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Abstract

Explicit video primitives decompose a group of pictures (GoP) into local units
that can be rendered, inspected, and edited. This is challenging for implicit neural
representations, which typically encode a clip holistically in network weights.
Existing GoP-based methods model appearance with explicit primitives such as
2D Gaussians, but their motion network consumes appearance budget and ob-
scures which parameters move which region. Our insight is that in a short GoP,
nearby primitives often move together, so the rule that decides which primitive
owns a pixel can also decide which primitives share a motion, and a small set of
shared motions can efficiently encode a GoP’s deformation. We introduce Dynamic
Soft Anisotropic Diagrams (DSAD), which apply one soft-distance geometry at
two scales: dense sites of a Soft Anisotropic Diagram (SAD), a top-K -masked
softmax over anisotropic Apollonius scores, own local colors, and coarser an-
chors reuse the same geometry to form a partition-of-unity motion basis, which
a reduced-order model (ROM) pairs with knot-based temporal coefficients. The
ROM uses only 0.24-0.46 of the parameters read by D2GV’s MLP, which frees
budget for appearance. On Bunny, UVG, and DAVIS, DSAD has the highest
PSNR among compared GoP primitives, though D2GV-AR has higher MS-SSIM
on UVG. Against D2GV with its original MLP at 1280720, at matched training
length and decoder-read parameters, DSAD gains a mean +1.92dB and wins
223 of 302 GoP-budget pairs, leading on every DAVIS scene while D2GV leads
on 3 of 7 UVG scenes and 3 of 32 in a wider DAVIS pool; the margin holds at
1080p. DSAD decodes at 706—1,095 FPS from a cold start on one RTX 2080 Ti.
Project page: https://frank-zy-dou.github.io/projects/DSAD/.

1 Introduction

Decomposing a video into short groups of pictures (GoPs) allows each clip to be fitted and decoded
in parallel under a dedicated parameter budget. Within each GoP, representing the signal with explicit
local primitives is attractive: each primitive accounts for a local image region, moves coherently with
the scene, and exposes a discrete unit that can be inspected, ranked, pruned, or edited. Designing
such a representation requires deciding both how primitives partition spatial appearance and how they
parameterize temporal motion under a shared budget.

Existing video representations either sacrifice spatial locality or restrict it to appearance. Implicit
neural representations (INRs) such as HNeRV [8] and HiNeRYV [19] amortize coordinate networks
or convolutional decoders over an entire sequence; fitting one network to a full clip yields strong
global reconstruction quality, with HiNeRV achieving the highest overall PSNR in our UVG/DAVIS
comparisons (Tab. [2), but provides neither block-level streaming nor spatially localized units. Con-
versely, GoP primitive methods such as D2GV [26] and D2GV-AR [27] model canonical appearance
explicitly with 2D Gaussians, yet delegate temporal deformation to an implicit neural module: a
107,646-parameter coordinate MLP in D2GV, or an MLP paired with a neural ODE in D2GV-AR.
This hybrid design couples explicit appearance primitives to an opaque motion network.
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For short GoPs, predicting per-primitive trajectories with a dense neural network is also poorly
matched to scene motion. Because neighboring primitives often share camera, object, or background
motion, the deformation field has a lower intrinsic dimension than the number of primitives it moves.
Classical reduced-order modeling (ROM) captures this structure by factoring a field into spatial
modes and temporal coefficients. Adopting a reduced-order formulation for video primitives, however,
requires a spatial basis that is local, differentiable, and explicit enough to be inspected, ranked, and
edited.

Canonical appearance suggests such a basis from another direction. In Gaussian splatting, overlapping
elliptical kernels blend across boundaries without assigning clear responsibility for a pixel or edge.
Partitioning the canonical image plane with a Soft Anisotropic Diagram (SAD) [15] instead assigns
each location sparse, normalized ownership weights over competing generators. Evaluated at a
coarser scale over a smaller set of anchors, the same soft-distance rule defines spatial motion modes,
so canonical appearance and reduced-order motion share a single geometric foundation.

We instantiate this formulation as Dynamic Soft Anisotropic Diagrams (DSAD). SAD’s top-K-
masked softmax over anisotropic Apollonius distances defines a differentiable partition of unity
on the image plane, and DSAD applies it twice: each pixel takes its color from a few dense sites,
and each site takes its motion from a few coarser anchors, much as a deformable mesh follows its
handles. The site-to-anchor weights set where motion acts and one-dimensional temporal knots set
how it changes over time, so the ROM has no neural layers and its size depends on anchors and
knots, not on sites. Sites control appearance detail, anchors the spatial resolution of motion, and
knots its temporal bandwidth, and the budget can be split among them directly: adding sites refines
appearance without enlarging the motion model, and parameters saved against D2GV’s original
MLP become additional sites. Since the mask gives distant anchors exactly zero weight, zeroing one
anchor’s displacement changes a median of 2.2-3.5% of the pixels on 4 tested DAVIS GoPs and
leaves the others bit-identical at 8 bits (Sec.[3). Voronoi, Apollonius, power/Laguerre, and anisotropic
Apollonius diagrams arise as parameter-tied cases of this family, with anisotropic Apollonius as our
default.

We evaluate DSAD through cross-dataset benchmarks and controlled paired experiments. For a
fair comparison, we follow the D2GV-AR [27] evaluation protocol on UVG and DAVIS (Tab. @,
where DSAD achieves the highest PSNR among compared GoP primitive methods across all budget
tiers. A stricter paired control fits D2GV with its original MLP at matched training length and
per-GoP decoder-read parameter budgets (within 0.61% in Tab. [2) to isolate the effect of replacing
Gaussian+MLP with SAD appearance and anchor-ROM motion at both 1280x 720 and 1920x 1080
(Sec.[4.2). Component ablations separate appearance and motion gains, and optical-flow spectral
analysis relates scene-level margins to low-rank motion structure. Our contributions are:

* We introduce a soft-distance primitive family whose dense sites decode canonical appearance and
whose coarser anchors form a partition-of-unity deformation basis, eliminating neural-network
layers from the per-GoP representation;

* We propose an anchor-based reduced-order motion model whose rank is independent of the
canonical primitive count and whose localized anchors support direct motion edits (Appendix [J);

* We provide controlled evaluations across INR and primitive baselines: at 1280x720, DSAD
gains a mean +1.92dB over paired D2GV (223 of 302 GoP-budget pairs won), and +2.21 dB
at 19201080 (266 of 302 pairs won at 60k fine iterations), with SAD appearance supplying the
largest Bunny gain and cold-start decoding averaging 706-1,095 FPS at 720p on one RTX 2080 Ti.

2 Related work

Video representations. Implicit video representations such as NeRV [[7], E-NeRV [22]], FFNeRV [21],
HNeRV [8], and HiNeRV [19] fit video sequences through coordinate networks, frame-conditioned
decoders, or learned feature grids. By amortizing parameters across an entire clip, a single network
can exploit long-range temporal redundancy; HiNeRV pushes this regime further by pairing multiscale
feature grids with a deep convolutional decoder, decoding at CNN rates (Tab. and achieving
the highest overall PSNR in our UVG and DAVIS comparisons. Our matched-budget reproduction
of HiNeRV (without post-training compression) exceeds per-GoP DSAD by 0.6-3.5 dB across all
four UVG and DAVIS splits (Tab. [2); on Bunny, published full-clip fits of HiNeRV (41.14dB at
3.25 M parameters) and HNeRV-Boost [S56] (41.09dB at 3.08 M) similarly exceed our per-GoP fit of
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Figure 1: Soft-distance diagram family. Illustrative panels share anchors (dots), with cells minimiz-
ing Eq. (). Circles and equal-area ellipses show each anchor’s scale and metric. DSAD softens the
SAD score with the top-K partition of Eq. (4).

39.20dB at 3.00 M (Tab. [[T2} Appendix [C]discusses the INR codecs CANeRV [42], HANeRV [43],
and GIViC [[12]])). However, full-clip INRs neither support streamable block encoding nor expose
spatially localized units for inspecting motion or pixel ownership; our comparative claims are
therefore scoped to GoP primitive methods.

Primitive-based representations take the complementary approach of rasterizing explicit local el-
ements. Extending static and deformable Gaussian splatting [17, 55 154], D2GV [26] and D2GV-
AR [27] represent each video GoP with canonical 2D Gaussians animated by a time-conditioned
MLP or a neural ODE. While this exposes editable canonical primitives, temporal deformation
remains an implicit neural mapping. Contemporaneous STGV [25] drives Gaussian deformation
with spatio-temporal hash encodings under a closely related GoP protocol, though public code for a
paired comparison is unavailable (Appendix[C)). Keeping the explicit per-GoP setting, we ask whether
canonical appearance support and temporal motion support can be unified within a single explicit
coordinate system.

Motion structure. Dynamic NeRF and Gaussian frameworks typically parameterize deformation
through coordinate MLPs [37. 34,146,123 28], per-frame primitive states [30]], attention modules [16],
skeletal priors [33]], or feed-forward predictors [24]. Although expressive, these parameterizations
entangle where motion occurs in space with how strongly each pattern is activated over time. Classical
reduced-order modeling (ROM) separates these axes by factoring a field into spatial modes and
temporal coefficients [14} 2} |40]]. While standard snapshot bases such as SVD do not directly yield
renderable primitives, DSAD brings the ROM factorization into per-GoP primitive fitting: spatial
modes are represented by learned local anchors, temporal trajectories by knot-based curves, and
modal weights by the same soft-distance geometry used for canonical appearance ownership.

Tessellations. Voronoi [47, 4], Apollonius [[11], power (Laguerre) [3]], and anisotropic diagrams
partition space among competing generators with progressively richer geometry, controlling cell
ownership through location, additive radius, anisotropic metric, and softmax temperature (Fig.
Appendix [G)). Such tessellations have a long history in geometric processing, including surface
reconstruction, meshing, motion planning, and shape skeletonization [1} 53, 41} [10}, 50]. Recent
work has relaxed Voronoi-style partitions into differentiable primitives for learning: VoronoiNet [51]]
uses soft Voronoi cells as function approximators, VoroMesh [31]] and VoroLight [29] optimize
generators for surface and volumetric representations, Differentiable Surface Triangulation [38]]
smooths triangulation objectives, Spherical Voronoi [9]] partitions the unit sphere for view-dependent
appearance, and RadiantFoam [[13]] employs volumetric-mesh cells for differentiable ray tracing. Most
closely related to our motion basis and appearance decoder, SkinCells [20] learns anisotropic Voronoi
cells as sparse top-/ skinning weights for rigged meshes, and SAD [15]] differentiates anisotropic
Apollonius diagrams for static image fitting. We extend the SAD soft-distance family to video
by using the tessellation as a shared dual-scale coordinate chart from which both pixel-level RGB
ownership and primitive-level ROM motion weights are read.

3 Method

DSAD parameterizes canonical appearance and temporal deformation through a shared local owner-
ship geometry in the canonical image plane (Fig. . Whereas D2GV [26] pairs NS canonical 2D
Gaussians with a 107,646-parameter coordinate MLP that predicts per-primitive temporal residuals,



Table 1: Notation. Sites are indexed by 7, anchors by j, and knots by k. Anchor scalars carry a
superscript a. Parentheses indicate default values in the main experiments.

