciently small and can be a good approximator of the ray similarity.
In cases where the Gaussian points are too large, this assumption
may lead to imprecise rendering as shown in Fig. 13. There are no-
ticeable artifacts due to the large Gaussians on the top of the train.
We propose a technique called cache-aware fine-tuning which is
designed to enhance the accuracy of radiance caching in these cases.
In particular, we introduce a scale-constrained loss function during
training, which constrains the scale of each Gaussian:

Liotal = Lorig +a #* Lgeqre (S, 0) 4

where Lorig is the original 3DGS loss and L/, is scale-constrained
loss. S is the geometric mean of three Gaussian point scale param-
eters. Lg.q7, penalties the geometric mean of any Gaussian point
greater than 6. Sec. 6.1 shows the effectiveness of scale-constrained
loss. It is worth mentioning that both sorting and cache lookup do
not participate in gradient descent as the red dashed line shows.
Therefore, the model is end-to-end differentiable even though sort-
ing and cache lookup are not.

4 LumiINCORE

Why Accelerator? While radiance caching (Sec. 3.2) reduces
computations in Rasterization, it cannot eliminate Rasterization.
Recall, Sec. 2.2 shows that GPUs are fundamentally ill-suited for Ras-
terization due to warp divergence. Radiance-cached Rasterization
exacerbates the divergence, transforming a dense pixel rendering
into a sparse one in Fig. 15. The red dots highlight the cache-hit pix-
els, which are uniformly distributed across the scene. This further
increases the percentage of masked threads after cache lookup.

Fig.

15: An example of the sparse distribution of cache-hit
pixels. The red dots highlight the cache-hit pixels which are
uniformly distributed across the entire image.

In the current GPU’s execution model, assigning one thread per
pixel requires completed threads to wait until all threads in the
warp finish, leading to severe GPU under-utilization. In addition to
warp divergence, implementing radiance caching directly on GPU
also introduces additional caching overhead and lock contentions.
Our results in Sec. 6.2 will show that the GPU implementation of
RC slows down Rasterization rather than speeding it up. Thus, we
propose dedicated hardware to address the inefficiencies of sparse
Rasterization, which is exacerbated by RC, on GPUs.

Overview. Our LuMINCORE architecture is integrated with a
mobile SoC to support the cached Rasterization. Fig. 17 describes
our SoC architecture, comprising two primary components: a mo-
bile GPU and our LuMINCORE. During rendering, Rasterization is
delegated to LuMINCORE, while the mobile GPU executes Projec-
tion and Sorting. Fig. 17 highlights LuMINCORE (in color) from the
baseline hardware.

LumINCoRE includes double-buffered Feature and Output Buffers,
which store Gaussian features and the output pixel values, respec-
tively. Meanwhile, LuMINCORE is coupled with a local cache, LuMIN-
CACHE, tailored for radiance caching. LumINCACHE is shared across
multiple Neural Rendering Units (NRUs) to accelerate Rasterization.

LumINCAcHE. Fig. 16 illustrates our cache architecture de-
signed to accelerate the cache lookup in Sec. 3.2. Our cache design
resembles a classic N-way set associative cache, with N set to 4 in
this example. However, LuMINCACHE differs in both the indexing
method and the cache tag and value design.

Recall, RC algorithm requires identifying the first k significant
Gaussians (k is set to 2 in this toy example) and using these Gaussian
IDs to find the ray with the same initial Gaussian IDs in the cache.
The index of each query is formed by concatenating the lower bits
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Fig. 16: Hardware support for radiance caching. The lower
bits of the first k significant Gaussians are combined to form
an index for accessing the cache. Meanwhile, their higher
bits are concatenated to serve as a tag and compared against
the tags stored within the cache. If a cache hit happens, the
corresponding cached pixel value is returned. Here, k is set
to 2 for illustration purposes.

of Gaussian IDs as shown in Fig. 16. The higher bits of all Gaussian
IDs are concatenated to form a combined tag to validate the cache
hit. If there is a cache hit, the radiance cache directly returns the
cached RGB value to that pixel. In the case of a cache miss, the
cache-missed pixel continues the remaining Rasterization. Once
completed, the pixel updates the radiance cache according to a
widely-used pseudo least-recently-used (LRU) cache policy [39].

