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Abstract

3D Gaussian Splatting (3DGS) has become a practical representa-
tion for high-quality novel view synthesis by rendering scenes as
explicit Gaussian primitives. However, its forward pipeline is still
dominated by sorting and rendering, and prior accelerators largely
optimize these stages within the same square-tile-based execution
framework. Our analysis shows that this organization is poorly
matched to three structural properties of Gaussians. First, neighbor-
ing regions share strong candidate-set and ordering continuity, but
square tiles weaken this locality through large tile strides. Second,
each Gaussian’s effective projected area is available before ren-
dering, yet exploiting it under two-dimensional tiles is expensive,
leaving unnecessary pixel-level work and fewer opportunities to
process non-overlapping Gaussians together. Third, projected Gaus-
sians are often highly anisotropic with locally correlated dominant
orientations, whereas square tiles remain isotropic work units.

To address this mismatch, we propose a scanline-oriented ren-
dering scheme and a corresponding in-GPU accelerator, SLGS. The
scanline rendering pipeline partitions the image into macro-tiles
and processes them as direction-aligned scanlines selected accord-
ing to local Gaussian orientation. This organization enables ordering-
state reuse across neighboring scanlines, low-overhead effective-
area handling, packetized execution of non-overlapping Gaussian
work, and 32-lane front-to-back compositing with lane-level feed-
back. Overall, SLGS achieves 12.43x speedup over original 3DGS,
2.36% speedup over the strongest prior accelerator, and 52.6-78.5%
lower rendering energy than prior accelerators.
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1 Introduction

Novel view synthesis (NVS) renders images from unseen view-
points given a set of observed views, enabling applications such
as virtual and augmented reality, autonomous driving, robotics,
and free-viewpoint media [10, 18, 20, 23, 32, 33]. Neural Radiance
Fields (NeRF) [24] demonstrated photorealistic NVS, but dense ray
sampling and volume integration make both training and infer-
ence expensive [5, 8, 19, 29, 31]. 3D Gaussian Splatting (3DGS) [12]
addresses this cost by representing a scene as a set of explicit, learn-
able 3D Gaussians and rendering them directly in screen space,
making explicit primitive-based rendering a practical alternative to
implicit MLP-based neural rendering.

Despite this efficiency, 3DGS inference is still dominated by sort-
ing and rendering [4, 9, 14, 16, 28]. In the original 3DGS pipeline,
Gaussians projected into screen space are first assigned to 16 X 16
square tiles through conservative proxy regions, then sorted inde-
pendently within each tile, and finally composited through tile-
cooperative, front-to-back execution. Prior accelerators [11, 15,
17, 26, 27, 35-37] have identified several inefficiencies that arise
from this tile-based organization, including candidate inflation, re-
dundant tile-local sorting, and ineffective raster work. However,
they primarily address these inefficiencies by adding optimizations
within the tile-based pipeline, such as tighter tile admission, tem-
poral sorting reuse or sorting reduction, and subtile-level skipping.
As a result, the underlying square-tile or tile-derived rendering
organization remains largely unchanged.

This raises two more fundamental questions. Is tile-based ren-
dering itself the most efficient execution organization for 3DGS?
More importantly, is a square-tile work unit well matched to the
structural properties of Gaussian primitives? To answer these ques-
tions, we revisit three rendering-relevant Gaussian properties and
their interaction with square tiles. First, neighboring image-space
regions often share a large fraction of Gaussian candidates and pre-
serve similar depth ordering, implying strong spatial locality and
ordering continuity [4, 6, 21]. Square tiles, however, group pixels
into 16 X 16 units and move with a stride of at least 16 pixels, which
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Figure 1: Forward pipeline of 3D Gaussian Splatting.

weakens the finer-grained locality already present at pixel level and
limits reuse across neighboring regions. Second, after projection,
each Gaussian has a well-defined screen-space region in which it
can meaningfully affect pixels [38, 39]; we refer to this region as
its effective projected area. Square-tile execution, however, handles
this region conservatively because checking its exact overlap with
a two-dimensional tile is expensive. This leads to substantial com-
putation on pixels outside the region and reduces the opportunity
to execute non-overlapping Gaussians together. Third, projected
Gaussians are often highly anisotropic, and nearby Gaussians fre-
quently share similar dominant orientations [6, 21, 39]. Square tiles,
however, are isotropic work units and therefore do not naturally
reflect this directional structure.

These observations motivate a different execution organization.
In this work, we propose a scanline-oriented rendering scheme for 3D
Gaussian Splatting and a corresponding in-GPU accelerator, SLGS.
Instead of rendering independent square tiles, SLGS partitions the
image into macro-tiles and processes each macro-tile as orientation-
selected horizontal or vertical scanlines. This enables ordering-state
reuse, exact support generation before compositing, packetized
non-overlap execution, and 32-lane front-to-back compositing with
lane-level feedback.

This reorganization provides three concrete advantages. First,
scanline traversal preserves spatial locality and ordering continuity
more effectively than square-tile execution, making reuse more
natural across neighboring work units. Second, effective projected
area is exploited at low overhead, enabling efficient elimination of
unnecessary pixel-level work and exposing more opportunities to
process non-overlapping Gaussians concurrently. Third, scanline
direction can be aligned with dominant local orientation, improving
unit utilization for highly anisotropic Gaussians. As a result, the
proposed scheme achieves 12.43%x speedup over original 3DGS and
2.36% over the strongest evaluated prior accelerator on the common
workload; after normalizing accelerator designs to 28 nm and 1 GHz,
SLGS reduces average per-frame rendering energy by 52.6-78.5%
relative to the evaluated prior accelerators.

The contributions of this work are as follows.

o We identify a structural mismatch between square-tile exe-
cution and Gaussian structure in 3DGS, showing that spa-
tial locality, effective projected area, and anisotropy are only
weakly exposed under tile-based organization.

e We propose a scanline-oriented rendering scheme that com-
bines direction-aligned macro-tile decomposition, scanline-
local ordering-state reuse, pixel-level exact support genera-
tion, and conflict-aware packetized compositing.

e We design SLGS, an in-GPU accelerator with bitmap-native
scheduling and done-aware runtime optimization, enabling
Gaussian rendering to exploit exact support and lane-level
feedback more directly than conventional square-tile pipelines.