Appearance sites, 1 =1,..., N ‘ Motion anchors,j = 1,..., M
N sites per GoP M anchors per GoP, ROM rank (256; Sec.
Si, C; canonical position, RGB color P; canonical position
ri, Gi, Ti radius, metric, temperature r?, w} G'?, 'r]"?‘ radius, power weight, metric, temp.
di(x) score ||z — silq, — 74 d3(z) score, Eq. (3)
Os(z) site mask, K sites (8) Oal(z) anchor mask, K, anchors (12)
Yi(T) ownership weight, Eq. (3) ¢j(x) motion-basis weight, Eq.

Time and reduced-order motion, channels k € {As, Af}
t, T frame time in [0, 1], frames per GoP | K knots per anchor and channel (8)
As;(t), Af;(t) site displacement, color residual s P s Vi, knot time, bandwidth, value
3,k Pk Vg,

P NXM,®;; = ¢j(si) af(t), A®(t) anchor coefficient, its stack over j
Al 1) field 32, ¢ () a23(1)

we replace both components with soft-distance tessellations: dense SAD sites govern pixel-level RGB
ownership, and coarser ROM anchors interpolate primitive residuals through the same soft-distance
rule. This design defines two controlled replacement axes relative to D2GV: substituting SAD sites
for 2D Gaussians in appearance, and substituting an anchor-based ROM for the coordinate MLP
in motion. Our paired D2GV baseline retains its original 107,646-parameter MLP; where noted,
we also evaluate a 9,678-parameter single-layer MLP that implements the lightweight architecture
described in D2GV-AR [27] without its neural-ODE module, as official code for D2GV-AR’s MLP is
not publicly available (Appendix [B).

Formally, each GoP spans 7' frames at normalized times 7~ C [0, 1], with pixel coordinates = € R?.
Let ©; = (s;,7i, Gi, T4, ¢;) denote the i-th canonical SAD site and P = {p, }j‘il denote the motion
anchors, with M < N. At frame time ¢, DSAD renders

@1(t) = (Si + Asi(t)a Ti, Gia Ti, Ci + Afl(t))v 1= ]-7 s 7N7

. ey
I =Rsap({0:()}Y,),  [AS(t),AF(t)] = ®[A%5(t), A% (1)],

where Rgap is the SAD renderer of Sec. and site displacements As;(t) are applied prior to
the coordinate tanh map (Appendix [B)). Here AS(t) € RV*2 and AF(t) € RV*3 stack per-site
position and color residuals, while A25(t) € RM*2 and A2f(t) € RM*3 stack temporal anchor
coefficients (Sec.[3.3). The time-invariant mixing matrix

Qi = ¢;(si), o1 =1, |Ps:]]0 < Ka 2)

evaluates the anchor weights ¢, of Eq. (@) at the canonical site positions, forming a sparse partition
of unity with at most K, nonzeros per row kept by the anchor mask of Sec. Because canonical
geometry fixes ®, only the low-rank anchor coefficients A2%(t) and A%f(t) vary with time, con-
straining primitive trajectories directly to the subspace spanned by & rather than approximating a
dense neural field after training. Tab. [T|summarizes our notation.

We use the term diagram in the geometric sense of a spatial partition induced by competing generators:
for any query point, nearby active generators define sparse, nonnegative coordinates that sum to one
and carry explicit spatial support. Applying this coordinate rule at two scales assigns pixel colors to
dense sites and primitive trajectories to coarser anchors. Because each anchor has bounded spatial
support, individual motion modes can be inspected, ranked by coefficient energy, and edited locally
(Appendix ; zeroing a single anchor’s displacement coefficients modifies a median of 2.2-3.5%
of the pixels across 4 tested DAVIS GoPs while leaving all remaining pixels bit-identical at 8-bit
precision (we leave anchor pruning and progressive coding to future work).

3.1 Shared anchor tessellation

Each anchor j is parameterized by a position p; € R2?, a temperature 7i > 0, and optional shape
parameters: an additive radius 7%, a power weight w?, or an anisotropic metric G} = G(a?, a;)
Appearance sites similarly use G; = G(a, 4;), where G(a, @) = e®aa + e~%(I — 4a') has unit
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Figure 2: DSAD representation. Given observed GoP frames, dense SAD cells govern local RGB
ownership while coarser ROM anchors with knot-based temporal coefficients induce the low-rank
deformation field that warps canonical sites to render each frame. Appearance and motion share the
same soft-distance geometry.

determinant for unit @ and induces the Mahalanobis norm ||v||¢ = Vv T Guv (Appendix @ Varying
only the generator score yields four classical diagram families:

2 — pyll Voronoi,

|z —pjll —r} Apollonius,

|z — p;||> — w3  Power (Laguerre),

[z —p; HG; — 5 SAD (anisotropic Apollonius).

d3 () = 3)

A top- K mask retains the generators with the largest logits (K = K, for anchors and K for sites).
For anchors, the logit is —dj(z)/ (Tj?‘)ﬁ, and the active set forms the anchor mask O,(x). Applying a

restricted softmax over O, (x) converts the hard diagram into a local partition of unity:

exp(—dj(x)/(r3)”)
9(2) = § Xjrcouw D=5 (2)/ (7))

0 otherwise,

j € Oa(x), 5= {2 Power, @

" |1 otherwise.

The weights in Eq. (@) are continuous everywhere except on the measure-zero locus where the K,-th
and (K,+1)-th logits tie. We initialize anchors on a sunflower lattice and zero all score-specific
scalars so that all four diagram variants start training from the same isotropic Voronoi partition;
DSAD uses the SAD score by default.

Unlike an unnormalized radial basis layer, Eq. (@) enforces explicit local competition: generators
outside O, (x) carry zero weight, preventing distant anchors from consuming capacity, while the
score d?(x) controls cell geometry prior to softmax normalization. Voronoi scores yield isotropic
cells, Apollonius and power scores adjust support through additive radii or squared-distance weights,
and the SAD score further aligns cells with directional structure via G. Because all four scores share
the same downstream pipeline, we can ablate cell geometry in isolation.

3.2 SAD appearance decoder

Canonical appearance uses the same SAD geometry at the primitive scale. Each site i scores pixel =
via d;(x) = ||z — si||g, — 74, and the site mask Oq(x) retains the K =8 sites with the largest logits
—d;(x)/7;. An acceleration structure maintains an approximate top- K candidate set during most of
training, whereas the final iterations, evaluation, and decoding use the exact top- K set computed by
our fused CUDA rasterizer (Appendix [E)). The rendered color at pixel  is

I(z) = i(x) ¢y, i(x) = exp(—di(a:)/ri) .
) ieg;(x)w( : vt Yireo. (x) exp(—di () /i)

Each SAD site stores 9 parameters whereas a D2GV Cholesky Gaussian is read as 8 (Appendix [B),
so matching canonical budgets sets N = 5 N“S. Unlike Gaussian splatting, where boundary pixels
blend overlapping elliptical footprints via opacity and radial falloff, Eq. (3] assigns pixel color through
normalized local competition among at most Kj sites. Although cell boundaries need not coincide

with image edges, we expect this normalized competition to sharpen high-contrast transitions and

&)



give the motion module cleaner canonical locations: in our paired comparisons, DSAD leads D2GV
by +2.77 dB within 2 px of Canny edges versus +1.71 dB elsewhere, achieving a larger near-edge
gain on 20 of 26 GoP-budget pairs (Appendix [J).

3.3 Anchor-ROM temporal model

The anchor tessellation provides the spatial modes of our reduced-order deformation model. Each
anchor j carries a temporal coefficient curve per residual channel x € {As, Af}, parameterized by

K learnable knots with times tj 1> bandwidths pj 1> and values V; & (R? for As and R? for Af):

K
K K K K t*t;. 2
aj(t) = E Wi () Vi, wig(t) = softmaxk(fg(p,; ':))2 ), 6)
k=1 o

where the softmax normalizes across all K knots of anchor j, and zero-initializing v’ | starts training
from identity motion. Stacking a’ (¢) across anchors into A" (t) yields the primitive residuals
(AS(t), AF(t)) = (® A%%(t), @ A (1)),  ®eRM*M, ©)

with ® of Eq. (2), as in Eq. ; equivalently, As;(t) = A(s;, t) samples the continuous displacement
field A(z,t) = 3_; ¢;(x) a7*(t) at the canonical sites. Following D2GV’s renderer, which ignores
opacity offsets during rasterization, both methods omit opacity residuals (Appendix [F).

With 3-channel RGB feature residuals enabled, the ROM motion head contains

Prom = M(3+4v) + 4MK; 4+ LMK, ®)
N——— SN——" N——
spatial basis As: t+p+veER? Af: t+p+vERS

parameters, where 3 counts anchor position and temperature and v counts score-specific scalars per
anchor (Voronoi v =0, Apollonius and Power v =1, SAD v =4). Because site shapes (G, ;) remain
fixed in the canonical frame, all temporal deformation acts through the precomputed mixing matrix
®, which is evaluated once from the canonical diagram and reused across all frames; extensions to
per-site affine warps or time-varying metrics are costed in Tab.[G9and left for future work.

Equation (/) makes the reduced-order assumption operational: temporal degrees of freedom scale
with modal rank M rather than primitive count N, so increasing IV refines canonical appearance
without expanding the motion head. At our default M =256 and K =8, Prowm totals 19,200-20,224
parameters, which is roughly 4.1 x smaller than the original D2GV MLP (0.24-0.46 of the MLP’s
decoder-read count across the budgets of Tab.[2} Appendix [B). On Bunny and in our paired UVG
and DAVIS comparisons against D2GV with its original MLP, these saved deformation parameters
are reallocated directly to additional canonical appearance sites. Conversely, although the ROM at
M =256 is 2.1 the size of the 9,678-parameter lightweight MLP, DSAD achieves a larger PSNR
margin over lightweight D2GV than over original-MLP D2GV under the 60k protocol (Tab. J23), so
the gain does not rely on parameter reallocation alone. Structurally, each row of ® specifies which
anchors govern a primitive and each row of A”(t) specifies how those anchors move over time,
making the deformation model a sparse partition-of-unity interpolant in which M controls spatial
modal resolution, K} controls temporal bandwidth, and N controls appearance detail.

3.4 Training objective

For a fair comparison, training follows D2GV’s coarse/fine protocol: 10k canonical coarse iterations
followed by joint fine iterations (120k iterations in Tab. [2|following D2GV-AR, and 60k iterations
elsewhere unless stated) under the L2 reconstruction objective

. s o2
Juin > 11— L3 ©)
teT

over site parameters © = {©;}, anchor parameters P, and knot parameters V = {t§,, 5, v5, 1},
where I, is the observed frame. Canonical sites are initialized from the GoP’s temporal-mean frame,
half uniformly and half weighted by image-gradient magnitude, and each training pass iterates over
frames in a fresh deterministically seeded random permutation; the final 6k fine iterations replace
approximate candidate tracking with exact top-8 site queries. The anisotropic axis of GG, is optimized



as a 2-vector and stored as a single angle (9 numbers per site), with results under the earlier 10-
number storage convention also reported (Tab. 2} Appendix [B). We set M = 256 by default and
scale anchor count at larger UVG and DAVIS budgets via M =32|8B/Bs + 1| for GoP budget B
and 720p Small budget Bg, re-matching N to the budget target (Appendix [J)). Auxiliary movement,
temporal-smoothness, and as-rigid-as-possible penalties (Eq. (TIT), Appendix [F) are disabled (weight
zero), as enabling them alters Bunny PSNR by only —0.05 dB under the 60k protocol.