Note that, we design the entire cache to be shared across 2 X 2
image tiles. Rendering the next batch of 2 X 2 tiles requires first
saving the current cache data to memory, flushing the entire cache,
and loading data related to the new batch from memory. When we
render the same 2 X 2 tiles in the next frame, we first reload the
corresponding cache data from the memory and then perform ras-
terization. In addition, our cache is designed to be double-buffered
to hide the latency of data loading.

Neural Rendering Unit. GPU is inefficient for radiance-cached
Rasterization primarily due to the warp divergence, as only a small
number of Gaussians have low transparency and thus contribute
to the color integration process. Prior 3DGS accelerators [24, 46]
inherit the same inefficiency. To address this issue, our idea is to
decouple transparency computation and color integration into two
separate algorithmic stages, each of which is scheduled to fully
utilize the corresponding hardware structures.

In particular, our NRU is divided into a frontend for calculat-
ing Gaussian transparency and a backend for performing color
integration. The backend is designed to be shared across multiple
processing elements (PEs) in the frontend so that we can ensure
the full utilization of the backend despite the sparsity inherent in
color integration.

The frontend is responsible for the lightweight computation that
would apply to all Gaussians. It consists of a set of PEs, where
each PE computes the transparency of Gaussians for each pixel.
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These PEs check whether the transparency is significant enough
(i.e., & > 1/255) to affect the pixel’s final value, ensuring that only
significant Gaussians would be inserted into a FIFO implemented
by shift registers for color integration.

The detailed design of PE is described in Fig. 18. Overall, each PE
is implemented as a three-stage pipeline. Each PE is implemented
with three multipliers and three multiply-and-add (MAC) units to
compute the a values of Gaussians. Additionally, each PE uses a
comparator and a sign checker to assess whether the Gaussian’s a
is significant enough to grant subsequent processing.

The backend, which is shared among multiple PEs, is for compute-
intensive but sparse color integration that is applied only to signif-
icant Gaussians, including dedicated components for computing
exponent, etc. Each time, the backend takes one Gaussian from the
FIFO and performs color integration for its corresponding pixels.
The backend also contains a set of register files (a-records) to cache
significant Gaussian IDs for different pixels which will be used for
radiance cache lookup. This frontend-backend design improves PE
utilization by leveraging the sparsity of significant Gaussians.

Sparsity-Aware Remapping. Recall that radiance caching
saves computations of cache-hit pixels, while the cache-miss pixels
still require full rasterization. Fig. 15 shows that these cache-miss
pixels are sparsely distributed across the entire image. Retaining
the same pixel-to-PE mapping, where each PE is responsible for a
single pixel, would lead to PE under-utilization, because the cache-
hit PEs would remain idle after cache lookup. To improve the PE
utilization, we allow the NRUs to be reconfigured so that all the PEs
within a single NRU can collaborate on rendering a single pixel.

For all the PEs to collaboratively render the same pixel in this
mode, the PEs read different Gaussians (that belong to a pixel/tile)
from a sorted Gaussian list in order, instead of reading the same
Gaussian (to process different pixels in parallel). Then, the PEs
would write the per-Gaussian intermediate results (e.g., transparency,
Gaussian ID) into the shift registers in order if the Gaussian trans-
parencies are so high that require further processing by the backend.
The backend executes in the same way as in the normal mode. By
doing so, we avoid PE under-utilization once some pixels are termi-
nated early by radiance caching.

SoC Integration. LuMINCORE is a standalone SoC IP block and
can be integrated well with different GPU architectures. The data
communication between LuMINCoRE and a GPU is via standard
SoC-level interconnect (e.g., AXI). In our case, there is no direct
interaction between LuMINCORE and the GPU. LuMINCORE only
read data from DRAM through DMA. Thus, our design is agnostic
to and can accommodate different GPU architectures.

