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Abstract
Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS)
are two leading techniques for high fidelity scene reconstruction
and novel view synthesis. Their complementary strengths make
them suitable for different scenarios, motivating VR platforms to
support both paradigms. However, their distinct representations
and computational patterns make efficient unified acceleration chal-
lenging. Despite advances in individual methods, a versatile solu-
tion supporting both NeRF and 3DGS remains an open challenge.

To address this challenge, we introduce ViViD, a full-stack so-
lution that supports both rendering paradigms with superior ef-
ficiency. At the algorithmic level, ViViD employs an lookahead
culling strategy that eliminates redundant elements, reducing com-
putational overhead. At the hardware system level, ViViD leverages
a Coarse-Grained Reconfigurable Architecture (CGRA) to efficiently
execute critical kernels from both NeRF and 3DGS. Further gains
are achieved through a customized quantization unit for bottleneck
rendering functions, maximizing throughput while preserving im-
age quality. Together, these optimizations deliver up to an 18.2×
performance speedup and 161.0× energy efficiency speedup over
optimized baselines on edge platforms NVIDIA Jetson Orin NX,
enabling real-time, high fidelity rendering for edge applications.
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1 Introduction
Achieving real-time, photorealistic rendering of real-world scenes is
crucial for immersive Virtual Reality (VR) applications, yet remains
challenging for traditional graphics pipelines [3]. Among recent
neural rendering methods, Neural Radiance Fields (NeRF) [2, 23, 24,
27] and 3D Gaussian Splatting (3DGS) [15] have emerged as two
promising approaches. NeRF employs an implicit representation,
while 3DGS leverages an explicit point based formulation. Their
complementary strengths make them suitable for different render-
ing scenarios, motivating VR platforms to support both paradigms.
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Figure 1: (a) Frames-per-second (FPS) of NeRF/3DGS on the
NeRF Synthetic dataset [23], compared against the real-time
threshold (15 FPS). (b) Runtime breakdownofNeRF and 3DGS
on the NeRF Synthetic dataset [23].

However, both paradigms still fall short of modern VR require-
ments, especially on standalone edge devices that demand high
visual fidelity, low latency, and high FPS. To illustrate this, we pro-
file four representative rendering methods, including three NeRF
variants (MLP-based [27], Hash Grid [24], Low Rank Decomposi-
tion [2]) and 3DGS [15], on anNVIDIA JetsonOrin NX edge GPU [4]
using the NeRF Synthetic dataset [23]. This experimental setup
aligns with prior studies that employ edge GPUs to emulate the
computational environment of standalone edge VR devices [8, 37].
As shown in Figure 1(a), these results reveal a gap between current
methods and real-time VR needs, with frame rates still below the
15–20 FPS required for smooth interaction [1].

These limitations can be mitigated by adding a dedicated hard-
ware module for rendering to modern VR devices. Since rendering
runs continuously during immersive applications, executing it en-
tirely on the GPU monopolizes resources for other workloads and
increases latency due to under optimized GPU performance [36].
Offloading rendering to specialized hardware can improve respon-
siveness and sustain the FPS required for immersive experiences.

Figure 1(b) presents the latency breakdown for NeRF and 3DGS,
revealing their distinct computational bottlenecks. While NeRF
are primarily limited by grid encoding and multi layer perceptron
(MLP) execution, 3DGS spends the majority of its cycles on sorting
and alpha blending operations.

Because these bottlenecks vary across rendering methods, exist-
ing accelerators have largely specialized in either NeRF or 3DGS [14,
17, 18, 33]. As both paradigms continue to advance and show strong
potential for future VR systems, a practical plug-in must offer suf-
ficient flexibility to support both. This highlights the need for a
versatile hardware module that can be reconfigured to efficiently
support both rendering methods.

https://doi.org/10.1145/3831252.3834090
https://creativecommons.org/licenses/by/4.0
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Table 1: Architecture comparison. CGRA uniquely maintains
a well-balanced, high capability across all essential metrics.

Metric CPU GPU FPGA CGRA ASIC
Energy Eff. Low Moderate Moderate High Very High
Performance Low High Moderate High Very High
Flexibility Very High High Moderate Moderate Low

To this end, we propose ViViD: A Versatile CGRA-Based Frame-
work for Visual Rendering Acceleration on VR Devices. Our main
contributions are:

• We propose a CGRA-based versatile framework. This flex-
ible design can be dynamically configured with optimized
dataflows, enabling efficient support for the distinct compu-
tational patterns of both 3DGS and NeRF.