4 Experiments

4.1 Datasets and metrics

For a fair comparison, we follow the 1280720 GoP evaluation protocol of D2GV-AR [27] on
UVG [32] and DAVIS [135,136] at Small (3.5/1.8 M) and Large (5.8/3.3 M) per-video budgets, and use
Big Buck Bunny (5] for ablations (Sec.[4.3)). Reconstruction quality is measured by frame-averaged
PSNR and MS-SSIM [49] on frames decoded from stored parameters, with decode FPS timed on a
single RTX 2080 Ti. Following D2GV-AR’s E-NeRV [22] convention, we subsample every fourth
frame from 120 fps sequences into 10-frame GoPs, with a few scene-specific exceptions; D2GV-
AR’s settings table lists 5-frame GoPs for four UVG scenes, and evaluations on consecutive-frame
UVG GoPs are labeled. In Tab. |2} rows for D-3DGS, D2GV-AR, and all INRs except HiNeRV are
transcribed from D2GV-AR, while HiNeRYV is our reproduction (Tab. @

Unless noted, DSAD uses the training settings of Sec.[3.4] Our primary primitive evaluation is strictly
paired: DSAD and D2GV [26] fit identical GoPs with Adan [52], an L2 loss, and 120k fine iterations,
each using its own rasterizer and learning-rate schedules stretched to 120k. Per-video budgets count
parameters read by the decoder: 9 scalars per site plus the ROM for DSAD, and 8 per Gaussian plus
82,997 from the original MLP for D2GV (Appendix [B)), keeping DSAD within 0.61% above and
0.46% below D2GV’s total. D2GV otherwise retains its original setup, whose MLP outperformed
the lightweight MLP by +2.49 dB at equal budget on 60k UVG GoP; tests (Appendix [J).

4.2 Main comparison

Tab. 2] separates methods by representation regime: full-clip INRs amortize one network over the entire
video for global context, whereas GoP primitive methods fit independent, streamable blocks. Across
all four UVG and DAVIS budget columns, DSAD achieves the highest PSNR among compared GoP
primitives, exceeding D2GV-AR’s reported rows by +0.47—+4.15 dB. The two regimes are ranked
separately, with ties sharing a rank: 1st, 2nd, 3rd.

Fig. @] compares reconstructions on a UVG-Small GoP chosen before the comparison, cropped to
the region of largest ground-truth motion. DSAD preserves the gate’s thin structures more sharply
than D2GYV, gaining +2.42 dB on this GoP against a UVG-Small median margin of +0.58 dB, while
full-clip HiNeRV remains sharpest overall.

On UVG, D2GV-AR attains higher MS-SSIM; its training loss includes an SSIM term, whereas
DSAD and D2GV optimize L2 alone; adding an untuned SSIM term to DSAD lowered both metrics
(Appendix [J). Among full-clip INRs, which fit a single network per video outside our GoP primitive
scope, our matched-budget HiNeRV [19]] reproduction leads DSAD by 0.6-3.5 dB across all four
splits; on UVG, transcribed HNeRV also leads by 0.09 and 0.75 dB in PSNR, and E-NeRV, FFNeRYV,
and HNeRYV (Large) lead in MS-SSIM.

In the paired 1280720 control, DSAD improves on 223 of 302 GoP-budget pairs with a mean gain
of +1.92 dB, winning 103 of 106 DAVIS pairs and 120 of 196 UVG pairs when GoPs are weighted
equally; the bottom row of Tab. [2] gives per-video split means and win counts, all positive. Under the
earlier ten-scalar-per-site count, which reduces site count by 10% (Appendix , DSAD retains a
+1.73 dB mean margin (217/302) and still leads all compared GoP primitives in PSNR across all
four columns of Tab.[2] Two additional benchmarks under the 60k protocol show consistent gains:
across all 343 GoPs (24 clips) of MCL-JCV [48]] at the UVG-Small budget, DSAD gains a mean
+2.64dB and wins 327 pairs (Appendix [J), and across a wider pool of 70 DAVIS GoPs from 32
scenes at the Bunny-ablation budget, it gains a mean +2.96 dB (Tab. JT7).

Higher resolution. At 1920x1080 under the 60k protocol and Tab. [2]s budgets, DSAD achieves a
paired mean gain of 4-2.21 dB (266 of 302 pairs won), spanning +1.15—+4.16 dB across splits and



Table 2: Main cross-dataset comparison under the D2GV-AR budgets. Per-video PSNR (dB)
and MS-SSIM (higher is better). Italics denote results transcribed from [27]]; gray numbers indicate
full-clip INRs outside the GoP primitive class, with the two classes ranked separately. The unranked
second DSAD row uses the ten-scalar-per-site storage count (10% fewer sites; Appendix .

UVG-Small UVG-Large DAVIS-Small DAVIS-Large
Method Source PSNR MS-SSIM | PSNR MS-SSIM | PSNR MS-SSIM | PSNR  MS-SSIM

Full-clip INR video representations

NeRV [1] from [27] | 33.04 09486 | 33.40 09521 |26.08 0.8699 |26.82 0.8902
E-NeRV [22] from [27] | 3348 0.9675 | 35.02 09712 | 2712 0.9044 | 2855 0.9232
FFNeRV [21] from [27) | 35.17 0.9701 | 35.73 09720 | 2820 0.9242 | 29.73 0.9484
HNeRV [8] from [27] | 35.59 09607 |37.18 09765 |29.31 0.9115 |31.53 0.9459

HiNeRV [19] (matched budget) reproduced | 38.49  0.9854 | 39.91 0.9897 | 34.52 0.9848 | 36.93 0.9915

GoP primitives: baselines
D-3DGS [54] from [27] | 26.27 0.8868 | 28.54 0.9124 | 24.54 0.8385 | 26.48 0.8808
D2GV-AR [27) from [27] | 35.03  0.9663 | 35.83 0.9728 | 29.82 0.9457 | 31.87 0.9668
D2GV [26] (original MLP, paired) reproduced | 34.80  0.9592 | 35.61 0.9636 |29.82 0.9361 |32.48 0.9673

GoP primitives: ours

DSAD ours 3550 09635 |36.43 09704 |33.97 09745 | 3593 0.9826
DSAD (10 numbers per site) ours 3536 0.9624 36.33 0.9698 33.63 0.9726 35.69  0.9821
DSAD — D2GV (paired), APSNR ours | +0.81(65/98) | +0.97(55/98) | +4.18(53/53) | +3.47(50/53)
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Figure 3: Quality and speed at 1280 % 720. Small/Large budgets of Tab. 2] (up and right is better).
Lines join cold-start decoding (rebuilding axes and exact candidates) to steady-state decoding (reusing
candidates). Note that lightweight D2GV (428-597 FPS, 66.4—-89.6 s/frame at 60k) uses a different
schedule and budget and is reported in Tab. [JT5]

winning every DAVIS pair at both budgets (53/53 each). At D2GV’s larger native 1080p budgets,
the mean gain is 4+-2.28 dB (271 of 302 pairs won; Appendix[J).

On Bunny at D2GV-AR’s ~ 3 M target under the 60k protocol, DSAD reaches 39.20 dB, surpassing
both D2GV-AR’s 120k report (37.64 dB) and our paired D2GV baseline at matched decoder-read
parameters (36.42 dB, a gain of +2.77 dB with 13 of 13 GoPs won; Tab. [[12).

Speed. Measured end to end on GoP; of every scene (Fig. 3] Tab. JT3), DSAD decodes at
706—1,095 FPS from a cold start, which rebuilds site axes and exact top- K candidates from stored
parameters, and reaches 4,196-5,187 FPS at steady state when reusing cached candidates. By compar-
ison, paired D2GV reaches 279-501 FPS and lightweight D2GV 428-597 FPS when precomputing
GPU frame times once per GoP with bit-identical output. DSAD’s cold-start rate is at least 1.5%
lightweight D2GV’s on split means, down to 0.60x per GoP, while full-clip HiNeRV decodes at
12-20 FPS. For training, our fused CUDA kernels make DSAD’s 120k per-frame fit at least 3.1x
faster than lightweight D2GV’s 60k fit, 7.6 x faster than paired D2GV’s 120k fit, and 3.8 x faster
than HiNeRV’s 300-epoch fit, with baseline fit times estimated from timed windows; without kernel
fusion, eager PyTorch trains 9.6-20.9 x slower and decodes at 290-520 FPS from a cold start (Ap-
pendix [J). Baselines use their original trainers and renderers; Fig. [3| plots paired 120k D2GV and
omits lightweight D2GV due to its distinct 60k schedule and budgets.

Where the gains appear. The aggregate gains in Tab. [2]are not uniform across scenes. While every
DAVIS scene favors DSAD at both budgets, UVG-Small scene margins span from —0.65dB on
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Figure 4: UVG ReadySetGo GoP; reconstruction. Fits from Tab. [2]at 1280x 720 and the UVG-
Small budget (HiNeRV [19] fits the full clip). Top: full frame; bottom: zoomed crop with per-frame
PSNR (dB).

ShakeNDry to +2.87 dB on Bosphorus (Tab. Appendix [H), with D2GV leading on ShakeNDry,
Beauty (—0.18dB), and Jockey (—0.11 dB) at Small and on the same three scenes at Large (—1.13,
—0.25, and —0.39 dB). Because Bosphorus supplies the largest UVG margin at both budgets, ex-
cluding it lowers the UVG scene-mean margin from +0.71 to +0.35 dB at Small (50/83 pairs won)
and from +0.83 to +0.05 dB at Large (40/83). At the GoP level, every split has a paired ¢-statistic
of at least 4.2; however, because GoPs within a video are correlated, testing across scene means is
statistically significant on DAVIS (¢ =8.0 and 5.3) but not across the 7 UVG scenes (t=1.6 and 1.0),
and simple optical-flow displacement or texture metrics do not account for this inter-scene spread

(Appendix [H).

Flow rank and the margin. To examine whether low-rank motion structure accounts for the UVG
spread, we extract RAFT [44] optical flow from each GoP’s first frame to its next four frames and
compute the leading singular value of the stacked fields (Appendix [H). Across the 7 UVG-Small
scenes, this top-1 flow-energy fraction correlates with the paired PSNR margin at s =0.893 (exact
p=0.012, and r; =0.500 over all frames of each GoP). We specified this measure in advance, and
three earlier 60k comparison variants likewise yielded positive correlations; given the seven-scene
UVG sample and the absence of a significant correlation on DAVIS, we treat this relationship as
suggestive rather than conclusive.

4.3 Ablation study

Appearance versus motion. We ablate components on Bunny (132 frames, 13 GoPs, 1280x720),
which admits our tightest reproduction of D2GV’s published setup. Whereas D2GV with its original
MLP reads 287,645 parameters per GoP (N5 = 25 581 Gaussians; Appendix EI), both DSAD
(263,647) and DSAD-GS (263,648) sit 8.3% below that total, with matched-budget ablations capped
at 263,654. Replacing only the MLP with the ROM (DSAD-GS, 30,428 Gaussians) cuts read motion
parameters by 4.1x and reallocates them to canonical Gaussians, adding +0.34dB (12/13 GoPs
won). Replacing Gaussians with SAD sites at the same ROM, budget, and schedule adds a further
-+0.96 dB (13/13 won; Tab. , the largest single step in the decomposition, and adopting Sec. [3.4[s
training recipe contributes an additional +0.77 dB (13/13 won). Overall, full DSAD wins 13 of 13
Bunny GoPs with a mean gain of +2.08 £ 0.63 dB over D2GV.