Broad Applicability. Note that, LuMINCORE accelerates the
general field of point-based neural rendering, which has wide appli-
cability not only in rendering but also in areas like SLAM [54, 75]
and beyond. With the recent rise of neural rendering, rendering
primitives are rapidly evolving from voxels [56] to 3D Gaussians [40]
and 2D Gaussians [36]. Despite this rapid development, the overall
rendering process, i.e., color accumulation, stays the same. Our
LuMINCOoRE holds the potential to be used beyond 3DGS, as we
extend to new rendering primitives. In addition, LUMINCORE es-
sentially performs parallel and sparse accumulation, a computing
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Fig. 17: The overall SoC architecture design. We integrate our LUMINCORE into a mobile SoC architecture. The uncolored is the
baseline architecture. LUMINCORE consists of four main components: a LUMINCACHE, a set of Neural Rendering Units (NRUs), a
double-buffered Feature, and an Output Buffer. NRUs execute Rasterization and are designed in a dual-segment fashion to

support both dense and sparse populated Rasterization.

Fig. 18: The detailed architecture of a three-stage PE. Each PE
calculates the exponential decay and assesses the significance
of each Gaussian before sending it to the backend.

paradigm that is also prevalent in other domains such as sparse lin-
ear algebra [19], graph neural networks [72], and more. By making
LumINCoRE programmable, we can support other domains as well.

5 Experimental Setup

Hardware Setup. The LuMINCORE has 8 X8 NRUs clocked at 1 GHz,
each consists of four three-stage PEs. The feature buffer, shared
across all NRUs, is double-buffered with a total size of 176 KB. The
output buffer is also double-buffered with a size of 6 KB. Each NRU
includes a 160 B shift register array to store temporal a values of
significant Gaussians, with 88 B of register files to store « records.
The LuMINCACHE is shared among the NRUs. This cache is de-
signed as a 4-way associative cache, comprising 4 X 1024 entries
with a total size of 52 KB. The tag of each cache entry is constructed
by the IDs of 5 significant Gaussians (using the 3rd to 18th least
significant bits of each Gaussian ID, 10 bytes in total), with the
corresponding RGB color values as cache values. Overall, LuMIN-
CACHE can cache 64 X 64 pixels to share across 4 X 4 image tiles
with a size of 16 X 16. LuMINCACHE is also double-buffered to hide
the latency of loading cached values from previous renderings.
Experimental Methodology. The performance of the GPU,
including kernel launch times, is directly measured on the mobile
Volta GPU in Nvidia’s Xavier SoC. Power metrics are also directly
obtained using the built-in power measurement features of the
device [5]. The LumINCORE ’s datapath is developed using an EDA
process that includes synthesis, placement, and routing with Synop-
sys and Cadence tools on TSMC’s 16 nm FinFET technology. These
results are then scaled to the 12 nm node of Nvidia’s Xavier SoC
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using DeepScaleTool to be compatible with the Nvidia GPU [62, 66].
SRAM components are produced using the Arm Artisan memory
compiler, with power estimates determined via Synopsys Prime-
TimePX with annotated switching activities.

Simulation Methodology. We simulate the entire system
with our cycle-accurate simulator, which is implemented with
component-level latencies and power measurements. The latency
and energy of NRU are obtained from the post-synthesis results of
its RTL design and scaled down to 12 nm node using DeepScale-
Tool [62] to match the mobile Volta GPU on Nvidia Xavier SoC [5].
The latency of GPU execution is directly measured, including ker-
nel launch time. The GPU power consumption is obtained via the
built-in power measurement on Nvidia Xavier SoC.

The DRAM model in our simulation is based on Micron’s 16 Gb
LPDDR3-1600, utilizing four channels according to its datasheet [3],
with energy consumption sourced from Micron System Power Cal-
culators [4]. The energy ratio between a random DRAM access and
an SRAM access is about 25:1 aligned with prior work[30, 76].

The system energy is the sum of GPU, LumINCORE, and DRAM.
The overall latency is derived from the combined execution of
GPU, NRU, and DRAM. Note that, the total latency excludes the
parallel execution between sorting on GPU and rasterization on
NRU. Due to the double buffering in NRU and LuMINCACHE, the
overall latency is dominated by the compute latency, not memory.