2 Background & Prior Work
2.1 Novel View Synthesis

Novel view synthesis (NVS) renders unseen viewpoints from ob-
served images and underpins applications such as AR/VR, robot-
ics, and autonomous systems. Neural Radiance Fields (NeRF) [24]
achieved photorealistic NVS with implicit neural fields, but their
dense ray sampling and volumetric integration make inference
costly. 3D Gaussian Splatting (3DGS) [12] instead represents a scene
as explicit learnable Gaussians. To render a new view, it projects
these Gaussians onto the image plane, orders them by depth, and
accumulates their opacity-weighted color contributions from front
to back. This shifts NVS from ray-based field integration to ordered
processing of projected Gaussian primitives, making the rendering
pipeline amenable to architectural acceleration.

2.2 3D Gaussian Splatting

The key shift introduced by 3D Gaussian Splatting is to represent
a scene not as an implicit radiance field but as a set of learnable
explicit Gaussian primitives,

g = {9; ?=[1-

Each Gaussian g; is parameterized by a 3D mean p;, covariance %;,
opacity o;, and appearance parameter i;, such as view-dependent
color coefficients. During training, these parameters are optimized
and density control refines the Gaussian set. As a result, the forward
renderer of 3DGS can be understood as a screen-space rendering
pipeline that processes explicit primitives projected to the current
view, rather than directly sampling an implicit field along rays.

As shown in Figure 1, the original forward pass of 3DGS for a
given camera view v proceeds as follows.

@ Frustum Culling & Preprocessing. First, Gaussians that do not
participate in rendering for the current view are removed, yielding
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Each g; € G is then projected onto the current view to compute
the projected mean, projected 2D covariance, and inverse conic:
Hp=m(u),  Zp=RWELWTTL Q= ()7
where W denotes the world-to-camera transform and J; is the
Jacobian of the camera projection evaluated at Gaussian g;. The
renderer also materializes depth d;, opacity o;, color ¢;, and radius r;.
Later stages therefore operate on the view-dependent screen-space
state
i = (1;,%}, Q1,04 di, ci ri),

which captures the projected position, geometry, and appearance
of each Gaussian.

@ Tile binning. The image plane is partitioned into a set of 16X 16
square tiles 7. Each Gaussian is assigned to tiles using a conserva-
tive proxy bounding box, rather than its effective projected area.
In the original implementation, a conservative square axis-aligned
proxy All?b"x is derived from the projected center y; and a projected
extent proxy r;, and the Gaussian is duplicated to every overlapping
tile. As a result, each tile t € 7 obtains the candidate set

Cr={gie G | tnAP> 20}

Since A?b"x is only a bounding proxy, a Gaussian can be included as
a candidate even when its effective projected area does not intersect
the tile. In this paper, we refer to such Gaussian-tile assignments
as false-positive candidates. A Gaussian with a large screen-space
extent may also be replicated across many tiles, after which each
tile processes it through its own sorting and compositing stages.
© Tile local depth sorting. The candidates in each tile are sorted
in front-to-back order according to depth d;, yielding an ordered
stream o;:
Aoy (1) < doy(2) < -+ < doy(icl)-
This lets pixels in a tile share one compositing order, but sorting
is reused only within that tile. A Gaussian spanning multiple tiles
therefore appears in multiple ordered streams, preventing direct
reuse across tile boundaries.
@ Tile cooperative rasterization. Finally, pixels inside a tile con-
sume the shared ordered stream o; and perform front-to-back alpha
compositing. For a pixel p, we first define the quadratic distance
term
ai(p) = (p = 1) T Qip — )

which measures the distance from p to the projected Gaussian
center under the inverse-covariance metric Q;. The corresponding
per-pixel opacity contribution is

1
ai(p) =o; eXP(—qu‘ (P)) .
Color C and transmittance T are then accumulated as

C(p) = D Tt (P) oyt (P) Cay (1> Te(p) =Tt (P) (1 = (1) (P))-
k

Practical implementations additionally prune negligible opacity
contributions and terminate compositing once the remaining trans-
mittance falls below a threshold. In the actual GPU implementation,
one 16 X 16 tile corresponds to one thread block, and 256 threads
correspond to the 256 pixels within the tile. These threads traverse
the tile’s ordered Gaussian stream together. At each iteration, all
threads fetch the same Gaussian, but each thread computes the
Gaussian’s opacity contribution ;(p) for its own pixel based on
the pixel’s distance from the projected Gaussian center, and then
updates that pixel’s color and transmittance. This improves fetch
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Figure 2: Latency breakdown of 3DGS across pipeline stages
for various scenes.

reuse and order sharing, but forces pixels with little or no overlap
to participate in tile-level execution.

2.3 Accelerating 3DGS

Figure 2 shows the stage-wise latency breakdown of the original
3DGS forward pipeline. In our profiling, rendering is the dominant
contributor to total latency, followed by sorting, while preprocess-
ing contributes only marginally. On average, rendering accounts
for 72.96% of total latency, sorting for 20.49%, and preprocessing for
the remaining 6.55%. This indicates that accelerating 3DGS requires
reducing the cost of both rendering and sorting.

Prior work has addressed these costs through tighter candidate
admission, reduced sorting overhead, and more efficient raster work.
GSCore [15] combines shape-aware tile admission, hierarchical sort-
ing, and subtile skipping; AdR-Gaussian [34] reduces each Gauss-
ian’s rendering range with opacity-aware boundaries; GBU [37]
accelerates blending with an intra-tile row-wise dataflow; Speedy-
Splat [7] improves Gaussian-to-tile admission through row/column
traversal; GauRast [17] accelerates Gaussian rasterization using an
enhanced GPU rasterizer; GS-TG [11] shares sorting across spa-
tial tile groups; and Neo [26] reuses ordering across frames. While
these techniques optimize different stages in diverse ways, they
retain square tiles or tile-derived regions as the underlying spatial
execution organization. This leaves open whether the tile-based
organization itself is well matched to Gaussian structure, which we
examine next.

3 Motivation

In this section, we examine the rendering-relevant characteristics
of Gaussians and how they are handled under square-tile execu-
tion. Because 3DGS explicitly represents a scene with Gaussians,
these primitives exhibit several structural properties that directly
affect rendering, including spatial placement, projected area, and
orientation.

3.1 Spatial Distribution

After training, Gaussians tend to lie on continuous scene surfaces
rather than appearing as random primitives. Once projected, neigh-
boring image regions therefore share many Gaussians and often
preserve similar relative depth order, forming strong spatial locality.
In principle, both the set of contributing Gaussians and their order-
ing should be reusable across neighboring pixels or fine-grained
linear work units.