Table 3: Cross-GoP aggregate on Bunny. Mean + sample standard deviation over 13 GoPs under
the 60k protocol (higher is better), with decoder-read parameter counts. The DSAD rows read 8.3%
fewer parameters (Tab. [[T4).

Method #GoPs PSNR 1 MS-SSIM 1 Total params
D2GV (GS appearance + MLP motion, original MLP) 13 37.54+1.36 0.9888 £ 0.0041 287,645
DSAD-GS (GS appearance + ROM motion, ablation) 13 37.89 £1.50 0.9891 + 0.0045 263,648
DSAD (SAD appearance + ROM motion, without the recipe) 13 38.85£0.81  0.9920 £ 0.0018 263,647
DSAD (SAD + ROM motion, with the recipe, ours) 13 39.62 +£0.98 0.9930 £ 0.0019 263,647

Motion basis. We next evaluate two ROM design choices on Bunny: the spatial diagram score
(Tab. and the rank-bandwidth allocation (M, K} ) (Tab. . Among the four parameter-tied



diagram families, the anisotropic-Apollonius (SAD) score leads on the Bunny mean and on 13 of
13 GoPs; its four anisotropic scalars per anchor add only 5.1% to the Voronoi ROM size, whereas
reducing SAD to Apollonius, Voronoi, or power scores changes PSNR by —0.11, —0.18, and
—0.32dB.

At fixed site count N on Bunny, PSNR grows with M and varies by at most 0.07 dB with K. Under
a matched total budget, however, larger ROM configurations trade off canonical sites: relative to
our default (M, K;) = (256, 8), increasing M to 384 or 512 changes Bunny PSNR by —0.02 and
—0.07 dB, while setting Ky =16 gives —0.21 dB and K =4 frees sites to give +0.04 dB. On DAVIS,
by contrast, allocating more budget to motion can be beneficial: on two DAVIS GoPs the K trade-off
reverses (+0.16/4-0.02 dB at Ky =16 and —0.36/—0.41dB at K\ =4; Appendix E]), and across four
DAVIS GoPs at matched budget, PSNR continues to rise up to M = 1024 on three sequences (+1.32,
+1.20, and +0.79 dB at 768 over 256) while peaking at M =256 on camel (Tab. [J19), indicating that
Bunny’s knee near M ~256 is not universal.

Further analyses. Appendix [J]extends our evaluation across additional benchmarks, resolutions,
and downstream tasks. Under the 120k protocol on GoP; across all 26 scene—budget pairs of Tab. 2}
DSAD improves PSNR by +2.77 dB inside dilated Canny [6] luma edge bands (21/26 GoPs won)
and by 4+1.71 dB outside them (21/26 won), with a larger in-band margin on 20/26. Under the 60k
protocol, DSAD maintains paired margins of 4-3.80, 4+-7.43, and +8.93 dB at GoP lengths T'=10,
20, and 30 (Tab. JT8) and decodes at 465-575 FPS cold and 2,531-3,212 FPS steady at 1920 x 1080
(Tab. JT6). Moreover, the explicit primitive structure directly supports spatial inpainting (+10.12 dB
over copying on moderate motion; Tab. J20), temporal interpolation (Tabs. J2T]and J22)), localized
single-anchor editing, and post-hoc quantization with LZMA compression (0.30-0.45dB loss at
one-fifth of float32 storage; Tab. [24).

5 Conclusion

We introduced DSAD, an explicit per-GoP video representation that unifies canonical appearance
ownership and reduced-order motion within a single soft-distance coordinate system. Dense SAD
sites decode pixel appearance through local competition, while coarser anchors reuse the same
soft-distance geometry to form a sparse partition-of-unity deformation basis, eliminating neural
network layers from the per-GoP model.

Under the D2GV-AR GoP protocol, DSAD achieves the highest PSNR among compared GoP
primitives across all UVG and DAVIS budgets. In our paired 1280 x 720 control against D2GV with
its original MLP at matched decoder-read budgets and training length, DSAD improves PSNR on
223 of 302 GoP-budget pairs by a mean of +1.92 dB. Bunny ablations show that SAD appearance
supplies the largest component gain at equal budget (Tab. [3)), and UVG-Small flow spectra suggest
that the largest gains arise when GoP motion is close to low-rank.

Limitations and operating range. Our results characterize a matched-budget trade-off within the
per-GoP regime: replacing only D2GV’s MLP with the ROM (DSAD-GS) improves PSNR on
Bunny where freed parameters add Gaussians, whereas on the DAVIS pool it averages —0.29 dB
(37/70 won; Tab. , and only Bunny isolates SAD appearance (Tab. . While DSAD leads
overall across UVG, the 70-GoP DAVIS pool (4+2.96 dB, 64/70 won), and 1080p (Tab.J16), D2GV
remains ahead on several scenes (3 of 7 UVG and 3 of 32 DAVIS-pool scenes; Tabs. [H10|and [J17);
more anchors close 70-73% of the gap on the one scanned GoP where D2GV leads (Tab. ,
and extending training 4x narrows the UVG margin (Appendix [J). Moreover, the link between
PSNR margins and low-rank optical flow on UVG-Small (Sec. remains correlational, weakly
textured deforming regions can leave anchors sparsely sampled, and our budgets count decoder-read
parameters rather than coded bits (trailing full-clip HNeRV-Boost by 1.42-1.53 dB on Bunny under
post-hoc compression; Tab. [J25).

Looking ahead, coupling DSAD with a learned entropy model, joint rate—distortion optimization,
and progressive anchor pruning could narrow the bitstream gap with full-clip INR codecs while
preserving streamable per-GoP random access and fast decoding. Enriching the translation-only
ROM basis with content-adaptive anchor placement, per-anchor affine warps, or time-varying site
metrics G;(t) (Tab. could capture high-rank non-rigid deformations, rotating boundaries, and
low-texture motion without reintroducing a coordinate MLP.
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A More qualitative results of DSAD

Fig. @Visualizes the learned anchor basis (M =256, Ky =8, K, =12, SAD mode) and image-space
displacement d(x,t) =tanh(atanh x + A(x,t)) — z at the first (¢ =0.1) and last (¢ = 1.0) frames
across three UVG GoPs (Appendix [B]), showing that anchors form scene-adaptive cells rather than
a fixed grid. Fig.[A6|presents DSAD reconstructions alongside ground-truth frames on five UVG
and DAVIS scenes (Jockey, YachtRide, Bosphorus, bmx-trees, and camel) across each GoP horizon,
preserving sharp thin structures and articulated limbs.

(a) first frame (b) ancho

r basis ¢;
= WP .

(z) (c) d(z,t=0.1), first frame (d) d(z,t =1), last frame

[Id] s =262.3 pX

ReadySetGo

YachtRide

Figure AS: Learned deformation on UVG. Rows show Jockey, ReadySetGo and YachtRide GoP; at
the UVG-Small budget under the 60k protocol. Panels show the first frame (a), dominant ownership
with white anchors (b), and first/last-frame displacement (c,d). Magnitudes are normalized per panel.
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t=0.20 t=0.40 t=10.80 t=1.00

YachtRide

Bosphorus

DAVIS bmx

DAVIS camel

Figure A6: UVG and DAVIS reconstructions. Five scenes use GoP; at 1280x720 and Small
budgets. Ground truth is above DSAD decoded from stored parameters under the 60k protocol at
t=0.2, 0.4, 0.8 and 1. Each reconstruction shows PSNR (dB).
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B Per-method parameter calculation

We summarize the per-video parameter formulas for Tab. 2Junder the 1280720 GoP protocol (1080p
budgets are given in Appendix [J). Unless noted otherwise, all budgets count the parameters a decoder
reads to render frames.

Transcribed rows. The NeRV, E-NeRV, FFENeRV, HNeRYV, D-3DGS, and D2GV-AR rows in Tab.
are transcribed from D2GV-AR [27] (its Tab. 1) at its nominal Small and Large per-video budgets
(3.5/5.8M on UVG and 1.8/3.3M on DAVIS, with Fperyigeo = Prodel for full-clip INRs).

D2GYV (paired). Each D2GV GoP stores N5 Cholesky-Gaussian primitives (9 scalars each: 2
mean, 3 Cholesky covariance, 3 color, and an unused pruning logit m) plus a deformation MLP of
107,646 parameters [26]. Because our reproduction uses no pruning stage and renders with fixed
opacity, the decoder reads 8 scalars per Gaussian and omits the MLP’s 24,649-parameter opacity
branch (82,997 read MLP parameters):

PR2GY, = 8 NOS 1 82,997

To match the target budget in read parameters, we size N'®' from stored parameters (9 N™' +
107,646 ~ budget/#GoPs) and reallocate the unread parameters as additional Gaussians, N5 =
|(9 N™! + 24,649)/8] (e.g., N&5 =18,959 rather than 14,114 on UVG-Beauty Small for 234,669
read parameters per GoP; N5 =25,581 for 287,645 on the Bunny ablations and DAVIS pool; and
NGS = 18,471 for 230,765 at Bunny’s 3M target). “D2GV with D2GV-AR’s lightweight MLP”
replaces this MLP with our reproduction of the single-layer MLP described in [27] (9,678 parameters),
sized by stored parameters.

DSAD (ours). Each GoP stores N SAD sites at 9 scalars each: 2 for unconstrained position z;
(mapped via s;(t) =tanh(z; + Az;(t)) € [~1, 1]%, written as s; + As;(t) in Sec.[3), 2 for the metric
Gi(ay, ;) (log-aspect «; and axis angle of 4;), 1 radius r;, 1 temperature 7;, and 3 RGB color
c;. With M = 256 anchors and K; = 8 knots, the ROM contributes Proy = M (3+v) + IM K
parameters (Eq. (§)): 20,224 for SAD (v =4), 19,200 for Voronoi (v =0), and 19,456 for Apollonius
or Power (v =1). At larger budgets, M scales per Sec. to 416 and 480 (Prom = 32,864 and
37,920) for UVG and DAVIS Large in Tab. [2] and to 256-672 (20,224-53,088) at native 1080p
budgets:
PG =9N + Prom, N = [ (budget/#GoPs — Prowm) /9.

On UVG-Beauty Small, N =23,714 gives Pper-Gop = 233,650 (0.4% below paired D2GV’s 234,669).
Across the 302 GoP-budget pairs of Tab. 2l DSAD’s budget is within +0.61% (19 pairs) and
—0.46% of paired D2GYV, allocating a smaller motion share (0.24-0.46 of D2GV’s 82,997) and
a larger appearance share (213,426 vs. 151,672 on UVG-Beauty Small). On Bunny, DSAD uses
N =23,381 (Bper-gop = 230,653, 3.00 M/video) at the 3 M target (Tab. @) and N =27,047 (263,647,
8.3% below D2GV’s 287,645) in the ablations (Tabs. [3| and , where DSAD-GS uses 30,428
Gaussians (263,648).

The axis angle. During training, each site’s axis #; is optimized as an unconstrained 2-vector (10
numbers per site). Because the metric G; depends only on the normalized direction (1i;-d)?, we store
the angle of 4; in [0, 7) as a single 32-bit float (9 numbers per site) and reconstruct (cos 6;, sin 6;)
at decoding, which changes decoded PSNR by a median of only 3.4x10~% dB across all 2,445 fits.
Note that under the earlier 10-number-per-site count, DSAD holds 10% fewer sites at the same total
budget (second DSAD row of Tab.[2} Appendix [J).