• Wepresent Lookahead Culling, a novel strategy that enhances
the early termination decision, thereby reducing redundant
computations across both NeRF and 3DGS.

• We augment the CGRA’s processing elements (PEs) with
configurable quantization supporting multiple data types,
enabling quantization of bottleneck functions to maximize
throughput with minimal loss in visual fidelity.

2 Background and Related Work
2.1 NeRF and 3DGS Computation
Advances in neural rendering have made NeRF and 3DGS leading
methods for novel view synthesis. NeRF [23] employs a multi layer
perceptron (MLP) to implicitly represent a scene as a continuous
function mapping spatial coordinates and viewing directions to
density 𝜎 and color c. In contrast, 3DGS [15] explicitly represents
a scene using 3D Gaussian primitives parameterized by position,
covariance, color, and opacity. Pixels are rendered by accumulating
color and opacity contributions through alpha compositing.

As illustrated in Figure 2 (a), the NeRF pipeline consists of four
stages: ray marching, encoding, MLP inference, and blending. Fig-
ure 1(b) presents the latency breakdown of the NeRF pipeline run-
ning on the NeRF Synthetic dataset[23]. In MLP-based NeRF [27],
positional encoding maps input coordinates into a higher dimen-
sional space [23], but this requires a large MLP, which consumes
over 90% of the execution time. To mitigate this overhead, hash
grid NeRF[24] and low rank decomposition NeRF[2] introduced
alternative encodings that reduce MLP size but add non-trivial
encoding costs, with encoding latency ranging from about 1% in
MLP-based models to over 40%. 3DGS adopts a Gaussian-centric
pipeline consisting of preprocessing and sorting, with sorting alone
accounting for 20–35% of the runtime. The complete pipeline is
illustrated in Figure 2 (b), while the runtime distribution is detailed
in Fig. 1(b), which shows that pixel-centric blending stage is the
most demanding, responsible for 55–75% of the overall latency.

2.2 Accelerators for NeRF and 3DGS
Recent work has explored software optimizations, specialized accel-
erators, and hardware-software co-design to further improve NeRF
and 3DGS performance [7, 14, 17–19, 26–28, 33, 35]. For 3DGS,
GSCore [18] reduces redundancy through shape aware testing, hi-
erarchical sorting, and rasterization skipping, while PS-GS [14]
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Figure 2: Overview of (a) NeRF pipelines with different en-
coding strategies, and (b) 3DGS pipeline.

improves pipeline parallelism with group wise rendering. For NeRF,
RT-NeRF [20] enables real-time inference by decoupling spatial sam-
pling fromneural evaluation using two level scheduling. NeuRex [17]
addresses data sparsity andworkload imbalance through data aware
scheduling and hierarchical caching.

2.3 Why CGRA?
As indicated in Table 1, CGRAs provide a practical balance between
the adaptability of general purpose processors and the efficiency
of dedicated hardware. This combination of programmability and
power efficiency makes them well suited for shifting rendering
workloads on VR edge platforms [22, 25]. Standalone VR devices
face strict thermal and battery constraints, while rendering requires
substantial computation and energy, demanding high efficiency
within a limited power budget. The energy benefits of CGRAs have
also enabled their broad use in IoT and edge computing, with some
implementations operating at sub-milliwatt levels [9, 10], making
CGRA-based acceleration a practical solution for VR rendering.

Beyond power efficiency, accelerator programmability is equally
essential. VR rendering lacks a single standardized algorithm and
continues to evolve with representations, requiring hardware to
support diverse computational paradigms. PE level reconfigurabil-
ity allows CGRAs to meet this need, enabling various rendering
algorithms to be mapped efficiently without hardware redesign.