However, the 16 X 16 square-tile pipeline breaks this continu-
ity into isolated tile-level subproblems. Moving to an adjacent tile
already shifts the work unit by at least 16 pixels, weakening fine-
grained locality and ordering coherence at tile boundaries. As a
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Figure 3: Illustration of how different optimization methods
bound and cover the projected area of a Gaussian.

Orig. 3DGS AdR-G. GSCore SLGS
Boundary cue Shape only (30) Op.-aware Shape only (30)  Op.-aware
Coverage selection Tile " AABB Tile N AABB Tilescbnge}S E?stcetrgi:lel
Avg. coverage (px) 1961.49 743.25 505.77 120.31
Avg. coverage (tile) 7.70 2.95 1.99

Table 1: Quantitative comparison of projected-area handling
across optimization methods.

result, candidate streams and ordering state are reconstructed inde-
pendently per tile.

3.2 Effective Projected Area

Another important property is that each Gaussian has an effective
projected area, the finite screen-space footprint that remains after
negligible opacity contributions are pruned. This area is already
available after preprocess, rather than being discovered late inside
the render loop. Using the projected mean yj, inverse conic Q;, and
opacity o;, all computed during preprocess, together with the same
opacity threshold used in original 3DGS, amin = 1/255, the effective
projected area of Gaussian g; can be written as

At = {(x, y)

([ 91T = ) " Qillx y1™ = f) < —zlog(m)}'

0;
The issue is that square-tile execution does not use this area

directly. For a tile T = [x9, x1] X [yo, y1], deciding whether Gaussian
gi overlaps the tile reduces to testing

3(x,y) € T such that (x, y) € A,

Because A?ff is quadratic, this is a two-dimensional constrained
overlap test rather than a simple AABB intersection. Tile-based
pipelines therefore fall back to conservative proxy admission.

This leaves two sources of inefficiency. First, false positives re-
main: tiles and pixels that are not actually affected by a Gaussian
can still propagate into later stages. Second, the true conflict rela-
tion among Gaussians is obscured: under a conservative proxy, two
Gaussians may be treated as conflicting simply because they fall
into the same tile or subtile, even when their effective projected ar-
eas are disjoint. Thus, exact handling of the effective projected area
matters not only because it tightens the admitted region, but also
because it reveals true overlap more faithfully than proxy-based
admission.

Figure 3 and Table 1 illustrate this trend. As prior methods tighten
admission through opacity-aware boundaries, OBB selection, and
subtile skipping, average tile coverage drops from 7.70 in original
3DGS to 2.95 in AdR-Gaussian and 1.99 in GSCore, while average
pixel coverage drops from 1961.49 to 743.25 and 505.77. This shows
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sians.

that tighter projected-area handling reduces false positives and ex-
poses more true non-overlap. The remaining challenge is to expose
this area in a form that the renderer can use directly, rather than
only tightening tile admission.

3.3 Anisotropy and Dominant Orientation

After preprocess, each Gaussian already carries its projected shape
and direction through X, or equivalently Q;, without additional
runtime estimation. Let the eigenvalues of %] be A;; > 4;2. Then
the aspect ratio of the projected ellipse can be written as

aspect ratio; = m = aj-mj/ ai™,

where a;"" and a™" denote the major and minor axis lengths of
the projected ellipse. The same eigenstructure also determines the
dominant orientation of the Gaussian, that is, the direction along
which its projected footprint spreads in image space.

In practice, this anisotropy is often substantial. Perspective distor-
tion, thin structures, boundary geometry, and densification during
training all contribute to strongly elongated projected Gaussians. In
the example scene shown in Figure 4(a), 49.55% of projected Gaus-
sians have an aspect ratio of at least 4, with a long tail toward highly
elongated footprints. This illustrates that anisotropic Gaussians can
constitute a substantial fraction of the rendering workload.

This directional structure is also spatially correlated. Because
nearby Gaussians often lie on the same underlying surface, they
tend to share similar dominant orientations. Figure 4 (b) illustrates
this clearly: floor regions are dominated by horizontally elongated
Gaussians, shown in red regions, whereas vertical structures such as
legs are dominated by vertically elongated Gaussians, shown in blue
regions. The current square tile, however, is an isotropic work unit
and therefore cannot directly reflect this directional structure at the
level of execution organization. As a result, Gaussian anisotropy is
handled only coarsely under tile-level cooperative execution, while
execution opportunities aligned with dominant orientation remain

hidden.

4 Observations

The discussion above suggests that square tiles are not the most
natural execution unit for Gaussian rendering. A better organi-
zation should preserve local ordering continuity, expose effective
projected area at low overhead, and reflect the dominant orientation
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Figure 5: (a) Illustration of candidate and ordering-state reuse
across neighboring work units. (b) Candidate overlap ratio
with adjacent rendering units for tiles and scanlines across
representative scenes.

of projected Gaussians. From this perspective, scanline-oriented
rendering provides a more suitable execution structure.

4.1 Maximizing Spatial Locality

The spatial locality and ordering coherence discussed in Section 3.1
are preserved more directly when neighboring work units change
only slightly. Scanlines provide such an organization because they
advance by one row or column, whereas square tiles move in coarse
tile-sized strides.

Figure 5 illustrates this effect. Under tile-based rendering, adja-
cent work units show limited candidate overlap, which often makes
independent sorting necessary for each tile. Under scanline-based
rendering, most candidates and their relative depth order remain
stable across neighboring scanlines, and only a small number of
entries need to be inserted or removed. Quantitatively, tile-based
rendering preserves only 67.94% average candidate overlap across
neighboring units, whereas scanline-based rendering preserves
96.59%. Thus, scanlines expose the locality of Gaussian placement
more directly than square tiles.

4.2 Effective-Area Representation and Batching
Opportunity

As discussed in Section 3.2, exploiting effective projected area un-
der square tiles requires a two-dimensional constrained overlap
test. By contrast, scanlines reduce the same operation to a row-
local one-dimensional support test, making effective-area filtering
substantially cheaper.

Our oracle-style geometry microbenchmark on an 19-14900K
CPU server confirms this difference. Testing the intersection be-
tween a conservative bounding box and a tile takes 2.54 ns on aver-
age, whereas testing the intersection between a Gaussian’s effective
projected area and a tile takes 9.05 ns. The scanline case reduces
this cost to 5.75 ns. Moreover, because Gaussian support changes
smoothly across neighboring scanlines, scanline-level support can
be updated incrementally, further reducing the cost to 0.83 ns. Thus,
line-shaped units make effective-area handling practical by reduc-
ing a two-dimensional overlap problem to a one-dimensional span
that can be updated and later materialized at pixel granularity.