Training settings. Tab.B4]lists the training hyperparameters for DSAD, paired D2GV, and HiNeRV.
DSAD and D2GYV share the coarse/fine protocol, the Adan optimizer and step schedule for canonical
primitives, and the frame-level MSE objective (Eq. (9)); at 120k fine iterations, primitive halving
periods (20k to 40k) and D2GV MLP decay horizons (50k to 100k) scale 2x, while DSAD’s ROM
learning rates decay over the full fine stage. HiNeRV is trained once per clip using its 1280x 720
configuration without pruning or quantization.

C GoP primitives versus full-clip INRs and INR codecs

Tab. [C5] summarizes the operating-point differences between the two regimes: full-clip INRs require
a complete-sequence pre-pass and emit no spatially local handles, while GoP primitives keep the
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Table B4: Training settings. Columns show DSAD, paired D2GV (original MLP) and our reproduc-
tion of HiNeRV. Cells give values for the 60k protocol and the 120k fits of Tab.[2] Learning rates are
absolute, and a dash marks an inapplicable setting.

Setting

DSAD

D2GV (paired control)

HiNeRV

Fitted unit,
length

Batch
Frame order

one GoP, 10k coarse iterations (sites
only), then 60k or 120k fine iterations

(sites and ROM)

one full frame per iteration

a new seeded permutation of the GoP’s
frames in every pass, in both stages

one GoP, 10k coarse iterations
(Gaussians only), then 60k or
120k fine iterations (Gaussians
and MLP)

one full frame per iteration

in order, cyclically

one clip, 300 epochs, no
pruning or quantization
epochs

128 patches of 80x 80 pixels

patches shuffled in every
epoch

Loss mean squared error on the render mean squared error on the 0.7£1+0.3 (1 —MS-SSIM),
clamped to [0, 1], movement, temporal  clamped render 5x5 window
and ARAP weights 0

Optimizer Adan for sites, 8 = (0.98,0.92,0.99), the same Adan for Gaussians Adam [18]],
€ = 1078, no weight decay, no clipping B8 =(0.9,0.999),

Learning rate

Schedule

position 5-1073, color, temperature and
radius 10~ 2, orientation 2.5-103,

anisotropy 2.5-1072

halved every .S iterations from the start of
the coarse stage, S = 20k for 60k fits

and S = 40k for 120k fits

5-10~3 for every Gaussian
parameter

the same, S = 20k for 60Kk fits
and S = 40k for 120Kk fits

€ = 1078, no weight decay,
gradient norm clipped at 1
1.78-103 (the configured
2-10~2 times 8/9, the
batch’s share of a frame)
linear ramp from 1.78-10~5
over 30 epochs, then cosine
over the 300 epochs to
1.78-1075, updated every
step

Motion model

optimizer

learning rate
schedule

ROM with SAD anchors, position and
color channels, M = 256 (416 and 480
at the UVG and DAVIS Large budgets of

Tab.E[), Ky =8 K, =12

Adam, 8 = (0.9,0.999), ¢ = 10715,

no weight decay, fine stage only
anchors 5-10~3, knots 2-10~3

exponential decay to 1% of the initial
rate at the last fine iteration (60k and

120k alike)

original MLP, width 156,
107,646 parameters

the same Adam

81074

exponential decay to 1.6-10~2
at fine iteration D, constant
afterwards, D = 50k for 60k
fits and D = 100k for 120k fits

Site candidates

Initialization

Precision
Seed

K = 8 per pixel, kept per frame: a
jump-flood build with 16 refinement
passes at a frame’s first use and at every
1,000th use, one pass at every second
use, 4 injected candidates per pass, exact

top-8 in the last 6k fine iterations

sites drawn from pixels of the GoP’s
mean frame, half uniformly and half by
luminance-gradient magnitude, with that
frame’s colors. Anchors on a sunflower
lattice, temperature 0.25. Knots uniform
in time, bandwidth 0.15, zero values

32-bit floating point
1

uniform random positions,
shapes and colors

32-bit floating point
1

16-bit mixed precision
0
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per-clip cost bounded and expose primitives that can be inspected, edited, or rendered before the full
clip is seen.

INR codecs and concurrent primitive work. Because NeRV, Boosting-NeRV, and HiNeRV publish
UVG results on full-length 1080p sequences (or 1920x960 crops for HNeRV) rather than the 4 x
temporally subsampled 720p clips of the D2GV-AR protocol, Tab. 2]reports D2GV-AR’s transcribed
INR rows alongside our matched HiNeRV reproduction (Sec. [2). On Bunny, full-clip HNeRV-
Boost [56]] reports 41.09 dB (0.9934 MS-SSIM) at 3.08 M (1.89 dB above per-GoP DSAD’s 39.20 dB
at 3.00 M; Tab. [[T2), with 13 h 51 min encoding per 1080p video and 13.15 FPS decoding on a V100.
CANeRV [42] and HANeRV [43] report coded-rate results, including BD-rate against H.266/VVC,
rather than fixed-budget quality, and GIViC [12] relies on a pretrained 225.9 M-parameter receiver
decoder (9.79 FPS decode and 1.78 h per 32-frame 1080p GoP encode on an A100, vs. DSAD’s
standalone 465-575 FPS cold-start decode (GoP;) and median 22.6 s/frame encode across the 604
1080p fits of Tab. on one RTX 2080 Ti). Concurrent STGV [25] drives Gaussian deformation with
spatio-temporal hash encodings under a related 720p GoP protocol (1280x 640 on Bunny) without
public code.

Table C5: GoP primitives versus full-clip INRs. Deployment properties motivate the paired GoP
protocol. The first four rows are properties by construction, with no measurement involved.

Property INR (full-clip) GoP primitives
Streamable training X v
Online (incremental) training X v

Local primitive ownership X v
Per-clip pre-pass required not required

HiNeRV higher by
0.6-3.5dB (Tab.
12-20
(HiNeRV)

lower
706-1,095 cold start,

4,196-5,187 steady state
(DSAD, fused kernels, Tab. l

PSNR at a matched budget

Decode FPS at 720p

D Anisotropic norm under det G=1

For a unit vector @ € R? and a scalar o, G(«, @) = e + e~*(I — 44" ) is symmetric positive

definite with det G =1 and condition number €2/*!: it has eigenvalue e® along @ and e~ across it,
so lengths along 4 are scaled by e®/2 and, for o > 0, cells are compressed along . For a generator
at q (a site position s; or an anchor position p;), letting £ = (z — q)' i,

lv —allg = e + e (|lz — al|* - £%). (10)
Sites use G; = G, 1;) and anchors G% = G(af, 4%). The unit-determinant constraint decouples

the temperature from the metric, so the SAD anchor score adds only four scalars per anchor (7’?, a?,
and the two components of 7).

E SAD rasterizer and native gradients

The site mask Oy(z) in Eq. (5) is read from a per-pixel candidate field C' : Q — {1,..., N}
approximating the K sites with the largest logits —d;(z)/7;. During training, C' is refreshed
incrementally via jump flooding (JFA) [39] and Voronoi particle tracking (VPT) following the single-
image SAD rasterizer [15]. During the final 6k fine iterations, C' is rebuilt as the exact top- K set
on every second use of each frame; evaluation and decoding likewise use the exact top- K set built
directly from stored parameters (cached across passes in steady-state decoding).

Per-frame persistent candidate buffers. A single shared C that chases the 7" deformed configu-
rations of the site set simultaneously yields a stale site mask at every frame. We instead maintain
T independent buffers {CY T, (K, =8 indices per pixel, ~295 MB per 10-frame 720p GoP) and
activate the current frame’s buffer before each render call. Each buffer is seeded on its frame’s first
call by jump flooding with initial VPT passes, refined by VPT every second call, and re-flooded
every 1,000 calls so that C'®) tracks only the slow drift of canonical sites. When decoding from
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stored parameters without training buffers, the decoder builds each frame’s exact top-8 candidates in
0.7-1.2 ms per 720p frame (split means; Tab. [J15)).

Native analytic backward. The closed-form derivative of Eq. (3 through the masked softmax
weights, site colors, and geometric parameters is evaluated in a fused CUDA backward kernel. All
reported DSAD fits execute the forward pass, analytic backward, and optimizer updates through
these fused CUDA kernels, which match the reference PyTorch step up to floating-point accumulation
order while speeding up training by 9.6-20.9x (16.1-20.9 s/frame training and 4,196-5,187 FPS
steady-state decoding at 720p on one RTX 2080 Ti; Tab. JT5).

F Residual channels and regularizers
The optional motion penalties of Sec. [3.4/add Amove Lmove + AtmpLimp + AarapLarap t0 Eq. (), with

1 1
move — Azt 2 mp — D2 'Ast 2
o = iy SIASON: Lo = gy 32 IDF O
L | (1)

2
'Carap = W Z (Hsl(t) - Sl(t)”Q - ”SZ - SZ||2> ’

t,(i,0)€E

where s;(t) = s; + As;(t) is the deformed site position, & holds the 30 interior points of a uniform
32-point time grid on [0, 1] with second-order finite difference D?, and £ is the canonical 6-NN graph
over sites (Amove = Atmp = Aarap = 0 in the final configuration).

Tab. |[F6|ablates the deformation channels and motion penalties across all 13 Bunny GoPs under the
60k protocol. Removing the color residual (As only) saves 10,240 parameters (5M Ky) but changes
PSNR by —0.23 dB, whereas enabling the movement, temporal, and ARAP penalties (Apove =0.01,
Atmp = 0.001, Aapap =0.005) changes PSNR by —0.05 dB (3/13 GoPs higher). An opacity residual
(+6,144 parameters, 0.00 dB) is inactive because both DSAD and paired D2GV render with fixed
opacity.

Table F6: Bunny residuals and regularizers. PSNR/MS-SSIM average 13 GoPs with the recipe of
Sec.[3.4) N =27,047, M =256, K; =8 and K, =12 under the 60k protocol. A is the paired PSNR
difference to the +feature row without penalties. Higher quality is better.

Variant PSNR1 MS-SSIM1  Deform params APSNR
Xyz only 39.39 0.9926 9,984 —0.23
+ feature residual 39.62 0.9930 20,224 -

+ feature 4 opacity residual 39.62 0.9930 26,368 +0.00
feature, + move/temporal/ARAP penalties 39.57 0.9929 20,224 —0.05

G Motion-basis design

Fig. [T]illustrates the soft-distance diagram family (Eq. (3)), Tab.[G7|compares the four anchor scores
on Bunny, and Tab. [G8|scans the anchor count M and knot count K under the 60k protocol (K, =12,
SAD basis, feature residuals on; matched-budget rows adjust N by 9 parameters per site to stay
within 263,654 parameters per GoP). At a fixed site count on two DAVIS GoPs, the SAD basis leads
on camel; by 0.44-0.79 dB and sits 0.07 dB behind Apollonius on bmx-trees;.

Rank versus bandwidth. Across both Bunny (Tab. and two DAVIS GoPs (bmx-trees; and
camel; ), temporal bandwidth saturates rapidly: on Bunny, K =8 outperforms Ky =16 by +0.21 dB
at a matched budget, and on bmx-trees; and camel,, increasing K from 8 to 16 changes PSNR by
+0.41 and +0.12dB at fixed N (—0.23 and —0.15dB from K; = 16 to 32; +0.16 and +0.02 dB
at matched budget, vs. —0.36 and —0.41 dB at K; =4). By contrast, the required spatial rank )M
depends on the content rather than transferring from Bunny’s M =256 knee.