Area Overhead. LumMmINA introduces minimal area overhead
with the LumINCORE design, primarily due to the 8 X 8 NRU array.
The area overhead, amounting to 1.05 mm?, is negligible when
compared to the entire mobile SoC area, which is approximately
350 mm? for Nvidia’s Xavier SoC [6].

Datasets. To evaluate the efficiency and robustness of S? and
RC, we evaluate both synthetic and real-world scenes.

For synthetic scenes, we select four out of eight scenes from
Synthetic-NeRF (S-NeRF) [56]. We use the raw Blender files to
generate videos and simulate a typical VR scenario with the average
head rotation of 25 degrees at 90 FPS [1, 2, 34, 69].

In addition, we use Tanks&Temples (T&T) [42], a real-world
dataset, from which we choose four sequences for our experiments.
We extract a 10-second video clip from the raw video sequence in
each sequence and use COLMAP [64], a well-known photogramme-
try tool, to generate the necessary camera poses for our evaluations.
Note that, the raw videos in T&T are captured at 30 FPS, much
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lower than the 90 FPS typically used in VR scenarios. The rendering
quality of S? and RC is assessed using Peak Signal-to-Noise Ratio
(PSNR), SSIM, and LPIPS as the standard metrics. We cannot evalu-
ate our techniques on MipNeRF360 (U360) [10] and DeepBlending
(DB) [32] datasets used in the original 3DGS paper because they
contain individual images, not continuous video sequences.

Hardware Baselines. We compare two hardware baselines in
our evaluation. One is the mobile Volta GPU in Nvidia’s Xavier
SoC. The other, NRU+GPU, is the SoC architecture in Fig. 17, but
excluding LumINCACHE. Both baselines execute the full-fledged
3DGS algorithm. NRU+GPU executes Projection and Sorting on
GPU while executing Rasterization on NRU.

Variants. To dissect our contributions in algorithm and ar-
chitecture, we evaluate five variants of LUMINA to separate the
contributions proposed in our paper:

e S%-GPU: executes the S? algorithm on a mobile Volta GPU
with radiance caching disabled.

e RC-GPU: executes the original 3DGS algorithm with RC
mechanism on a mobile Volta GPU.

e S2%-Acc: executes the S? algorithm on our proposed archi-
tecture with radiance caching disabled.

e RC-Acc: executes the original 3DGS algorithm with RC
mechanism on our proposed architecture.

e Lumina: the full-fledged LumiNa, with both S? algorithm
and RC mechanism on our architectures.

User Study. We also conduct a user study to assess the subjec-
tive rendering quality of our techniques, the procedure is approved
by our Internal Review Board (IRB). Our user study includes 30
participants (20 males and 10 females; age 18-30). No participants
were aware of the research objectives, experimental hypothesis, or
the number of conditions. All participants had normal or corrected-
to-normal vision. Each participant reviews 4 traces in our evalua-
tion. We use the classic Two-Interval Forced Choice (2IFC) proce-
dure [11]. For each trace, we display the renderings of these two
methods side-by-side on a 16-inch monitor in a randomized order
to each participant, with 30 seconds to rest and answer questions.
We ask two questions to each participant:

o Whether they notice any difference between these two.
o If they observe any difference, pick one that they prefer.

If participants do not notice any difference, they are required to
choose the version they prefer. Each trace is repeated three times,
and the trace order is also randomized each time.

6 Evaluation

We first demonstrate that LuMiNa achieves comparable rendering
quality against the baseline both qualitatively and quantitatively
(Sec. 6.1). Next, we show the speedup and energy reduction of
LuMINA against two hardware baselines (Sec. 6.2). We then conduct
a sensitivity study on LumiNa (Sec. 6.3). Finally, we show that
LumiNa performs better against GSCore [46] (Sec. 6.4). Finally, we
show that LuMiNA achieves better performance compared to the
state-of-the-art 3DGS accelerator, GSCore [46] (Sec. 6.4).
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Fig. 19: User study of LumINA compared against original
3DGS. Among 27% of participants who notice differences,
we achieve a 50%-50% tie.