3 ViViD Algorithm
To generate a pixel, both 3DGS and NeRF accumulate contribu-
tions from a sequence of samples or Gaussians that determine its
final color. This process is mathematically formulated as blending,
where the final color 𝐶 is computed as:

𝐶 =

𝑁∑︁
𝑖=1

𝑇𝑖𝛼𝑖𝑐𝑖 , with 𝑇𝑖 =

𝑖−1∏
𝑗=1

(1 − 𝛼 𝑗 ). (1)

Here, 𝑐𝑖 and 𝛼𝑖 are the color and opacity of the 𝑖-th sample, and𝑇𝑖 is
the accumulated transmittance. The equation describes an iterative
process where the color contribution of each sample is sequentially
blended to form the final pixel value. To accelerate this rendering
process, both NeRF and 3DGS adopt early termination mechanisms
in two ways: intra-iterationAlpha-based early termination and inter-
iteration Transmittance-based early termination.

• Alpha-based early termination (intra-iteration): During an
iteration, if the opacity 𝛼 of a sample or Gaussian falls below
1/255, which is the minimum resolution of an 8-bit color
channel, it is treated as having no contribution to the final
pixel, and the current iteration is skipped.
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Figure 3: (a) Illustration of ray marching in NeRF, where
samples in shaded regions are pruned by early termination
(ET). (b) The baseline NeRF dataflow, where ET is performed
after color MLP, leading to redundant computations. (c) Our
Lookahead Culling I dataflow repositions the ET check be-
fore the color MLP, eliminating unnecessary computations.

• Transmittance-based early termination (inter-iteration): once
the accumulated transmittance 𝑇 drops below a predefined
threshold 𝑇threshold, subsequent samples or Gaussians are
regarded as having negligible impact and all remaining iter-
ations for that pixel are terminated.

Based on these early termination mechanisms, we introduce
Lookahead Culling, which reduces NeRF and 3DGS workloads
by advancing intra iteration or inter iteration early termination
checks. In NeRF, we move inter iteration early termination before
the color MLP to eliminate redundant MLP computation; in 3DGS,
we preemptively trigger intra iteration early termination through
estimation to reduce blending overhead. Since MLP and blending
are the primary bottlenecks of NeRF and 3DGS respectively, Looka-
head Culling removes redundant operations from both pipelines.

Lookahead Culling I: Postponing Color MLP in NeRF.
As illustrated in Figure 3 (a), NeRF rendering process begins by
casting rays from the camera’s viewpoint. Points are sampled along
these rays, and their color and density are accumulated sequentially
according to the blending operation described by Equation 1. In
NeRF, the opacity 𝛼𝑖 for each sample 𝑖 is derived from its volume
density 𝜎𝑖 and the ray step size 𝛿𝑖 :

𝛼𝑖 = 1 − exp(−𝜎𝑖𝛿𝑖 ). (2)

The standard NeRF pipeline evaluates both the 𝜎 (density) MLP
and color MLP before blending. However, as shown in Equation 2,
the opacity 𝛼𝑖 , which determines both early termination condi-
tions, depends only on the 𝜎 MLP output. Thus, when a sample

is eliminated by early termination (ET), its color MLP computa-
tion is wasted [13]. As illustrated in Figure 3 (a), samples in the
grayed-out regions are discarded once the ET condition is triggered.
The timeline in Figure 3(b) further shows that, for these samples,
the expensive color MLP (blue) is executed in vain, resulting in
redundant computation.

To address this inefficiency, our Lookahead Culling I strategy
reorders the pipeline by performing early termination checks im-
mediately after the 𝜎 MLP and before the color MLP, as shown in
Figure 3 (c). Since this transformation is mathematically equivalent
to the original formulation, it has no negative impact on the final
image quality. In this way, only the surviving samples are forwarded
to the color computation, eliminating redundant operations along
the color branch.

Lookahead Culling II: Preemptive Approximate Alpha
Evaluation in 3DGS. As shown in Figure 1, the blending stage
is the most computationally dominant kernel in 3DGS, with the
exponential operation alone contributing over 50% of the total
computational cost. However, this high cost is primarily due to the
opacity calculation for each Gaussian:

𝛼𝑖 =min
(
0.99, 𝛼base · exp(−power𝑖 )

)
, (3)

where 𝛼base is the learned base opacity and power𝑖 is a function of
the Gaussian’s distance to the pixel center. Equation 3 establishes a
one to one mapping between power𝑖 and 𝛼𝑖 . We therefore precom-
pute a threshold for power𝑖 , enabling alpha-based early termination
before exponentiation. Since 𝛼𝑖 also depends on 𝛼base, this threshold
must be conservative, typically close to zero, making the method
approximate and requiring careful tuning to preserve image qual-
ity. This Lookahead Culling II optimization eliminates redundant
exponential evaluations that would otherwise be discarded.