This one-dimensional representation also translates into batch-
ing opportunity. Figure 6 (a) compares equal-area work units: a
4 X 4 subtile and a 16-pixel scanline. In a 4 X 4 subtile, candidates
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Figure 6: (a) Illustration of how projected Gaussian overlap
within a work unit affects serial versus batched execution. (b)
Non-overlap fraction of adjacent Gaussian pairs within 16-
pixel work units. Higher fractions indicate greater batching
opportunity.

are confined to a small two-dimensional region, making true over-
lap likely and often forcing serial execution. A scanline constrains
candidates along only one axis, allowing their supports to remain
separated along the 16-pixel span. Thus, line-shaped units preserve
more true non-overlap for batched execution.

Figure 6 (b) confirms this trend with an oracle-style geometry
test over a representative 10-view sample per scene. The adjacent-
pair non-overlap fraction is consistently higher for line-shaped
units than for 4 X 4 square subtiles: 27.20% vs. 6.86% on counter,
37.94% vs. 15.19% on garden, and 37.03% vs. 15.39% on bicycle. These
results show that line-shaped units not only remove false positives
at lower cost, but also expose more scheduler-visible non-overlap
for packetized batching.

4.3 Aligning with Dominant Orientation

The anisotropy and dominant orientation discussed in Section 3.3
are also directly related to the choice of rendering unit. When the
unit direction matches the dominant local orientation, a Gaussian is
less fragmented across units and covers a denser span within each
unit, improving lane utilization. Square tiles cannot exploit this
alignment because they are isotropic, whereas scanline-oriented
units can choose a horizontal or vertical direction per macro-tile.

Taken together, these observations suggest that scanline-oriented
rendering offers three advantages over square-tile organization: it
preserves locality and ordering coherence more effectively, exposes
effective projected area in a lower-overhead and more usable form,
and aligns execution units more naturally with Gaussian anisotropy
and dominant orientation.

5 Proposal

Motivated by the observations in the previous section, we propose
a scanline-oriented rendering scheme for 3D Gaussian Splatting and
its corresponding in-GPU accelerator, SLGS. Instead of optimiz-
ing within square tiles, SLGS exposes Gaussian structure at the
execution-unit level by replacing square-tile rendering with scan-
line execution. It combines scanline-local ordering reuse, recurrence-
based support extraction, bitmap-native packetization, and 32-lane
front-to-back compositing.

5.1 Scanline Rendering Pipeline

Figure 7 shows the scanline rendering pipeline. The pipeline keeps
the GPU-side preprocess but replaces square-tile rendering with
scanline-oriented execution in the SLGS HW-tail. It consists of four
stages: GPU front-end setup, scanline-local sort and reuse, effective
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Figure 7: Overview of scanline rendering pipeline.

support extraction, and packetized scanline compositing, which are
described below.

@ GPU Front-End & Macro-Tile Setup. The pipeline begins with
GPU-side frustum culling and preprocess, as in original 3DGS. For
the remaining visible Gaussians, the front-end computes the pro-
jected mean y}, projected covariance X}, inverse conic Q;, opacity
0;, depth key d;, color payload c;, and related attributes. The image
plane is then partitioned into 32 X 32 macro-tiles, and a Gaussian
candidate set is constructed for each macro-tile.

For each macro-tile, the front-end selects either a horizontal or
vertical scanline direction using a simple direction vote over the
local Gaussians. Each Gaussian casts a one-bit vote based on the
principal eigenvector of its projected covariance: it votes horizontal
if the absolute horizontal component is larger, and vertical other-
wise. The macro-tile direction is selected by majority vote. The
selected direction defines a scanline-local coordinate system (u, v),
where u is the along-scanline axis and v is the cross-scanline axis.
For a horizontal macro-tile, (u,v) = (x,y); for a vertical macro-tile,
(u,0) = (y, x).

The front-end then generates the recurrence seed used by the
HW-tail for scanline-local support extraction. For each candidate

Gaussian, the seed is initialized at the first active scanline si(o) and
contains

R; = (s@, uﬁ?i),p?’(o), Auc i, Ap?’(o), Azpf) .

i

Here, uioi) and pf’(o) denote the center and squared half-width of

the Gaussian’s scanline-local active pixel span at the first active

scanline. Au_; is the per-scanline change of the span center, Apiz’(o)
is the initial first difference of the squared half-width, and A2 pi2 is
its constant second difference. These seed values are derived once
from the scanline-aligned projected conic and allow the HW-tail
to advance support state across scanlines using simple recurrence
updates.

After this stage, the HW-tail receives, for each macro-tile, the
selected scanline direction, the Gaussian candidate stream, the
depth key of each candidate, the scanline-support recurrence seed,
and Gaussian payloads such as color and opacity.

@ Macro-Tile-Local Sort and Reuse. Using this input, the HW-
tail maintains a macro-tile-local ordered stream that is initialized

Frame 1 Frame 2 Frame 3 Time
GPU ( Stage €@ X Stage X Stage €@ )
SLGS ( Stae@OO ) ( Stxe@.00

X Macro Tile Macro Tile ;
8 MTSEs :
Macro Tile X Macro Tile X Macro Tile ).
MTSE #1

Scanline #1 Scanline #2 Scanline #3 H

Figure 8: Execution schedule of the SLGS pipeline. GPU
Stage @ overlaps with HW-tail Stages @-@ across frames,
while eight MTSEs process macro-tile tasks in parallel with
first-scanline full sort and subsequent scanline-level reuse.

from the first active scanline and then updated as execution ad-
vances across scanlines. If the current scanline is the first scanline
of the macro-tile, the HW-tail extracts the subset of candidates
whose scanline-level active range includes that line, fully sorts
them by depth key, and partitions the resulting ordered stream into
bounded-size buckets. Here, a bucket is a small contiguous segment
of the depth-ordered stream, used as the update granularity for
scanline-to-scanline reuse. This initializes the depth-ordered state
for subsequent scanline reuse.

For later scanlines, entry events insert newly active candidates
into their target buckets, while exit events invalidate candidates
that no longer have support. Each entry event carries the candidate
descriptor, including its Gaussian ID, depth key, payload pointer,
and recurrence-state pointer. Since each Gaussian has a fixed stable
sort key within the current view, e.g., (d;, gid;), the target bucket
and bucket-local insertion position can be determined without
rebuilding the entire ordered stream. Thus, later scanlines reuse
the existing depth-ordered layout while updating only the affected
bucket entries and bucket metadata.