6.1 Rendering Quality

Subjective Evaluation. Fig. 19a shows the percentage of votes
that do not notice any difference from our user study. On average,
over 73% of users do not notice any difference between our method
and the baseline 3DGS. Fig. 19b shows the percentage of votes that
notice any difference and prefer our method. Among the remaining
27% of participants who noticed differences, 50% preferred the
renderings by LuMINA. This shows that our rendering method has
an equal visual quality compared to the baseline 3DGS. We also set
up a website to show our rendering results: link.

Quantitative Evaluation. Fig. 20 compares the rendering qual-
ity of various methods on both synthetic and real-world scenes. We
use sharing window to denote the number of frames that share a
single sorting result. We use expanded margin to denote the number
of pixels that the sorting viewport expands at each dimension (in
Sec. 3.1). Unless specified otherwise, the sharing window is set to
be 6, with an expanded margin of 4. In addition to the baseline
algorithm, we compare against a variant, DS-2, which first renders
a 2x downsampled frame and then upsamples it to the original reso-
lution by 2. S2-onLy and RC-oNLy denote only apply S? algorithm
and RC mechanism, respectively.

Synthetic Scenes. Fig. 20a shows the rendering quality on syn-
thetic scenes. Overall, S2-onLy demonstrates robust performance,
matching the baseline in accuracy while only requiring sorting once
every 6 frames. Both RC-oNLY and LUMINA can maintain a similar
accuracy across all scenes, with minimal quality losses of 0.2 dB
and 0.3 dB, respectively. In Comparison, DS-2 generally shows a
substantial drop in PSNR, with an average 1.4 dB accuracy drop.

Real Scenes. Fig. 20b shows the quality evaluation on real
scenes. Unlike the synthetic scenes, the real-world scenes have
a lower frame rate (30 FPS) than a typical VR scenario (90 FPS),
resulting in larger inter-frame movements. Consequently, S?-oNLY
shows a slight decrease in rendering quality by 0.1 dB compared
with the baseline. Interestingly, RC-oNLY achieves the same accu-
racy as the baseline, showing the resilience of radiance caching
even at lower frame rates. Overall, LUMINA manages to align closely
with the baseline. In contrast, DS-2 is 1.0 dB lower than the baseline,
vastly underperforming compared with other variants.

Fig. 20c to Fig. 20f show the rendering quality of synthetic and
real-world scenes on the other two metrics, SSIM and LPIPS. The
overall trend still holds. LumINA can achieve a similar rendering
quality compared to the corresponding baselines.



https://lumina-project.netlify.app/

Lumina: Real-Time Neural Rendering by Exploiting Computational Redundancy

Baseline [==51S%-only RC-only Lumina EEZIDS-2
.40
m
S
3513513603505, , |
% 35 83733645 900, 338338336336 . 33533.533333.2
()] 31.431.431.431.4. 22 P21
& 30 A
Lego Drums Chair Hotdog Average
(a) Synthetic scenes on PSNR. Higher is better.
~ 30 . e
S ELpr Azl ior 1 6.1 26.326.326.326.2
Nl R 25.425.225.425.2 5.2
% 23.323.223.323.2 2.4
[%]
o 20 - - -
Truck Train Caterpillar Family Average
(b) Real scenes on PSNR. Higher is better.
1.00 098098007007 T eally  0980.980980.95  0.980.980980.98 o 0.980.980.980.98
E .95
5 0.95 o ” % =
n
0.90 -
Lego Drums Chair Hotdog Average

(c) Synthetic scenes on SSIM. Higher is better.

0.92092
900.90 0.900.900.8
= B n 0.870.860860.86, (250880 670,67
o 0.85 20840 65087 = 87
» 79
74
0.70

Truck Train Caterpillar Family Average

(d) Real scenes on SSIM. Higher is better.

0.10

0.06
,,,,,, 005 20

005
) 0.030.0:
% @ 0.030.0
0.020.020:020.02 0.010,010:0200 0.020.020.020.0 rﬁj:% 0.020,020:020.0

Lego Drums Chair Hotdog Average

LPIPS

(e) Synthetic scenes on LPIPS. Lower is better.