Lookahead Culling II optimizes intra iteration alpha based early
termination while retaining the standard inter iteration transmit-
tance based mechanism used in 3DGS and prior accelerators [18].
Our preemptive alpha based optimization is therefore orthogonal
to transmittance based termination, allowing both mechanisms to
work together without further modification.

4 ViViD Architecture
In this section, we introduce the ViViD architecture, which is de-
signed to efficiently support both NeRF and 3DGS rendering meth-
ods. As illustrated in Figure 4, ViViD is implemented as a unified
accelerator within the system on chip (SoC) that powers VR devices.
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The SoC integrates conventional CPU and GPU cores alongside the
ViViD accelerator, all connected to the main DRAM via a network
on chip (NoC). ViViD is dedicated to offloading the computationally
intensive workloads of neural rendering, thereby freeing the GPU
to handle other demanding tasks such as machine learning.

Internally, ViViD is a homogeneous CGRA with a 4× 4 tile array,
each containing a 4 × 4 array of processing elements (PEs). This
organization supports diverse rendering patterns with reduced
architectural complexity and improved communication locality.
Each PE functions as the smallest reconfigurable compute unit and
supports both scalar and vector operations. Each tile also includes a
banked local scratchpad memory (SPM) for parallel memory access.

To enable efficient data exchange between PEs and the SPM, PEs
on two edges of each tile are equipped with dedicated load/store
units, highlighted in orange in Figure 4. The global 4×4 tile array is
divided into four 2×2 clusters, with load/store capabilities assigned
only to PEs along each cluster’s outer boundaries. Thus, the two
load/store enabled edges of a tile are determined by its position
within the 2× 2 cluster. These units handle accesses to the tile local
SPM, balancing memory bandwidth and hardware overhead.

A key strength of ViViD architecture is its modal configurabil-
ity, supporting spatial and temporal reconfiguration with each PE
reprogrammable every cycle via dedicated configuration SRAM.
This enables both purely spatial and spatial-temporal execution. At
runtime, the array can adopt a TPU-like systolic configuration for
matrix multiplications in MLP inference or a GPU-like SIMD con-
figuration, where temporal reprogramming improves PE utilization
for preprocessing, encoding, and pixel blending.

4.1 TPU-like Dataflow
In the TPU-like configuration, ViViD adopts an output station-
ary dataflow to accelerate general matrix multiplication (GEMM),
a core operation in MLP inference. This mode offers two sub-
configurations to adapt to changing matrix dimensions across net-
work layers, as illustrated in Figure 5(a). Specifically, the archi-
tecture leverages the spatial arrangement of the load/store PEs to
switch between a Unified Mode and a Partitioned Mode.

The Unified Mode configures the entire 4 × 4 tile array into
a single, massive 16 × 16 PE systolic array. This configuration is
highly efficient for the early layers of the multi layer perceptron,
where the input and hidden layer dimensions are large, allowing
the architecture to maximize data reuse and spatial parallelism.

However, the final layers of rendering networks project features
to a small dimension, such as a 3 channel RGB output. Mapping
such a narrow matrix onto a 16 × 16 array would cause severe
spatial underutilization, leaving most PEs idle. To address this, the
architecture switches to Partitioned Mode, dividing the CGRA into
four 2 × 2 tile clusters that form four 8 × 8 PE systolic arrays. This
mode leverages the outer boundary load/store PEs to fetch and feed
data independently. Operating as four arrays allows the system to
process multiple independent batches of rays simultaneously.

4.2 GPU-like Dataflow
For workloads with high data parallelism, such as Gaussian-centric
preprocessing in 3DGS, the encoding stage in NeRF, and the pixel-
centric blending stage in both algorithms, the CGRA can be con-
figured into a GPU-like dataflow mode. In this configuration, each
tile operates as a Single Instruction, Multiple Data (SIMD) engine.
Leveraging the vector capabilities of the PEs, each tile can process
four threads concurrently. Consequently, the full 4 × 4 tile array
functions as a 64-thread parallel processor, where each tile indepen-
dently executes the same instruction stream on different data. This
mode is highly effective for tasks that can be broken down into
numerous independent work items, providing the high degree of
parallelism required for graphics-oriented rendering computations.