As a result, the sorted state initialized from the first scanline is
reused across the remaining scanlines of the macro-tile, reducing
repeated scanline-level sorting overhead.
© Scanline-Local False-Positive Filtering and Exact Bitmap
Generation.

Once the sorting state for the current scanline is available, the
HW-tail tests each Gaussian candidate for nonempty support on
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Figure 9: Overview of SLGS Hardware.

that scanline. This step removes scanline-level false positives be-
fore the HW-tail computes the per-pixel support bitmap used for

scheduling and compositing.
The HW-tail uses the recurrence seed provided by the front-end
to maintain the scanline-local support state of each Gaussian. At

the first active scanline sl.(o) , the state is initialized to uc((i.), pf’(o),

and Apiz’(o). As the scanline index advances, the HW-tail updates
the state using
Ap} — Apl + Ap}.

2 2 2
Ucj < Uci + Auc, p; — p; +Ap7,

Here, u.; denotes the center of the Gaussian’s active pixel span
on the current scanline, and p? denotes its squared half-width. A
Gaussian has nonempty support on the current scanline only if
p? > 0. Candidates with p? < 0 are discarded immediately, avoiding
both the extent computation needed to obtain the span endpoints

and the subsequent bitmap generation.
For each surviving Gaussian, the HW-tail computes the integer

support endpoints

uk = {ucxi - ,/pﬂ, ul = \‘uc,i + ,/pr .

The interval is clipped to the 32-pixel scanline range and converted
into a 32-bit exact bitmap M;. Each bit of M; indicates whether
the corresponding pixel is active in the Gaussian’s scanline-local
support. At this point, the Gaussian’s effective projected area has
been materialized as a bitmap-native support representation for
downstream scheduling and compositing.
@ Packetized Scanline Compositing. The generated exact bitmaps
become the execution primitive used by the downstream scheduler.
They also turn the batching opportunity discussed earlier into a
concrete scheduling mechanism, which we call packetization. In
SLGS, a packet is a fixed-width execution unit that groups non-
overlapping Gaussian work on the same scanline and issues it to the
compositor together. For the remaining Gaussians, the scheduler
forms these packets from the scanline-local ordered stream while
preserving front-to-back order. In our design, each packet can con-
tain up to K = 4 Gaussians. To keep scheduling cost bounded while
preserving order, the scheduler performs in-order greedy packetiza-
tion: it admits the next candidate into the current packet only when
its bitmap does not overlap with the packet occupancy bitmap;
otherwise, the current packet is emitted and the same candidate
starts the next packet.
Each packet is then sent to a 32-lane compositor. Each packet
slot carries a Gaussian payload and its current-scanline bitmap.

Because packet construction admits only non-overlapping bitmaps
within a packet, at most one packet slot is active for each lane.
The four slot bitmap bits therefore act as a one-hot selector for the
Gaussian payload consumed by that lane. The compositor activates
only lanes whose bitmap bits are set and performs front-to-back
compositing on those lanes. The compositing rule itself is identical
to that of original 3DGS. The difference is that, instead of 256
pixels in a square tile sharing the same ordered stream, only the 32
pixels on the current scanline are selectively activated according to
exact bitmaps. Packet execution repeats scanline by scanline, with
lane-level state fed back to later packet scheduling on the current
scanline.

Figure 8 summarizes how the four stages are scheduled in time.
Stage @ runs on the GPU front-end, while Stages @-@ run on the
SLGS HW-tail. The two units overlap across frames: the HW-tail
processes frame f while the GPU front-end prepares metadata for
frame f + 1. Within the HW-tail, eight MTSEs process macro-tile
tasks in parallel; each MTSE performs a full sort for the first scan-
line and reuses the sorted state for later scanlines before Stage €
support extraction and Stage @ packetized compositing.

5.2 SLGS Hardware Architecture

Figure 9 illustrates the overall organization of the SLGS hardware.
The SLGS hardware is organized as a GPU-integrated HW-tail
that consumes the macro-tile candidate stream produced by the
GPU front-end. In our design point, the HW-tail contains eight
Macro-Tile Scanline Engines (MTSEs), and a dispatcher dynamically
assigns ready macro-tiles to the available MTSEs. Each macro-tile
is mapped to one MTSE and processed as 32 sequential scanlines
of size 32 X 1 or 1 X 32, depending on the selected direction. SLGS
operates as a persistent, L2-connected HW-tail with double-buffered
frame storage, allowing GPU preprocessing and HW-tail execution
to overlap across consecutive frames. Frame-level ready/completion
state and backpressure coordinate buffer ownership, while macro-
tile-level dispatch avoids per-Gaussian dispatch overhead.
1. Input Contract and Macro-Tile Context. At the input bound-
ary, each MTSE receives a macro-tile candidate stream whose
Gaussian entries include a depth key, projected screen-space state,
scanline-scheduling metadata, and the recurrence metadata re-
quired for scanline-local support evaluation. The ingress block
initializes the context of the current macro-tile and separates each
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Gaussian into scheduling metadata and shading payload. The de-
scriptor buffer stores depth keys, recurrence-related fields, scanline-
support state, scanline-update metadata, and validity bits, while
payload SRAM stores color, opacity, projected mean, and conic pa-
rameters. Macro-tile-context SRAM maintains the selected scanline
direction, current scanline index, ordered-stream pointer, scheduler-
window pointer, payload SRAM base pointer, and pixel-state SRAM
pointer.

2. Sorting State & Bucket Reuse Unit. The sorting block performs
a full sort over the first-scanline active candidate stream, writes the
result into an ordered-entry SRAM organized as bounded-size buck-
ets, and initializes the corresponding bucket-state metadata. From
the second scanline onward, full sorting is not repeated. Instead,
the update engine consumes the scanline-update metadata for the
current scanline and decodes each update into its target bucket ID,
update direction, and candidate descriptor. For an entry update, the
corresponding descriptor is inserted into the bucket-local ordered
entry storage according to the stable sort key (d;, gid;). For an exit
update, the matching bucket entry is invalidated or removed. Since
each Gaussian has a fixed depth key within the current view, these
updates preserve the bucket-local ordering rule without rebuild-
ing the entire ordered stream. In parallel, entry and exit updates
targeting the same bucket are reduced into a net signed delta, accu-
mulated in a small bucket-delta scratchpad, and committed only for
touched buckets. The delta path updates bucket occupancy meta-
data, while the bucket-local ordered entry storage maintains the
actual descriptors consumed by the scheduler.