Cost of richer motion models. Tab. (G9|lists the parameter cost of extending translation knots with
per-anchor affine maps (+8,192 parameters, equivalent to ~104 additional anchors or ~3.6 knots per
anchor) or time-varying site metrics G;(t) (+4,096 parameters, or +6,144 with time-varying radii
r;(t), sharing the As knot times and bandwidths).
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Table G7: Bunny tessellation ablation. Rows vary only the motion anchor score d2?(x) and share
SAD appearance and the recipe of Sec.[3.4] PSNR/MS-SSIM average 13 GoPs under the 60k protocol,
with A relative to SAD. Higher quality is better.

Extra per-anchor

Motion basis PSNR1T MS-SSIMT APSNR
parameters
Voronoi 39.44 0.9926 —-0.18 -
Apollonius 39.51 0.9928 —-0.11 ;
Power (Laguerre) 39.30 0.9923 —0.32 w?
SAD (anisotropic Apollonius) 39.62 0.9930 - 7"3.‘, a?, ﬂ;‘

Table G8: Bunny rank and knot scans. Values are mean PSNR over 13 GoPs under the 60k protocol
(higher is better). Fixed NV keeps 27,047 SAD sites, so totals grow with the ROM. Matched budgets
change the site count NV, shown beside PSNR.

M Flj)ifed ROM params Matched N K Fljtfed ROM params Matched N

128 39.38 10,112 3948 28,171 4 39.55 11,008 39.66 28,071
256 39.62 20,224 39.62 27,047 8 39.62 20,224 39.62 27,047
384 39.73 30,336 39.60 25,924 16 39.63 38,656 39.41 24,999
512 39.80 40,448 39.55 24,800 32 39.64 75,520 38.86 20,903

Table G9: Cost of richer ROM meotion. Each row adds one component to translation knots at
M =256, Ky =38, with SAD scores and feature residuals. Ratios compare ROM totals with D2GV’s
original MLP, counting its 82,997 read or 107,646 stored parameters. Smaller totals cost less storage.

ROM variant Extra parameters Total  MLPread/ ROM MLP stored / ROM
Translation knots (ours) - 20,224 4.10x 5.32x
+ per-anchor affine motion +8,192 (4M Ky) 28,416 2.92x 3.79%
+ time-varying site metric G;  +4,096 2M Ky) 24,320 3.41x 4.43x

H UVG paired per-scene results and motion-rank evidence

Tab. [HIO]reports the per-scene PSNR breakdown for the UVG columns of Tab. 2] (the last column
averages over frames per video, as in Tab.[2). At 120k, UVG-Small margins range from —0.65 dB on
ShakeNDry to 4+2.87 dB on Bosphorus, with D2GV leading on ShakeNDry, Beauty, and Jockey at
both budgets. Because Bosphorus carries the largest margin at both budgets (+2.87 and +5.50 dB),
excluding it leaves a mean scene margin of +0.35 dB at Small and 4-0.05 dB at Large (per-GoP paired
margin +0.44 and +0.15dB; 50 and 40 of 83 pairs won). Alongside per-GoP paired ¢-statistics
(6.1, 4.3, 21.5, and 14.5 across the four splits), two-sided one-sample ¢-tests over scene means give
4+0.71 £ 1.18dB (t=1.6, p=0.16, n="7) on UVG-Small, +0.83 = 2.19dB (t=1.0, p=0.35) on
UVG-Large, +4.14 £ 1.26dB (¢ =8.0, p < 0.001, n=6) on DAVIS-Small, and +3.41 + 1.58dB
(t = 5.3, p = 0.0032) on DAVIS-Large. Note that at the scene level the margin is statistically
significant on DAVIS and not on UVG.

Table H10: UVG per-scene PSNR. Small rows are above Large rows for the paired 120k fits of
Tab. 2] with D2GV’s original MLP. Scene values are GoP means in dB, ordered by the Small margin
A. Bold marks the higher PSNR.

Bosphorus ReadySetGo HoneyBee YachtRide Jockey Beauty ShakeNDry glg\;/lé?};g Mean,

7 videos
D2GV (Small) 35.73 28.04 40.46 30.42 3526 36.38 37.56 34.64 34.80
DSAD (Small) 38.60 29.20 41.59 31.18 35.14  36.20 36.91 35.45 35.50
A (Small) +2.87 +1.16 +1.13 +0.76 —0.11 -0.18 —0.65 +0.81 40.70
D2GV (Large) 34.18 29.50 42.12 31.43 36.61 36.89 38.75 35.42 35.61
DSAD (Large) 39.68 30.55 42.32 32.27 36.23  36.63 37.62 36.39 36.43
A (Large) +5.50 +1.06 +0.19 +0.84 —0.39 —0.25 —1.13 +0.97 +40.82
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Motion-rank protocol. For every GoP of each UVG-Small scene, we extract pretrained RAFT [44]
(torchvision [43]]) optical flow from the GoP’s first frame to its next four frames, resample each
displacement field (u, v) to a 32x 32 grid, center rows, and compute the energy fraction in the leading
singular component (Fig. where solid curves show DSAD site displacements tanh(atanh x +
A(x,t)) on GoP; across its 9 non-zero frame steps and dotted curves show the scene-averaged 4-step
RAFT flow). Averaged per scene, this top-1 fraction correlates with the paired 120k PSNR margin at
rs=0.893 (p=0.012; rs=0.500 over all frames of each GoP; Sec. @), and remained positive under
the earlier 60k protocol (rs =0.786, p=0.048; rs =0.536, p =0.236, against lightweight D2GV).
Note that on DAVIS-Small the correlation is not statistically significant (rs =4-0.37, p=0.497 across
scenes; +0.20 across 51 GoPs).

Scene motion and texture. Tab. [HTT|reports mean RAFT flow magnitude from frame 0 to later
frames (Dr.,, ), between consecutive frames (Dgtep), and mean luma Sobel gradient magnitude per
UVG-Small scene (HoneyBee and ShakeNDry have the lowest displacement and Beauty the lowest
texture; on the DAVIS pool, classic-car (133 and 42 px) and motocross-jump (140 and 91 px) of the 3
scenes with negative mean margins exceed the pool median displacement of 43/9 px across 32 scenes,
while dancing (22 and 6 px) does not).

Table H11: UVG-Small motion and texture. Values average each scene’s protocol GoPs, with
RAFT at 1280x720. Scenes are ordered by Dy,,, alongside the paired margin of Tab.[HI0]

Scene Dgar (pX)  Dgtep (px)  Sobel (X 10-2)  APSNR (dB)
HoneyBee 0.6 0.2 1.62 +1.13
ShakeNDry 4.8 1.3 2.37 —0.65
Bosphorus 33.0 6.6 1.47 +2.87
Beauty 49.8 36.7 0.91 —-0.18
ReadySetGo 96.7 28.6 2.84 +1.16
YachtRide 99.3 14.3 2.06 +0.76
Jockey 174.4 108.6 1.20 —0.11
—e— DSAD displacement, GoP 1 --#-- RAFT flow, mean over GoPs
rank spectrum per scene single-mode dominance (DSAD vs RAFT)
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Figure H7: UVG-Small motion spectra. Left shows cumulative singular energy for DSAD (solid)
and RAFT [44] (dotted). Right shows top-1 energy per scene, ordered by decreasing paired margin.
The dashed line marks one half.

I Bunny: comparison at D2GV-AR’s budget and parameter split

Tab. [[T2]compares DSAD and D2GV on Bunny (13 GoPs, 132 frames at 1280x 720) at D2GV-AR’s
~ 3M per-video budget (Sec. [£.2). Our paired 60k fits match 3.00 M read parameters per video
(23,381 SAD sites for DSAD vs. N©5 = 18,471 Gaussians with the original MLP for D2GV;
Appendix [B), while lightweight-MLP D2GV with 24,566 Gaussians (earlier stored count) reaches
34.65dB/0.9764.

Tab. decomposes the canonical and motion parameter counts of the Bunny ablation rows in
Tab. [3| (Sec. £3) under the 60k protocol. All three rows share the same ROM (K = 8, no motion
penalties) and match decoder-read parameters (30,428 Gaussians at 8 scalars each for DSAD-GS
versus 27,047 SAD sites at 9 scalars each for DSAD, sitting 8.3% below the D2GV reference’s
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Table 112: Bunny at D2GV-AR’s budget. The 132 native 1280x 720 frames form 13 GoPs at the
~ 3 M per-video target. Italics mark transcribed results, and upright rows are our paired fits under the
60k protocol. Shading marks the highest GoP-primitive PSNR, with higher values better.

Method | PSNRT MS-SSIM? | Per-video Params
Full-clip INRs (as reported by their papers)

HiNeRV [19] 41.14 - 3.25M
HNeRV-Boost [56]] 41.09 0.9934 3.08 M

GoP primitives

D2GV-AR (Ours-SR) at 3M [27] 37.64 - 3 M (nominal, its Tab. 13)
D2GV [26] (paired, original MLP) 36.42 0.9854 3.00M

DSAD (60k, ours) ‘ 39.20 0.9923 ‘ 3.00M

287,645 read parameters at N5 =25 581). The first two rows vary only the canonical appearance
representation under cyclic frame order, while the third row adds the training recipe of Sec. [3.4]
Tab. supplements Tab. 3] with reference rows sized under the earlier stored-parameter count.

Table I13: Bunny appearance-head ablation. PSNR/MS-SSIM average 13 GoPs at 1280x 720
under the 60k protocol, with higher values better. Rows share the ROM and per-GoP budget. The
first two vary only canonical appearance, and the last adds the training recipe.

Canonical Motion  Total

Method PSNR1 MS-SSIM 1

params  params ~params
DSAD-GS (GS 4+ ROM), NG5 =30,428 37.89 0.9891 243,424 20,224 263,648
DSAD (SAD + ROM), 27,047 SAD sites, without the recipe ~ 38.85 0.9920 243423 20,224 263,647
DSAD (SAD + ROM, ours), with the recipe 39.62 0.9930 243,423 20,224 263,647

Table 114: Bunny aggregate with stored-count references. Rows extend Tab. 3| with D2GV and
DS AD-GS references under the 60k protocol and earlier count. PSNR/MS-SSIM are mean + sample
standard deviation over 13 GoPs, with higher values better.

Method #GoPs PSNR 1 MS-SSIM 1 Total params
D2GV [26] (GS appearance + MLP motion, original MLP; parameters read) 13 37.54£1.36 0.9888 £ 0.0041 287,645
D2GV [26] (the same at its stored count; reference only) 13 36.75 £ 1.21 0.9865 4 0.0044 287,646
DSAD-GS (GS appearance + ROM motion, ablation; parameters read) 13 37.89 +£1.50 0.9891 + 0.0045 263,648
DSAD-GS (the same at its stored count; reference only) 13 37.53 £1.46 0.9882 + 0.0047 263,647
DSAD (SAD appearance + ROM motion, without the recipe) 13 38.85 £0.81 0.9920 + 0.0018 263,647
DSAD (SAD + ROM motion, with the recipe, ours) 13 39.62 +£0.98 0.9930 £ 0.0019 263,647

J Additional analyses

Unless noted otherwise, the following analyses use the 60k protocol with the final training recipe
of Sec. @ (M =256, 9 scalars per site for DSAD, and D2GV sized by decoder-read parameters;
Appendix [B)) and evaluate frames decoded from stored parameters. Earlier experiments that store 10
scalars per site and size D2GV by total stored parameters are marked “earlier count.”