4.3 Rendering with Multi-precision Support
As shown in prior work [6, 30, 38], both 3DGS and NeRF run effec-
tively in low precision. To leverage this, the CGRA integrates multi-
precision functional units (FUs), enabling accuracy–throughput
tradeoffs when configuring. Each vector FU supports three execu-
tion modes: single-lane FP32 fused multiply–add (FMA), dual-lane
FP16 FMAs, and quad-lane FP8 FMAs. A configuration controller
dynamically selects the appropriate mode for each dataflow region.

As illustrated in Figure 5(b), a FU is organized into slices. In
FP8 mode, four slices operate in parallel; in FP16 mode, pairs of
slices are combined; and in FP32 mode, all slices are merged into
a single datapath. This design enables linear throughput scaling
with reduced precision, where FP16 and FP8 achieve 2× and 4×
the throughput of FP32, respectively. With unchanged pipeline
depth and forwarding, precision scaling impacts only parallelism
and energy efficiency, leaving kernel code intact. Operands are
packed and unpacked at the CGRA boundary, while the SM register
interface remains consistent.
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Table 2: Rendering Quality Comparison, entries marked with
an asterisk indicate our reproduced results.

Methods Implementation Avg.
MLP-based NeRF [27] Software 31.01
Instant-NGP [24] Software 30.85*
TensorRF [2] Software 31.61*
3DGS [15] Software 34.47
ICARUS [26] ASIC MLP based NeRF 30.21
NeuGPU [28] ASIC Instant NGP 30.69
RT-NeRF [20] ASIC TensoRF 31.79
GSCore [18] ASIC 3DGS 34.40
ViViD CGRA MLP based NeRF 30.81
ViViD CGRA Instant NGP 30.72
ViViD CGRA TensoRF 31.23
ViViD CGRA 3DGS 33.98

4.4 Programmability and Compiler Support
To ensure that the ViViD architecture remains adaptable to rapidly
evolving rendering algorithms, we provide a comprehensive end
to end compilation stack. A historical challenge with CGRA is the
extreme complexity of hardware mapping, which often requires
significant manual effort. Our framework eliminates this barrier by
building seamlessly upon the robust LLVM compiler infrastructure.

The compilation process automatically lowers high level algo-
rithmic implementations into LLVM intermediate representations,
performs domain specific optimizations, and generates the final
dataflow graphs. A dedicated mapping engine, inspired by auto-
mated spatial mappers [31], then automatically assigns these com-
putation graphs onto the PE array, while orchestrating the neces-
sary routing and cycle accurate scheduling. By abstracting away
the underlying hardware complexity, this automated toolchain al-
lows developers to deploy emerging rendering techniques onto
the accelerator with zero manual mapping overhead. This ensures
that the hardware remains highly future proof and accessible to
software researchers.

4.5 Configuration Memory and Latency Hiding
Coarser kernel and mode switches can be preloaded or streamed.
The ViViD architecture supports per cycle instruction switching
utilizing on tile configuration memories, allowing configuration
delivery and execution to be streamed continuously. Furthermore,
we employ double buffered configuration memories, enabling the
system to load the next kernel configuration while the current
kernel is executing. This mechanism effectively hides the majority
of the reconfiguration latency during steady state execution.

To establish a conservative upper bound on the potential execu-
tion bubble at a kernel boundary, we assume a worst case modulo
schedule with an initiation interval (𝐼 𝐼 ) of 10. This represents a
strict worst case scenario, as typical kernels exhibit smaller 𝐼 𝐼 val-
ues owing to regular control flow and higher data reuse, which
consequently reduces the volume of configuration data that must
be refreshed during a switch. Under this assumption, if each pro-
cessing element requires 𝐼 𝐼 configuration entries for the schedule,
a complete reload across all 256 processing elements necessitates a
total configuration volume calculated as:
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Figure 6: Power and area breakdown of ViViD accelerator

𝑁entries = 256 × 𝐼 𝐼 = 256 × 10 = 2560 (4)

Assuming a conservative configuration bandwidth of one en-
try written per cycle, the maximum potential execution bubble
is bounded at 2560 cycles. At an operating frequency of 1 GHz,
this absolute worst case delay translates to approximately 2.56 𝜇s,
formulated as:

𝑡bubble =
2560 cycles
1 × 109 Hz

= 2.56 𝜇s (5)

In practice, this minimal overhead is heavily amortized by the
overall kernel duration and effectively mitigated by the aforemen-
tioned double buffered architecture.