3. Exact Support Extractor. Candidates from the ordered stream
are then passed to the support extraction engine. This block first
checks whether each Gaussian has support on the current scanline
using the current scanline index together with the recurrence meta-
data, and immediately drops Gaussians that do not. For surviving
Gaussians, the recurrence datapath updates the current-scanline
support state and, when needed, a dedicated square-root unit com-
putes the support extent to obtain the left and right boundaries.
The bitmap generator then uses these boundaries together with
the scanline range to construct a 32-bit exact bitmap. At this point,
each active descriptor entry contains a depth key, a current-scanline
bitmap, a payload pointer, a recurrence-state pointer, and a validity
bit.

4. Bitmap Scheduling, Packetization, and Compositing. The
scheduler directly uses the exact bitmap M; as its execution primi-
tive and greedily packs non-overlapping Gaussians into packets of
up to K = 4. Specifically, the packetizer maintains a packet occu-
pancy bitmap P, and slot count, and admits a candidate into the
current packet only if

M; & Pp =0, slot_count < 4.

When both conditions hold, the packet state is updated as
P, — P, | M,

and the slot count is incremented. Otherwise, the current packet is
closed and emitted, and the same candidate is reconsidered as the
first entry of the next packet.

The resulting packet is forwarded to the 32-lane compositor.
Each packet slot carries a payload pointer identifying the Gaussian
and a bitmap indicating which lanes of the current scanline are
active for that Gaussian. Pixel-state SRAM stores the accumulated
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Figure 10: Illustration of done-aware scheduling. (a) Origi-
nal 3DGS processes Gaussians sequentially. (b) SLGS pack-
etizes non-overlapping Gaussians. (c) Done-aware schedul-
ing masks out early-terminated lanes, removes unnecessary
Gaussian work, and enables more compact packetization.

color Cy, the current transmittance T, and a done bit for each
lane. The compositor evaluates the Gaussian response and opacity
contribution only on lanes whose bitmap bits are set and updates C
and T, according to the same front-to-back compositing rule used
in original 3DGS. After packet execution, the updated done mask
of the current scanline is generated and written back as lane-level
state for later scheduling decisions.

5.3 Done-Aware Optimizations

As packet execution proceeds, some lanes reach the transmittance
threshold and no longer require further Gaussian contributions.
This lane-level termination is the same early-termination principle
used in original 3DGS, but SLGS exposes it to the scheduler rather
than consuming it only inside the compositor. As shown in Fig-
ure 10 (a), original 3DGS processes Gaussians strictly in sequence.
Scanline packetization reduces the number of iterations by group-
ing non-overlapping Gaussians, as shown in Figure 10 (b). With
done-aware scheduling, SLGS further masks out lanes that have
already terminated and repacks only the remaining active work,
enabling a more compact schedule as shown in Figure 10 (c).

Concretely, let M; denote the exact bitmap of Gaussian g; on
the current scanline, and let D denote the current done mask. The
scheduler forms an effective bitmap

M; = M; A =D.

If M; = 0, then g; contributes only to lanes that have already ter-
minated and can be discarded before execution. Otherwise, the
scheduler uses M;, rather than the raw bitmap M;, for packet con-
struction. When g; is admitted into a packet, M; is also stored as
the packet-slot execution bitmap. Thus, the bitmap used for conflict
checking is the same bitmap consumed by the 32-lane compositor.
As a result, Gaussians that appeared conflicting under raw bitmaps
may become non-overlapping after terminated lanes are masked
out, allowing them to be placed into the same packet without vio-
lating the one-hot lane-selection property.

This optimization is enabled by SLGS’s bitmap-native support
representation. Because each Gaussian already carries an exact
scanline bitmap, the scheduler can directly combine it with the done
mask to eliminate unnecessary Gaussian execution and increase
packet density for the remaining active lanes.
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bicycle bonsai counter flowers
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garden kitchen ‘ room stump ) - trechill truck
Resolution(px) 1280x850 1280x853 1280853 1280x843 1280x829 1280x853 1280x852 1280x848 1280x711 1280x 840 1280x713
Total Gaussians 4,870,740 1,057,532 1,034,936 2,902,836 4,184,582 1,565,339 1,262,371 4,152,615 1,073,660 3,000,957 2,056,858

Table 2: Evaluated scenes with example images, resolutions, and total Gaussian counts. All scenes use 30K-iteration checkpoints.
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Figure 11: Steady-state full-forward frame time comparison across hardware platforms. Jetson bars exceeding 60 ms are clipped
for readability. Numeric labels indicate the actual frame time; lower is better.

5.4 Image Quality Preservation

The proposed scanline-oriented rendering preserves the per-pixel
compositing semantics of original 3DGS: each live pixel observes
the same depth-ordered sequence of contributing Gaussians under
the same opacity and transmittance thresholds. Sort reuse does
not change this order because depth keys are fixed within a view
and scanline updates only activate or invalidate entries. Exact sup-
port extraction removes only candidates with no current-scanline
contribution above the same opacity threshold (o, = 1/255).

Packetization is also order-preserving because the packetizer
scans candidates in depth order and emits the current packet before
reconsidering any conflicting candidate. Gaussians in the same
packet have disjoint execution bitmaps and therefore affect disjoint
lanes. The execution bitmap is M; in the normal case and ]\7I,~ =
M; A=D under done-aware scheduling, where D contains only lanes
already past the original early-termination threshold. Since this
same bitmap is used for both packet construction and compositor
lane selection, done-aware scheduling removes only terminated-
lane work without violating the one-hot lane-selection property.
These scheduling transformations preserve per-pixel compositing
order for the retained contributions.

6 Evaluation
6.1 Methodology

In this section, we evaluate the performance and hardware effi-
ciency of SLGS using direct measurements for the GPU front-end
and a cycle-level simulator for the HW-tail. The GPU front-end
latency is measured directly on a Jetson Orin NX and includes
both the original 3DGS preprocessing operations and the SLGS-
specific macro-tile candidate construction, direction voting, and
recurrence-seed generation.