0.30

0.15 140,140.150.160.1
0.00 | | |

Truck Train

0.200.200.210:210.22 022

! 0.140.140.140.14] 0.150.150.160.1

LPIPS

0.120.120.120 1% 13

Caterpillar Family

Average

(f) Real scenes on LPIPS. Lower is better.

Fig. 20: Image quality comparison. Both S?-oNLy and Lumina
configure the expanded margin (i.e., the number of pixels
that the sorting viewport expands) of 4 and the skipping
window (i.e., the number of frames share a single sorting
result) of 6. DS-2 first renders a 2xX downsampled frame and
then upsamples it to the original resolution by 2.

Cache-Aware Finetuning. Fig. 21 compares the effects of in-
corporating a scale-constrained loss, Lg.4¢, in Sec. 3.3 on both
the rendering quality and cache hit rate on RC-onNvry. Introducing
Lgcale yields a notable improvement in PSNR across various scenes,
with an average improvement of 0.6 dB. Including L., marginally
decreases the cache hit rate, which might lead to slight performance
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Fig. 21: Rendering quality and cache hit rate of RC-oNLY
with and without scale-constrained loss, L., in Sec. 3.3.
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Fig. 22: Speedup and normalized energy consumptions of
different variants over GPU baseline described in Sec. 5.

degradation, as shown in Fig. 21b. The decrease in cache hit rate
is attributed to more stringent constraints on Gaussian point scal-
ing imposed by L., leading to fewer cache hits. A quantitative
study of the relationship between cache hit rate and performance
is presented in Sec. 6.3.

6.2 Performance and Energy

Performance. Fig. 22a shows the normalized speedup of differ-
ent variants compared to the GPU baseline across scenes. With
pure software implementation of S and RC, S?-GPU can achieve
1.2x speedup by skipping Projection and Sorting. In comparison,
RC-GPU slows down the overall rendering process despite achiev-
ing over 50% cache hit rate. This slowdown is primarily attributed
to GPU warp divergence, as discussed in Sec. 4, where the ineffi-
ciencies in sparse Rasterization negate the benefits of caching.
With the integration of NRU, NRU+GPU yields 1.9 speedup
against the GPU baselines by accelerating the Rasterization stage.
On average, our LUMINCORE accelerates the Rasterization stage
itself by 6.4x. On top of that, S?-Acc further enhances perfor-
mance by skipping the execution of the Projection and Sorting
stages, boosting the performance to 3.1X. Since NRU+GPU already
reducing the execution latency of Rasterization, RC-Acc shows
a moderate speedup on top of NRU+GPU. The overall speedup of
RC-Acc ranges from 1.7x to 2.7X by leveraging LUMINCACHE to
reduce computational redundancy further. On the Rasterization
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Fig. 23: Sensitivity of rendering quality and performance to
the expanded margin and skipped window of the S? algo-
rithm on the ‘Drums’ scene in SyntheticNeRF dataset. The
speedup is normalized to S?-oNLy with an expanded margin
of 4 and a skipped frame of 6.

stage alone, RC-Acc can achieve 2.5x speedup. Together, LUMINA
achieves 4.5X speedup against the GPU baseline across scenes. On
average, LUMINA achieves 218.5 FPS and 97.9 FPS on synthetic and
real-world scenes, respectively.

Energy Reduction. The normalized energy consumption of var-
ious variants are illustrated in Fig. 22b. Similar to the performance
result, S2-GPU achieves 20% of energy saving while RC-GPU in-
troduces an additional 20% energy overhead. By solely leveraging
the LuMINCORE architecture, NRU+GPU already demonstrates 62%
of energy reduction, drastically reducing the latency of Rasteriza-
tion. With Rasterization being accelerated, S?-Acc outperforms
RC-Acc in terms of energy savings, achieving 79% and 64% en-
ergy efficiency, respectively. Overall, by integrating all techniques,
LumiINA achieves energy savings by 81%, highlighting the synergis-
tic benefits of combining S? algorithm and RC mechanism. Note
that, only LuMINA achieves real-time (90 FPS) on the real-world
dataset. If we set the performance target to be real-time, the energy
savings of LUMINA would be 93% and 80% over the baseline on the
synthetic and real-world scenes, respectively.