5 Experimental Evaluation
5.1 Experimental Setup
Our evaluation uses PyTorch and CUDA implementations of four
real time rendering methods. We include three NeRF variants cov-
ering distinct architectural paradigms: KiloNeRF [27] as the MLP
based method, Instant-NGP [24] for the hash grid approach, and
TensoRF [2] based on low rank decomposition. We also evaluate
3DGS using its official implementation [15]. To establish perfor-
mance references and characterize the workloads, we profile render-
ing kernels on NVIDIA Jetson Orin NX [4] and Jetson Nano [5], both
used in prior work to emulate standalone edge VR systems [8, 37].

The ViViD CGRA is evaluated using a simulation framework
built on a custom LLVM based toolchain. Compiler passes map
rendering kernels onto the CGRA and provide cycle-level latency
analysis. Synthesizable RTL is generated with VecPAC [32] and
synthesized using Synopsys Design Compiler with a 45 nm technol-
ogy library to estimate area, power, and maximum frequency. On
chip SRAM area and energy are characterized using CACTI 7.0 [21].
To support fair comparisons across different process nodes, power
results are further normalized with DeepScaleTool [29].

5.2 Algorithm Evaluation
We evaluate the impact of our algorithmic enhancements on ren-
dering quality by integrating the Lookahead Culling techniques
from Section 3 into both 3DGS and NeRF and applying FP8 quan-
tization to the exponential functions in 3DGS blending and the
NeRF MLP. To quantitatively measure the effect of these pipeline
modifications, we utilize the NeRF Synthetic dataset [23] and adopt
the Peak Signal to Noise Ratio (PSNR) as our primary evaluation
metric. We compare ViViD against the original unoptimized base-
lines and state of the art specialized acceleration frameworks. As
shown in Table 2, PSNR degradation remains below 1 dB across
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Figure 7: (a) Performance speedup and (b) Energy efficiency improvement of the proposed ViViD accelerator compared against
edge GPUs [4, 5], a unified accelerator [19], and specialized accelerators. Within the specialized accelerator category, the
baselines correspond to MetaVRain [11] for MLP-based NeRF, NeuGPU [28] for Hash Grid NeRF, RT-NeRF [20] for Low Rank
Decomposition NeRF, and GSCore [18] for 3DGS. (c) Breakdown of overall speedup into algorithmic and hardware contributions,
overlaid with the achieved optimized FPS for each rendering method.

all evaluated methods and scenes. Since differences below 1 dB are
generally imperceptible and below established human perceptual
thresholds [34], these findings confirm that the ViViD algorithm
successfully preserves image fidelity with negligible consequences.

5.3 Hardware Evaluation
Power and Area Breakdown. We synthesized the ViViD accel-

erator using Synopsys Design Compiler with a 45nm technology
library, targeting a frequency of 1 GHz to obtain detailed power and
area estimates. On-chip SRAM area and energy were characterized
separately using CACTI-7.0 [21]. As shown in Figure 6, the acceler-
ator consumes a total of 3.94 W. The breakdown indicates that the
PE array is the dominant contributor, accounting for 77.9% of the
total power, followed by SRAM at 17.8% and the control logic at
4.3%. The total chip area is 9.77 mm2, with the PE array occupying
74.5%, SRAM 22.6%, and the control logic 2.9%.

To evaluate the performance of our software-hardware co-design,
we implement MLP based NeRF, Hash Grid NeRF, Low Rank De-
composition NeRF, and 3DGS on the ViViD accelerator using scenes
from the NeRF Synthetic dataset [23]. To explicitly clarify our exper-
imental boundaries and address the scope of our comparisons, the
evaluations presented in this section measure the collective benefits
of our entire co-design framework. Accordingly, the ViViD acceler-
ator executes these workloads equipped with both the Lookahead
Culling optimizations proposed in Section 3 and the FP8 quanti-
zation strategies detailed in Section 5.2. As shown in Figure 7(c),
all four rendering methods achieve performance exceeding 15 FPS,
thereby satisfying the real-time requirements for interactive appli-
cations as outlined in prior work [1].