The SLGS simulator then takes the post-preprocess state as in-
put and models the HW-tail behavior including macro-tile-local
sorting-state reuse, scanline-local support evaluation, bitmap-based
packetization, and 32-lane compositing. In this way, we evaluate
the proposed scanline-oriented 3DGS forward pipeline under a
pipelined execution model in which the GPU front-end and HW-tail
operate concurrently across frames. For hardware cost evaluation,

we use synthesis results obtained with Synopsys Design Compiler
Version O-2018.06-SP4 for linux64 [3], targeting the SAED 14nm
library [22]. The clock frequency for SLGS is set to 1 GHz.

The evaluation workload consists of 11 scenes [2, 13]. The name,
example image, resolution, and Gaussian count of each scene are
summarized in Table 2. All scenes are evaluated at a fixed image
width of 1280 pixels, and all models are tested using checkpoints
trained for 30K iterations and sufficiently converged.

We evaluate the following six design points:

e Jetson [1, 25]: Original 3DGS full-forward execution on Jet-
son Orin NX.

e GSCore [15]: Prior full-forward accelerator with tile-based
candidate admission, sorting, and rendering optimizations.

e GBU [37]: Prior render-stage accelerator for Gaussian blend-
ing, with preprocessing and sorting left on the GPU path.

e GauRast [17]: GPU-rasterizer enhancement that accelerates
Gaussian rasterization while leaving preprocessing and sort-
ing on CUDA cores.

e GS-TG [11]: Tile-grouping accelerator that shares sorting
across a 64 X 64 group while retaining 16 X 16 rasterization
through per-Gaussian membership bitmasks.

o SLGS: Proposed scanline-oriented in-GPU accelerator with
direction-aligned scanlines and joint sorting/rendering reor-
ganization.

All accelerator cycle counts are converted to latency at a com-
mon frequency of 1 GHz. For a fair comparison, all designs use the
same scene set, image resolution, post-preprocess Gaussian streams,
opacity threshold, and front-to-back compositing rule as the orig-
inal 3DGS execution on Jetson. For GSCore, GBU, GauRast, and
GS-TG, we implement dedicated simulators configured to reproduce
their reported architectural dataflows; for SLGS, Table 3 further
verifies that the proposed scheduling changes preserve rendering
quality.

6.2 Full-Forward and Stage-Wise Performance

Figure 11 compares the steady-state full-forward frame time of
Jetson, GSCore, GBU, GauRast, GS-TG, and SLGS across all scenes.
Before analyzing performance, we confirm that SLGS preserves
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Scene Original ~ SLGS ~ APSNR ‘ Scene Original ~ SLGS ~ APSNR Hierarchy Config. Tech. Freq. SRAM Area Power
2
bicycle 2153 2153 000 | kitchen 3226 3226  0.00 (CHz) (B) (mm’) (mW)
bonsai 31.27 31.29 -0.02 room 35.49 35.50 -0.01 Jetson Orin NX [1, 25] 1024 cores 8nm 0.918 - 200 25000
counter 29.89 29.89 0.00 stump 29.88 29.88 0.00 GSCore [15] 64 VR cores 28nm 1.0 272 3.950 870
flowers 22.28 22.27 +0.01 train 24.03 24.02 +0.01 GBU-Standalone [37] 8 Row PEs 28nm 1.0 63 1.780 780
garden 26.71 26.71 0.00 treehill 21.83 21.83 0.00 GauRast [17] 16 PEs 28nm 1.0 - 2.434 1700
truck 25.88 25.87 +0.01 GS-TG [11] 4 cores 28nm 1.0 336  3.984 1063
Table 3: Rendering quality comparison between original SLgf'i‘:*fndal"ne 8 MTSEs l4nm 10 90 i';;; gz;t;
. . ile & ingress - - - - X A
3DGS and SLGS. PSNR is reported in dB, and APSNR = Sorting & bucket reuse — _ _ — 0348 130.34
PSNR(original 3DGS, GT) — PSNR(SLGS, GT). Positive val- Support extractor - - - - 0012 241
ues indicate lower SLGS PSNR. Packet generator - - - - 0008 489
32-lane compositor - - - - 1.736  545.90
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Figure 12: Render stage speedup normalized to the Jetson
baseline; higher is better.

rendering semantics: it uses the same front-to-back compositing
equation and opacity threshold as original 3DGS. As shown in
Table 3, SLGS matches the original renderer across all scenes, with
PSNR differences within 0.02 dB, consistent with floating-point
rounding and implementation-level arithmetic differences. SLGS
achieves an average speedup of 12.43X over original 3DGS, 3.44%
over GSCore, 3.35X over both GBU and GauRast, and 2.36X over GS-
TG. This shows that scanline-oriented execution reduces the cost
of the full-forward pipeline, rather than improving only a single
stage in isolation.

The relatively small gap between the full-forward frame inter-
vals of GSCore and GBU is also informative. GBU reduces blending
cost effectively, but preprocessing and sorting remain on the crit-
ical path, whereas GSCore accelerates a broader portion of the
full-forward pipeline. GBU and GauRast likewise show nearly iden-
tical full-forward frame intervals because both primarily accelerate
rendering while leaving the same GPU-side preprocessing and
sorting path. GS-TG further reduces sorting through tile group-
ing and therefore outperforms these render-stage-focused designs,
but still incurs group-union candidate processing, per-tile mem-
bership management, and 16 X 16 tile rasterization. In contrast,
SLGS jointly reorganizes the original dominant stages—sorting
and rendering—around exact, direction-aligned scanline support.
Under our pipelined execution model, SLGS substantially reduces
both stages and shifts the remaining bottleneck toward GPU-side
preprocessing.

Figure 12 isolates the render stage, which is generally the heav-
iest part of the 3DGS forward pipeline. SLGS achieves an aver-
age 24.35X speedup over Jetson, corresponding to 9.23%, 4.38X,
1.67%, and 5.18% higher render-stage throughput than GSCore,
GBU, GauRast, and GS-TG, respectively.

GSCore reduces false positives through OBB-based admission
and subtile skipping, but these remain proxy-granular and do not
restrict execution to exact pixel-level support. GBU improves blend-
ing through IRSS, but its fixed-row datapath does not expose sup-
port before the render loop, precluding exact-bitmap packetization,
done-aware repacking, and direction alignment.

Table 4: Reported hardware design points and SLGS block-
level area/power breakdown.

GSCore [ GBU GauRast GS-TG SLGS

T

bicycle bonsai counter flowers garden kitchen room stump train treehill truck avy

Rendering Energy
o N - (2] ©

Figure 13: Accelerator energy consumption per frame under
steady-state operation, after technology normalization to 28
nm and 1 GHz. Each scene is normalized to SLGS; lower is
better.