6.3 Sensitivity Study

Fig. 23 illustrates the sensitivity of rendering quality and normalized
speedup to two algorithmic configurations, expanded viewport
and skipped window, on the drums scene from the SyntheticNeRF
dataset. We use expanded margin to denote the number of pixels
that the sorting viewport expands at each dimension (in Sec. 3.1).
The speedup is normalized to S?-onLy with an expanded margin
of 4 and a skipped window of 6.

Expanded Viewport. Fig. 23a shows that, as the expanded
margin increases, there is an improvement in rendering quality.
For instance, with a skipped window of 8, the rendering quality
starts at 30.9 dB (with an expanded margin of 2) and increases to
31.4 dB as the expanded margin expands to 8. However, increasing
the expanded margin results in a speedup decrease, as shown in
Fig. 23b. Initially, at an expanded margin of 2, the speedup ranges
from 0.8 to 1.1x compared to the baseline. As the expanded margin
increases to 8, the speedup diminishes to 0.6 - 1.0X, indicating a
trade-off between efficiency and quality.

1936

GSCore Ours
31.5 ——/——————3
— A Baseline| gg 30— T T T 2.8
Q 00000, o25F 8
= o ge S04 - - 6.4 i
nZ:314f ﬂA 1-50, §15777”96’4%& 4 ]
AA we al0F - - = g —
@ o) A-A-A §§ & 5l32 H ] ]
3‘1.31 é L é . é ‘100 z 0
(o) 345 7 9 S Oo‘e %age, ) o“\*

a-Record Length

Fig. 24: The sensitivity of ren- Fig. 25: Comparison of
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ized speedup to the number and GSCore. Values are nor-
of significant Gaussians. malized to the GPU baseline.

Skipped Window. Meanwhile, as the number of skipped frames
increases, the rendering quality tends to decrease. For example, at
the expanded margin of 4, PSNR drops from 31.4 dB to 30.2 dB when
the number of skipped frames increases from 2 to 16. Conversely,
the speedup increases with more skipped frames. For instance, at
the expanded margin of 2, the speedup enhances from 0.8 to 1.1x
with more frames being skipped.

a-Record Length. Fig. 24 exploits the sensitivity of rendering
quality and normalized speedup to variations in a-record length,
ranging from 1 to 10. Recall, a-record stores the IDs of significant
Gaussians. By default, a-record length is 5. Here, we normalize the
speedup to the a-record length of 5 and only show the normalized
speedup in terms of the Rasterization stage.

As the a-record length increases, the rendering quality, repre-
sented by the orange circles, gradually increases but eventually
plateaus, aligning with the baseline (red dashed line) at 31.4 dB.
Meanwhile, the normalized speedup of Rasterization, shown by
green triangles, shows a gradual decrease from 2.3X to 0.7X. This
decrease in speedup is primarily due to a reduction in cache hit rate,
which falls from 82% to 31%, and an increase in the computational
workload before the cache lookup as the a-record length extends.

6.4 Comparison with GSCore

Fig. 25 compares the speedup of LumINA against the state-of-the-
art accelerator, GSCore [46]. For a fair comparison, we incorporate
the dedicated accelerator units: Culling& Conversion Unit (CCU)
and Gaussian Sorting Unit (GSU) from GSCore. In our baseline
hardware, projection and sorting are executed on CCU and GSU,
respectively, rather than being performed on the GPU.

In Fig. 25, the results are obtained from both synthetic and real-
world datasets, with all values normalized to the GPU baseline. No-
tably, LumINA significantly outperforms GSCore across all variants.
Even our baseline hardware (9.6X) can achieve better performance
against GSCore (3.2x), thanks to the frontend-backend design of
our LuMINCORE. Most of the Gaussian points can avoid unneces-
sary color integration. On top of that, S?-oNLY and RC-ONLY can
reach 12.8X and 16.4x. Here, RC-ONLY achieves a higher speedup
compared to S%-oNLy as Rasterization now becomes the dominant
stage. With all the techniques combined, LUMINA can achieve 29.6X
speedup against the GPU baseline.