Conversely, all evaluated baseline platforms, including commer-
cial edge GPUs [4, 5], unified accelerator Uni-Render [19] and spe-
cialized accelerators [11, 18, 20, 28], execute standard unoptimized
pipelines using their original precision formats. Since our algorith-
mic enhancements are designed to work with the ViViD architec-
ture, this comparison evaluates the total performance and efficiency
gains of the complete co-design framework.

Comparison with Edge GPUs. Compared with commercial
edge GPUs [4, 5], ViViD achieves a 2.8× to 18.2× performance
speedup and 24.5× to 161.0× energy efficiency improvement over

Jetson Orin NX, as shown in Figure 7(a)(b). Despite its lower per-
formance roofline, Jetson Nano generally keeps pace with Orin
NX, except for compute intensive MLP based NeRF, where it is 4×
slower and 2.38× less energy efficient. Compared with Jetson Nano,
ViViD achieves a 3.6× to 58.8× speedup and 19.1× to 309× energy
efficiency improvement.

Comparison with Unified Accelerators. We also compare
ViViD with Uni-Render [19], a unified accelerator supporting var-
ious NeRF models and 3DGS. As shown in Figure 7(a)(b), ViViD
achieves a 1.07× to 2.15× performance speedup and 2.5× to 4.19×
energy efficiency improvement on MLP based NeRF, Low Rank
Decomposition NeRF, and 3DGS. Uni-Render performs better on
Hash Grid NeRF because its manually designed micro operator
dataflows better optimize irregular memory accesses in hash encod-
ing. In contrast, ViViD kernels are automatically mapped through
our compiler as described in Section 4.4. While less effective for
irregular memory accesses, this automated mapping performs well
on compute intensive workloads, allowing ViViD to outperform
Uni-Render on the other three methods.

Comparison with Specialized Accelerators. Finally, we bench-
mark ViViD against specialized accelerators tailored to each ren-
dering method [11, 18, 20, 28]. As shown in Figure 7(a)(b), ViViD
exhibits a performance gap of 1.75× to 5.29× and an energy ef-
ficiency gap of 1.47× to 11.9× compared with these specialized
baselines. This outcome aligns with the architectural characteris-
tics in Table 1. To support diverse rendering pipelines on a unified
fabric, our CGRA sacrifices some performance and power efficiency
compared with ASICs hardwired for a single algorithm. Despite this
trade off, ViViD sustains the frame rates required by established
real time performance thresholds [1]. This demonstrates a practical
balance between single task specialization and the programmability
and versatility needed for evolving algorithms.

Contribution Analysis. To identify the source of the perfor-
mance gains, we separate the overall speedup into contributions
from algorithmic optimizations (which encompass our proposed
lookahead culling and FP8 quantization) and hardware acceleration
(derived from execution on our CGRA). For each pipeline, the indi-
vidual speedups are normalized so that their combined contribution
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Table 3: Performance speedup comparison of the proposed
ViViD architecture across diverse rendering scenarios and
resolutions. The evaluated workloads encompass a compre-
hensive range of dataset types, including synthetic object-
centric scenes [23], real-world outdoor environments [16],
and high-resolution real-world indoor spaces [12].

Dataset Scene MLP-based Hash Grid Low Rank 3DGS

Synthetic NeRF [23] Average
(800×800) 14.7× 18.2× 2.8× 9.7×

Tanks&Temples [16]
Train

(980×545) 13.4× 16.6× 2.6× 8.9×

Truck
(979×546) 12.6× 15.3× 2.1× 8.0×

Deep Blending [12]
Playroom
(1264×832) 16.5× 20.6× 3.4× 10.8×

Drjohnson
(1332×876) 17.9× 22.1× 3.6× 11.6×

sums to 100%. As shown in Figure 7(c), hardware acceleration domi-
nates the overall improvement for most representations, accounting
for 65.3%, 66.5%, and 84.3% of the total speedup in Hash Grid NeRF,
Low Rank Decomposition NeRF, and 3DGS, respectively. However,
MLP-based NeRF presents a notable exception; algorithmic opti-
mizations contribute a dominant 74.2% to the performance gain,
primarily because the heavy computational bottleneck inherent in
deep MLPs is significantly alleviated by our quantization strategies.