GauRast achieves the strongest prior render-stage result (14.59%)
by mapping Gaussian evaluation and accumulation onto an en-
hanced GPU rasterizer, but does not reorganize execution around
exact support and cross-Gaussian non-overlap. Its much larger
render-stage speedup than GBU’s (14.59% vs. 5.56%), despite their
similar full-forward intervals, confirms that their end-to-end perfor-
mance is limited by the shared GPU-side preprocessing and sorting
path. GS-TG primarily reduces sorting, while its render stage retains
16 X 16 tile execution and tile-granular membership. SLGS instead
combines exact-support filtering, non-overlap packetization, direc-
tion alignment, and termination-aware repacking, achieving 24.35x
render-stage speedup.

Taken together, Figures 11 and 12 show that SLGS improves
performance by jointly reducing sorting and rendering work rather
than optimizing one stage in isolation. The full-forward gain reflects
scanline-local sorting reuse, while the 24.35X render-stage speedup
results from exact-support filtering, packetized execution, direction
alignment, and done-aware scheduling within a unified execution
organization.

6.3 Area and Energy Efficiency

Table 4 summarizes the reported hardware design points of prior
accelerators and SLGS. GauRast reports the footprint and power of
an enhanced GPU rasterizer, whereas GSCore, GBU, GS-TG, and
SLGS report standalone accelerator organizations. Because these
designs differ in technology node, precision, and integration scope,
their raw area and power values serve as reference design points
rather than direct iso-node efficiency comparisons. At its design
point, SLGS uses 90 KB of SRAM, occupies 2.118 mm?, and consumes
688 mW at 1 GHz.
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Figure 14: Ablation and sensitivity studies: (a) incremental
render-stage speedup, (b) packet-width sensitivity, and (c)
1-bit direction vote versus oracle selection.

Although the 32-lane compositor dominates the SLGS hardware
cost, this is primarily a throughput-width choice rather than an
intrinsic cost of scanline execution. Post-synthesis analysis shows
that the SLGS-specific bitmap selection and K = 4 packet-control
logic account for only 2.72% of the compositor area and 1.18% of
its power; over 97% comes from conventional parallel blending and
pixel-state logic.

To reduce technology-node and frequency effects, we normalize
all accelerators to 28 nm and 1 GHz using DeepScaleTool [30], and
compute per-frame accelerator energy consumption from the nor-
malized power and scene-specific execution time. Figure 13 reports
this energy normalized to SLGS for each scene. On average, GSCore,
GBU, GauRast, and GS-TG consume 4.65X, 2.11X, 4.55%, and 3.90x
the rendering energy of SLGS, respectively. Thus, prior accelera-
tors require 2.11-4.65x SLGS’s energy per frame, confirming that
SLGS retains a substantial efficiency advantage after technology
normalization.

This advantage results from reducing work before composit-
ing through exact-support filtering and converting the exposed
non-overlap and termination information into useful lane activity
through packetized and done-aware scheduling.

6.4 Ablation and Case Studies

Figure 14 (a) shows the cumulative render-stage gains of the SLGS
components. Relative to the preceding configuration, packetiza-
tion improves performance by 1.13X, direction voting by 1.27X,
and done-aware scheduling by 1.48x, yielding a cumulative 2.12x
speedup over the effective-area-only baseline. These mechanisms
address distinct inefficiencies: serialized non-overlapping work, ori-
entation mismatch, and conflicts involving terminated lanes. In
particular, because conventional pixel-level early termination is
already applied to every configuration, the final 1.48x gain comes
from propagating terminated-lane state to the scheduler, removing
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Orientation split 5:5 6:4 7:3 8:2 9:1 10:0

Macro-tile share 19.09% 29.97% 23.93% 17.42% 9.13% 0.47%
Vote / Fixed 1.018% 1.103x 1.324% 1.634% 1.943x  2.165%

Table 5: Macro-tile distribution and vote-based speedup
across orientation-balance bins.

such conflicts, and repacking the remaining live work rather than
merely enabling early termination.

Figure 14 (b) evaluates packet width K. Increasing K from 1 to
2 provides a clear benefit, whereas increasing it from 4 to 8 yields
less than 0.2% additional improvement. Since wider packets in-
crease scheduler state and conflict-checking cost without exposing
meaningful additional parallelism, we select K = 4.

Figure 14 (c) compares the 1-bit direction vote with an oracle that
evaluates both horizontal and vertical execution for each macro-tile.
The vote remains within 4% of the oracle for every scene and within
2.4% on average, capturing most of the available direction-selection
benefit without evaluating both alternatives.

Direction-vote robustness. Table 5 summarizes 55 stress-test
views across all 11 scenes. The distribution exhibits clear local
directional structure: only 19.09% of macro-tiles fall into the near-
balanced 5:5 bin, whereas 50.95% exhibit a 7:3 or stronger direc-
tional majority. For each bin, the fixed-direction baseline applies the
same direction to every selected macro-tile. Vote-based selection
improves performance in every bin, from 1.018X at 5:5 to 2.165X at
10:0, with no view-level regression across the 55 stress tests. Thus,
even when the orientation is maximally ambiguous, voting does not
reduce performance, while its benefit grows as the local directional
tendency becomes clearer.

GPU-integration robustness. Using Jetson Orin NX as the GPU
integration target, we evaluate memory-system interference under
concurrent GPU and SLGS execution by running GPU preprocess-
ing with 26.59 GB/s of synthetic L2 traffic, matching SLGS’s highest
observed demand of 26.41 GB/s. Across 15 views from three scenes,
preprocessing latency increases by only 2.20%. SLGS consumes
9.44% of the measured L2 bandwidth on average and 18.62% at peak;
even under a conservative all-miss assumption, its traffic requires
at most 35.8% of the measured LPDDR bandwidth. These results
show that persistent GPU-SLGS overlap introduces only modest
memory-system interference while leaving substantial bandwidth
headroom.

7 Conclusion

This paper presented SLGS, a scanline-oriented rendering scheme
and in-GPU accelerator for efficient 3D Gaussian Splatting. By reor-
ganizing the forward pipeline around direction-aligned scanlines,
SLGS better matches Gaussian structure and enables ordering-state
reuse, low-overhead effective-area handling, and packetized exe-
cution of non-overlapping Gaussian work. The resulting support-
aligned execution model substantially improves performance over
original 3DGS and prior accelerators, showing that scanline-oriented
rendering is a more suitable organization for Gaussian rendering
than conventional square-tile pipelines.
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