7 Related Work

Neural Rendering Acceleration. In recent years, neural render-
ing has gained significant attention, leading to the development of
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numerous accelerators specifically designed for neural rendering
algorithms [24, 25, 27, 44, 48, 49, 51, 57, 60]. Despite that, most
prior designs focus exclusively on NeRF and not on 3DGS, which
remains less explored. Some proposed software-based acceleration
techniques, such as pruning [20, 21] and quantization [47], seek to
enhance the 3DGS performance but still fall short of achieving real-
time performance on mobile devices. By far, GScore [46] remains
the only accelerator dedicated to 3DGS.

This paper introduces techniques that are generally applicable
across different 3DGSs and are orthogonal to the approaches used in
GScore. Our caching can potentially extend its applications beyond
3DGS to enhance NeRFs.

Radiance Caching. Prior studies [43, 58, 63, 68] have explored
radiance caching to accelerate ray tracing, but their approach dif-
fers fundamentally from ours. Their techniques primarily focus
on caching radiance samples from ray-object intersections. Their
primary focus is to reduce the caching overhead [63, 68] and enable
the lightweight computation to radiance interpolation from cached
samples using spherical harmonics [43] or neural network [58].

Applying conventional radiance caching to 3DGS would intro-
duce significant storage overhead with no computational savings,
as 3DGS does not require multi-bounce irradiance collection [38].
Our radiance caching leverages the 3DGS characteristics, where
a single ray intersects multiple Gaussians with no bounce. This
makes LUMINA a natural fit to accelerate 3DGS.

Temporal Correlation. Prior studies leverage the temporal cor-
relations by classic image warping techniques [13, 16, 17]. Recent
hardware-algorithm co-design generalize warping to use temporal
correlations across frames for reducing computation in real-time vi-
sion [12, 22, 23, 26, 45, 65, 74, 78, 80-82]. However, these techniques
typically exploit task-specific characteristics and cannot be directly
applicable to neural rendering. The most recent work, Cicero [25],
requires known object meshes and applies warping techniques to
NeRFs but at a cost of rendering quality. In contrast, our techniques,
82 and RC, boost performance with a marginal quality loss.

8 Discussion and Limitations

As with all prior work [12, 26, 65, 78, 82] that leverages the tem-
poral correlations, a pathological case with rapid head rotations
would be detrimental to the performance of S2. To avoid cata-
strophic cases, we can simply disable S? by detecting the rapid
rotation data from IMU. Nevertheless, under common scenarios,
our results show that S? is effective in real-world cases (Fig. 20).
GPUs have a tradition of incorporating custom hardware to sup-
port new rendering paradigms such as ray tracing. We set out to
understand whether custom hardware can enable real-time 3DGS,
an emerging rendering paradigm. Starting from a clean architec-
tural slate allows us to fully exploit the algorithmic characteristics
of 3DGS without being constrained by the current GPU design.
Although it is important to investigate improvements to the GPU
architecture for 3DGS and revisit classical techniques that tackle
issues like warp divergence [28, 55, 59], the value of work lies in
demonstrating how custom hardware for 3DGS might look like if
it is warranted. While the jury is still out, we argue that a dedicated
accelerator could have its value in freeing up the GPU resources for
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other rendering/computation workloads, as future mobile SoCs will
undoubtedly execute multiple workloads that exercise the GPUs.

9 Conclusions

Neural rendering has revolutionized the landscape of VR/AR and
photo-realistic rendering lately, offering unprecedented realism.
3DGS emerges as a promising alternative to the conventional ras-
terization pipeline. It is important to rethink and develop brand-new
architectures tailored to this future rendering technology.

This paper exploits a key insight, Gaussian-ray intersection in
3DGS, to design a caching mechanism applicable to 3DGS pipelines.
With our framework, LUMINSYS, we achieve a 4.5X speedup with
minimal yet principle hardware augmentations. By integrating our
design into a dedicated neural rendering accelerator, LUMINA can
further boost the performance up to 30x.
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