Summary and Future Adaptability. As shown in Figure 7(c),
ViViD achieves 16.5 to 62.1 FPS through software-hardware co-
design, satisfying real-time interactive requirements. It delivers
substantial efficiency gains over edge GPUs and surpasses unified
rendering accelerators in most evaluated scenarios. While dedicated
specialized accelerators remain faster, our CGRA trades single task
efficiency for generality. With compiler automated dataflow map-
ping, ViViD can adapt to emerging rendering methods, providing a
practical and future-proof solution for evolving neural rendering.

5.4 Adaptability Across Datasets
To evaluate ViViD across diverse rendering scenarios, we extend
beyond synthetic scenes [23] to real world outdoor [16] and in-
door [12] environments at varying resolutions. As shown in Ta-
ble 3, ViViD achieves speedups over Jetson Orin NX [4] across all
scenes, with acceleration generally increasing with resolution. For
example, 3DGS achieves an 8.0× speedup on the lower resolution
Truck scene (979×546), while the higher resolution Drjohnson scene
(1332 × 876) reaches 11.6× for 3DGS and 22.1× for Hash Grid NeRF.
This occurs because Lookahead Culling bypasses redundant com-
putations based on scene complexity. Higher pixel counts increase
the number of early terminated rays or culled Gaussians, allowing
Lookahead Culling to eliminate more redundant computation.

Processing larger resolutions introduces higher hardware over-
head for memory-intensive operations. Specifically, algorithms like
sorting in 3DGS or hash encoding in Hash Grid NeRF require more
memory bandwidth to handle the expanded data. However, the data
reduction from Lookahead Culling is more dominant, masking the
disadvantages caused by bandwidth constraints and allowing the
overall speedup to continue improving on higher resolution scenes.
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5.5 Ablation Study
In this section, we conduct ablation studies to evaluate two de-
sign choices: the TPU-like mode and the co-design between multi-
precision MUL/ADD units in PEs and algorithmic quantization.

Configuration in TPU-like mode. As proposed in Section 4.1,
ViViD accelerator can configure its array into two modes: a single
large array for large matrix multiplications, or multiple smaller
arrays for small matrix multiplications. This flexibility is especially
useful in the color MLP’s final layer, which typically narrows the
output dimension to 3 for RGB values. Performing this operation on
a large 16×16 array would leave many PEs underutilized. Therefore,
we conduct an experiment on the color MLP to compare the two
modes. As shown in Figure 8(a), the single 16 × 16 array achieves
only 54.2% PE utilization. In contrast, four 8 × 8 arrays achieve a
1.34× performance speedup and increase PE utilization to 72.7%.

Quantization Optimization and Trade-off. As described in
Section 4.3, the floating point multiply-add units in our PEs are
composed of lower-bit building blocks, allowing dynamic reconfig-
uration for FP8, FP16, or FP32 operations. This design enables trade-
offs between performance and precision, where lower bitwidths
increase throughput but may degrade rendering fidelity. To eval-
uate this balance, we conduct quantization experiments on the
truck scene from the Tanks&Temples dataset [16], focusing on the
exponential function in the 3DGS blending kernel. We apply FP8
and FP16 quantization and evaluate their effects on performance
and image fidelity. As shown in Figure 8(b), FP16 has negligible
impact on image quality, while FP8 causes an approximately 1 dB
PSNR drop, which remains within an acceptable visual range. FP16
provides a 1.27× speedup for blending, while FP8 achieves 1.56×.

6 Conclusion
In this work, we proposeViViD, a full-stack solution designed to sup-
port both NeRF and 3DGS with high efficiency. ViViD demonstrates
that real-time, high fidelity rendering on resource constrained VR
devices is achievable by co-designing algorithmic optimizations
with a CGRA-based hardware architecture. Through flexible execu-
tion modes, adaptive precision scaling, and efficient kernel sched-
uling, ViViD maximizes throughput while minimizing energy con-
sumption. It achieves up to 18.2× speedup and 161.0× energy effi-
ciency over edge GPU baselines, bridging the gap between efficiency
and visual quality for next-generation immersive applications and
demonstrating the immense potential of reconfigurable hardware
in accelerating emerging rendering workloads.
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