UVG frames. Following D2GV-AR [27], we subsample every fourth frame from the first (150 frames
per sequence and 75 for ShakeNDry across 98 GoPs of 10 frames, with shorter final GoPs where
sequence length is not a multiple of 10). Under the earlier 60k protocol on the first 150 consecutive
frames (80 for ShakeNDry; 408 GoP-budget pairs including DAVIS), DSAD achieves a paired
margin of +4.78 dB over lightweight D2GV (408/408 pairs won).

Anchor count. The 1080p fits at Tab. [2]'s Large budgets use the 720p Large anchor count; all other
studies keep M =256 unless they vary M.

Stored site axes. At a matched budget, storing each site’s axis as a scalar angle yields 11% more sites
than the 10-number-per-site count and improves mean PSNR by +0.19 dB across Tab. [2|(277/302
pairs higher), while the 10-number row still ranks first among compared GoP primitives in every
PSNR column.
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Timing data and protocol. Tab. [JT3|reports decoding and encoding throughput on GoP; of every
scene across the four splits of Tab. [2]at 1280x 720 on a single idle RTX 2080 Ti (HiNeRV on full
videos; D2GV and HiNeRYV encode times scaled from timed windows, HiNeRV from one video per
split). For DSAD, cold-start decoding starts from stored parameters on the GPU and reconstructs site
axes (0.134-0.142 ms per GoP) and exact top-8 per-frame candidates, whereas steady-state decoding
reuses cached candidates; in both modes ® of Eq. (@) is evaluated once per GoP pass. Paired D2GV
(120K, original MLP sized by read parameters) is timed both with its unread opacity branch omitted
and GPU-built frame timestamps (yielding bit-identical frames, 7-12% and 10-24% faster) and in its
unmodified original implementation (224-376 FPS); lightweight D2GV (60k protocol of Tab. is
timed similarly (365—-466 FPS unmodified). At 1920x1080 (GoP; across the 26 scene—budget pairs
of Tab. [IT6]s first budget set), DSAD decodes at 465-575 FPS from a cold start and 2,531-3,212 FPS
at steady state. Without our fused CUDA kernels, eager PyTorch motion evaluation decodes at
290-520 FPS cold (463-857 FPS steady) and trains at 149-382 s/frame (estimated on four GoP; fits,
9.6-20.9x slower than fused CUDA).

Table J15: Decode and encode speed. Split means use 1280x 720 inputs on one idle RTX 2080 Ti.
Higher decode FPS and lower encode seconds per frame are better. Lightweight D2GV uses the 60k
protocol of Tab.[J23] Fig.[3|plots the cold-start, steady-state, paired-control and HiNeRV rows.

Method UVG-Small UVG-Large DAVIS-Small DAVIS-Large
Full-clip INR
HiNeRV [19] (our reproduction), decode FPS 20 14 14 12
HiNeRYV, encode s/frame (300 epochs) 68.9 92.6 64.9 82.1
GoP primitives
D2GV [26], paired control, decode FPS 444 279 501 294
original implementation, decode FPS 336 224 376 238
D2GV, lightweight MLP (60k), decode FPS 587 428 597 452
DSAD, decode FPS, cold start 909 769 1,095 706
DSAD, decode FPS, steady state 4,946 4,196 5,187 4,361
D2GV, paired control, encode s/frame (120k) 161.2 177.0 187.5 161.0
D2GV, lightweight MLP, encode s/frame (60k) 78.5 66.5 89.6 66.4
DSAD, encode s/frame (120k) 16.1 19.3 16.7 20.9

MCL-JCV. On all 24 clips of MCL-JCV [48]] resized to 1280720 (343 GoPs: 336 of 10 frames
and 7 trailing 5-frame GoPs) at the UVG-Small per-GoP budget under the 60k protocol (23,714
SAD sites / 233,650 parameters for DSAD vs. 18,959 Gaussians / 234,669 read parameters for
paired original-MLP D2GV), DSAD averages 37.43 dB vs. 34.79 dB, achieving a paired margin of
+2.64 + 1.69dB (t=28.9, 327/343 GoPs won; D2GV leads on 1/24 clips: videoSRC04).

1080p repeat. Tab.[J16|repeats the paired comparison at native 1920x 1080 (1600x900 on DAVIS
boat) under the 60k protocol at both Tab. [2]s per-GoP budgets and D2GV’s native 1080p budgets
(0.57-1.16% higher total for DSAD). Across the four splits, DSAD achieves paired margins of
+1.15-+4.16 dB at the first budget set (266/302 pairs won, mean +2.21 dB; D2GV leads on UVG-
Large ShakeNDry (—0.54dB, 1/8), UVG-Small ShakeNDry (—0.16dB, 1/8) and UVG-Large
Beauty (—0.005dB, 9/15), with 36 pairs below by at most 0.90dB) and +1.41-+3.98 dB at the
native 1080p budgets (271/302 pairs won, mean +2.28 dB; D2GV leads on UVG-Large ShakeNDry
(—0.36dB, 1/8), with 31 pairs below by at most 0.71 dB and smallest scene margins on UVG-Large
ShakeNDry (—0.36 dB, 1/8) and UVG-Small Beauty (+0.004 dB, 9/15)).

DAVIS pool. Across 70 ten-frame GoPs from 32 DAVIS scenes at the Bunny-ablation budget under
the 60k protocol (Tab. 27,047 sites / 263,647 parameters for DSAD, 30,428 Gaussians / 263,648
for DSAD-GS (Tab. [3| configuration), and 25,581 Gaussians / 287,645 read parameters for original-
MLP D2GV), full DSAD gains +2.96 + 1.93dB (¢t = 12.8, 64/70 GoPs won) and motion-only
DSAD-GS gains —0.29 dB (37/70 won). Note that DSAD trails on 6 GoPs concentrated in 3 scenes
(classic-car, dancing and motocross-jump).

GoP length. Partitioning frames 1-60 of Bunny and DAVIS camel and cows into GoPs of length 7" at
fixed per-GoP budgets under the 60k protocol (Tab. [[T8), DSAD outperforms original-MLP D2GV
(25,581 Gaussians) by +3.80, +7.43, and +8.93dB at 7'=10, 20, and 30, winning all 45 GoPs.

Anchor count on four DAVIS GoPs. Scanning M € [128,1024] at a matched per-GoP budget
of 263,654 under the 60k protocol (Tab. @]), PSNR increases up to M = 1024 on bmx-trees;,
motocross-jumps, and motocross-jumps (closing 70% and 73% of the gap to D2GV on motocross-
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Table J16: 1080p repeat. Per-video PSNR and paired per-GoP margins use the 60k protocol at
Tab. 2's and D2GV’s native 1080p budgets. D2GV uses its original MLP, sized by parameters read,
with higher PSNR better. Native-budget margins are smallest on UVG-Large ShakeNDry (—0.36 dB,
1/8) and UVG-Small Beauty (+0.004 dB, 9/15).

Split D2GV  DSAD APSNR  wins

Tab. Ebudgets

UVG-Small 32.28 33.33 +1.15 79/98
UVG-Large 32.92 34.11 +1.32 81/98
DAVIS-Small ~ 27.81 31.95 +4.16 53/53
DAVIS-Large  29.84 33.70 +3.86 53/53

D2GV-native budgets

UVG-Small 32.55 33.87 +1.42 85/98
UVG-Large 33.18 34.46 +1.41 80/98
DAVIS-Small ~ 29.32 33.30 +3.98 53/53
DAVIS-Large  30.62 34.41 +3.80 53/53

Table J17: DAVIS pool. Per-scene PSNR differences compare DSAD-GS and the full method
(=263,650 parameters each) with D2GV’s original MLP (287,645 read parameters per GoP). Positive
differences favor DSAD, with GoP wins alongside. Fits use the 60k protocol.

Scene GoPs DSAD-GS wins DSAD  wins
bear 2 +1.21 2/2 +3.99 2/2
bike-packing 2 —0.68 0/2 +1.85 2/2
blackswan 3 +0.87 3/3 +3.69 3/3
bmx-bumps 2 —2.76 0/2 +1.66 2/2
bmx-trees 3 —3.32 0/3 +1.35 3/3
boat 3 4+0.50 3/3 +3.25 3/3
boxing-fisheye 2 —0.85 0/2 +1.92 2/2
breakdance 2 —1.75 0/2 +0.90 2/2
breakdance-flare 2 +0.22 2/2 +1.80 2/2
bus 2 +1.06 2/2 +3.40 2/2
camel 3 +2.93 3/3 +5.98 3/3
car-roundabout 2 —0.26 172 +4.32 2/2
car-shadow 2 —2.21 0/2 +6.17 2/2
car-turn 2 +1.04 2/2 +3.39 2/2
cat-girl 2 —0.63 0/2 +2.67 2/2
classic-car 2 —3.02 0/2 —0.63 0/2
color-run 2 —1.35 0/2 +3.39 2/2
cows 3 +1.04 3/3 +3.21 3/3
crossing 2 +0.34 2/2 +4.45 2/2
dance-jump 2 +0.67 2/2 +3.52 2/2
dance-twirl 2 +0.97 2/2 +3.58 2/2
dancing 2 —2.57 02 —0.47 0/2
disc-jockey 2 —1.22 0/2 +0.63 2/2
dog 2 +0.97 2/2 +2.00 2/2
dog-agility 2 —1.53 0/2 +1.35 2/2
drift-chicane 2 —0.07 0/2 +4.49 2/2
horsejump-high 2 +0.76 172 +5.98 2/2
motocross-jump 2 —4.55 0/2 —0.60 172
parkour 2 +0.13 172 +3.77 2/2
scooter-black 2 —0.46 172 +2.39 172
soapbox 2 +1.38 2/2 +5.10 2/2
train 3 +1.41 3/3 +4.17 3/3
All 70 —0.29 37/710  +2.96 64/70
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Table J18: GoP-length sweep. Mean PSNR compares DSAD and D2GV (original MLP), with
paired differences at fixed per-GoP budgets. Fits use the 60k protocol. Higher PSNR is better.

Data T GoPs DSAD D2GV APSNR wins

Bunny 5 12 40.04 3836 +1.68+0.15 12/12
Bunny 10 6 38.78 36.37  +2.414+0.80 6/6
Bunny 20 3 37.04 3248  +4.55 +2.32 3/3
Bunny 30 2 35.63 2675  +8.87+1.19 2/2

DAVIS 10 12 31.95 2745  +4.50+1.41 12/12
DAVIS 20 6 30.24 2137  +8.86 +1.18 6/6
DAVIS 30 4 28.83 19.88  +8.95+1.39 4/4

jumps at M =768 and 1024) and peaks at M =256 on camel; (within 0.73 dB above 256). Holding
N =27,047 fixed likewise improves PSNR up to M = 1024 on the first three GoPs (5.7-12.8% above
D2GV’s budget from M =768 upward).

Table J19: DAVIS anchor-count scan. Per-GoP totals are at most 263,654, with site counts in the
last row. Bold marks DSAD’s highest PSNR per GoP. The last column gives paired D2GV with its
original MLP and 287,645 read parameters under the 60k protocol.

GoP 128 256 384 512 768 1024 D2GV
bmx-trees 3049 30.85 3143 3190 32.18 32.24 30.70
camely 3275 3292 32,69 32,67 3263 3220 25.62

motocross-jump; 3340 3479 3524 3540 3559 35.76 34.28
motocross-jumpe  30.86  32.37 3298 33.10 3357 33.62 34.09

Sites / Gaussians 28,171 27,047 25924 24,800 22,553 20,306 25,581

Inpainting. Holding out four random rectangular masks (=20% of pixels per frame) across five
DAVIS GoPs under the 60k protocol (Tab.[J20), DSAD improves hole PSNR over nearest-observed-
frame copying by +10.12 dB on average (4+6.30—+14.00 dB) on GoPs labeled moderate by inspection
(4.69 dB below full-frame supervision) and by +0.85 dB on GoPs labeled fast (14.89 dB below full
supervision).

Table J20: DAVIS inpainting. Hole PSNR compares the fit, a copy from the nearest observed frame
and a control that saw every pixel. The last column gives the fit’s observed-pixel PSNR. Fits use the
60k protocol. Higher PSNR is better.

GoP Motion Fit Copy Gain Control Observed
camely moderate 23.98 17.68 +6.30 34.54 31.98
COWS2 moderate 28.40 18.33 +10.07 30.95 31.19
s0apbox 1 moderate 36.83 22.83 +14.00 37.81 36.07
bmx-trees; fast 15.72 15.08 +0.63  30.77 31.46
motocross-jumpy  fast 19.51 1845 +1.06 3423 35.18

Temporal interpolation. Supervising only even frames (0,2, ...) under the 60k protocol and
decoding at held-out odd timestamps (Tab.[J2I), DSAD outperforms linear neighbor blending on the
DAVIS pool by +1.54 £ 2.06 dB (50/70 GoPs won; +1.75dB on interior odd frames excluding the
final extrapolated frame, with 22.41 vs. 33.35 dB under full supervision). Note that on slow, smooth
Bunny scenes, DSAD trails neighbor blending (—0.39 &+ 2.78 dB overall, +0.48 dB interior, 5/13
won; 33.57 vs. 39.20 dB full supervision).

Interpolation against HNeRV-Boost. Under HNeRV-Boost’s Bunny interpolation protocol (130
frames at 1280x 720, odd frames supervised and 65 even frames held out; Tab. , per-GoP DSAD
(60k protocol, 3.00 M) achieves 33.68 dB on held-out frames compared with 29.32 dB for full-clip
HNeRV-Boost [56]] (300 epochs, 3.08 M; +4.36 dB), whereas HNeRV-Boost reaches higher PSNR
on supervised frames (41.21 vs. 39.45 dB) and linear neighbor blending reaches 34.05 dB.

Edge-band metric. On GoP; across all 26 scene—budget pairs of Tab. [2|(120k protocol), we dilate
Canny [6] luma edges (Sobel 90th-percentile high threshold, low at half) by 2 px to form an edge
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Table J21: Temporal interpolation. Mean PSNR on held-out odd frames compares the even-frame
fit, frame blending and full supervision. Higher PSNR is better. Fits use the 60k protocol.

Data GoPs Fit Blend Gain wins Control

DAVIS pool 70 2241  20.87 +1.54  50/70 33.35
Bunny (~3M) 13 3357 3396 —0.39 5/13 39.20

Table J22: Bunny interpolation against HNeRV-Boost. Both methods hold out even-numbered
frames 00002, f00004, ... among frames 1-130 at 1280x720. PSNR averages each set’s frames,
with higher values better. DSAD uses the 60k protocol.

Method Params  Supervised frames  Held-out frames
HNeRV-Boost [56] (our reproduction) 3.08M 41.21 29.32
DSAD (13 GoP fits) 3.00M 39.45 33.68
Linear blend of the supervised neighbors (per GoP) - - 34.05

band covering 20-54% of pixels. DSAD outperforms paired D2GV by +2.77 dB inside the edge
band (21/26 GoPs won) and +1.71 dB outside it (21/26 won), with a larger in-band margin on
20/26 GoPs.

Decoding at a higher resolution. Although site positions and the SAD metric are normalized in
units of max(W, H) (with additive radii rescaled proportionally), decoding 720p fits directly at
1920 %1080 trails bicubic upsampling of the 720p decode across all 151 UVG-Small and DAVIS-
Small GoPs (0.53 and 0.46 dB on average), as sharp cell boundaries between 720p pixel centers are
not constrained during 720p training. Note that we therefore make no super-resolution claim for
DSAD.

Training with exact candidates and SSIM. Using exact top-8 candidates during the final 6k fine
iterations aligns training with exact decoding; an untuned SSIM loss term at D2GV-AR’s weight
lowered both PSNR and MS-SSIM for DSAD on six 120k GoPs (earlier count).

The earlier 60k protocol. Tab. J23] reports the paired comparison at 10k coarse and 60k fine
iterations (D2GV’s original training length), with D2GV sized by all stored parameters and DSAD at
10 numbers per site. Relative to Tab. the main 120k protocol of Tab. [2]stretches both schedules
2x (which benefits D2GV more than DSAD, +0.51 vs. 40.23 dB across 48 earlier-count pairs),
sizes D2GV by decoder-read parameters (20-35% more Gaussians on UVG-Small), and stores 9
numbers per site for DSAD (11% more sites), resulting in smaller margins in Tab. [2|than in Tab.
across every split.

Table J23: Earlier 60k protocol. Both methods use 60k fine iterations with their own schedules
and, except the nine-number row, the earlier count. Quality is per-video PSNR (dB)/MS-SSIM, with
higher values better. Paired margins give DSAD minus D2GV in dB, alongside GoP-budget pairs
won.

UVG-Small UVG-Large DAVIS-Small DAVIS-Large
Method ‘ PSNR MS-SSIM | PSNR MS-SSIM ‘ PSNR MS-SSIM | PSNR MS-SSIM
D2GV [26], original MLP 33.65 09475 |34.84 09568 | 2830 09047 | 3092 0.9519
D2GV [26], lightweight MLP 31.58 09162 |32.18 09220 |27.75 0.8899 | 2847  0.9057
DSAD (10 numbers per site) 3498 09589 | 3595 09668 |33.26 09697 | 3529 0.9799
DSAD (9 numbers per site; no paired margin) 35.10  0.9598 |36.05 0.9674 |33.58 09716 | 3551 0.9804

DSAD (10 numbers per site) — original MLP (wins)
DSAD (10 numbers per site) — lightweight MLP (wins)

+1.46 (79/98) +1.24 (74/98) +5.02 (53/53) +4.41 (53/53)
+3.46 (98/98) +3.90 (98/98) +5.53 (53/53) +6.87 (53/53)

D2GYV capacity and training length. On GoP; across the scene-budget pairs of Tab. 2] under
the 60k protocol (earlier count for DSAD): (1) replacing the 9,678-parameter lightweight MLP
with D2GV’s original 107,646-parameter MLP at equal total budget increases D2GV PSNR by
+2.49dB on average across all 14 UVG GoPs (up to +5.50 dB); (2) sizing original-MLP D2GV by
decoder-read parameters rather than stored parameters adds a further 4+-0.48 dB across all 26 pairs;
and (3) extending fine-stage training 4 x to 240k iterations raises original-MLP D2GV by +0.88 dB
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and DSAD by +0.30 dB across 14 UVG GoPs, narrowing the mean margin from +1.48 to +0.90 dB
(4+0.49 dB with DSAD’s own schedule).

Anchor editing. Setting a single anchor’s displacement coefficients to zero removes one localized
motion mode from the decoded video: across 4 DAVIS GoPs under the 60k protocol, the median
single-anchor edit modifies 2.2-3.5% of pixels (8-bit values) while leaving all remaining pixels
bit-identical.

Rate—distortion with standard compression. We compress trained Bunny parameters (60k protocol,
13 GoPs, 132 frames) post hoc without retraining via uniform scalar quantization (13 bits for site
positions and anchor parameters, 11 for displacement knots, 9 for colors, 8 for radii, orientations,
anisotropies, knot times/bandwidths, and feature knots, and 7 for temperatures), Morton site ordering,
and LZMA, counting every compressed byte. This fixed bit allocation outperforms a uniform bit
width across all ten parameter groups by 8.32dB at equal rate (Tab. and reduces storage to
roughly one-fifth of float32 at a cost of 0.30-0.45 dB (Tab. J24). Interpolated to HNeRV-Boost’s
three operating bitrates, per-GoP DSAD sits 1.42-1.53 dB below full-clip HNeRV-Boost (Tab. [J25).

Table J24: Bunny rate ladder. The 13 GoPs contain 132 frames at 1280 x 720, with rungs indexed by
sites NV, anchors M and knots K. Bpp counts every compressed byte, and A is compressed minus
float32 PSNR. Fits use the 60k protocol. Higher quality at lower bpp is better.

(N, M, Kt) Params/GoP fp32bpp fp32PSNR bpp PSNR MS-SSIM A

2,000, 32,8 20,528 0.070 29.25 0.0166 2894 0.8975 —0.30
5,000, 64, 8 50,056 0.171 32.75 0.0391 3240 09573 —0.35
10,000, 128, 8 100,112 0.342 35.88 0.0757 35.51 0.9805 —0.37
23,381, 256, 8 230,653 0.789 39.20 0.1682 38.81 0.9915 —0.39
27,047,256, 8 263,647 0.902 39.63 0.1914 39.21 0.9923 —-0.41
41,843,256, 8 396,811 1.357 40.71 0.2781 40.26  0.9938 —0.45

Table J25: Matched-rate Bunny comparison. PSNR/MS-SSIM use HNeRV-Boost’s frames 1-130
protocol, with our bytes covering all 132 frames. HNeRV-Boost’s bpp counts Huffman code lengths
and quantizer ranges, omitting tables and tensor shapes. DSAD uses the 60k protocol. Higher quality
is better.

HNeRV-Boost DSAD HNeRV-Boost DSAD

bpp PSNR psNR  APSNR VG SSIML MS-SSIM
0.0491 34.83 3341 —1.42 0.9735 0.9648
0.1013 38.19 36.66  —1.53 0.9874 0.9843
0.2094 40.87 3943 —1.44 0.9931 0.9926

Table J26: Shared bit width versus fixed allocation. The base rung of Tab. covers 13 Bunny
GoPs and 132 frames, with every byte counted. Rows quantize all ten groups at one width with the
remaining procedure unchanged, followed by the fixed allocation. Fits use the 60k protocol. Higher

PSNR/MS-SSIM at lower bpp is better.

Bits per number bpp PSNR  MS-SSIM
7 0.1245  23.94 0.7600
8 0.1502  26.84 0.8866
9 0.1934  31.06 0.9573
10 0.2177  35.12 0.9826
11 0.2442  37.88 0.9902
12 0.2695  39.10 0.9923
13 0.2953  39.48 0.9928

fixed allocation ~ 0.1914  39.21 0.9923
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K Broader impact

DSAD is a per-GoP reconstruction representation rather than a generative model: it refits the frames
it is given and invents no content beyond them (the interpolation and inpainting studies decode
held-out frames and holes from the fitted primitives). As an inspectable primitive representation, it
could be useful for forensic analysis (per-anchor motion energies expose where motion lives), for
video editing (locality of anchors maps to local edits), and for compression research. The same
locality, however, can lower the cost of producing edited or partially synthetic content from a real clip.
We do not view this as a new capability beyond existing primitive video codecs. Downstream systems
that combine DSAD with generative components should still be assessed for manipulation risk. The
data we use are public, depict scenes rather than identifiable individuals at sensitive granularity, and
do not target any decision-making setting.
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