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Abstract. Rotational digital subtraction angiography (DSA) captures
sparse C-arm projections of beating coronary vasculature over a 5-8s
sweep [(UII], where each frame conflates two temporally distinct pro-
cesses: quasi-periodic cardiac motion deforming vessel geometry and mono-
tonic contrast-agent transport modulating opacity. Under sparse views,
parameterizing both with a single acquisition timestamp is highly am-
biguous. We present CardioGS, a deformation-driven 4D Gaussian Splat-
ting framework that reduces this ambiguity through dual temporal coor-
dinates. A self-supervised ClockNet learns a monotonic cardiac clock
u(r) € [0,1] via Gauss—Legendre quadrature of a bounded instanta-
neous frequency, adapting to heart-rate variability without ECG gat-
ing. Since u(7) is monotonic, quasi-periodicity is imposed through cycle-
consistency regularization on sparse deformation control nodes. Geome-
try is conditioned on the learned clock while appearance is conditioned
on acquisition time in canonical space. On porcine rotational cardiac
DSA with 15-60 views, CardioGS outperforms recent baselines in both
2D synthesis and 3D vessel geometry. The code is available at: https:
//github.com/131366/cardiogs
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1 Introduction

Coronary artery disease is the leading cause of mortality worldwide [I6], and
rotational DSA remains a primary modality for interventional coronary assess-
ment [72JTT]. Reconstructing a temporally coherent 4D model from a single rota-
tional DSA acquisition would enable quantitative analysis of vessel deformation
across the cardiac cycle, yet this task is fundamentally harder than standard
sparse-view CT: during a 5-8s C-arm sweep, every projection is acquired
at a different cardiac phase and a different viewing angle, so the ob-
served intensity variations encode the compound effect of two physically distinct
processes.

Two clocks, one timestamp. The first process is cardiac motion—quasi-periodic
geometric deformation with patient-specific cycle length [I3]. The second is
contrast-agent transport—monotonic opacity evolution over the sweep [7].
Existing methods assign a single timestamp 7 to each projection, making the in-
verse problem highly ambiguous: deformation may absorb photometric changes
and vice versa, especially under sparse sampling (as few as 15 views) [4/18]. R2-
Gaussian [I9] ignores temporal dynamics entirely, producing streaky artifacts
when the contrast agent is unevenly distributed across views. TOGS [20] models
contrast dynamics but assumes static geometry—a design choice that precludes
modeling cardiac motion and causes blurry reconstructions when vessels move.
4DRGS [g] also fixes geometry. Crucially, all three methods keep geometry static;
under sparse views this single-timeline design allows geometric and photometric
changes to freely trade off, producing temporally inconsistent reconstructions.

Our approach. We reduce this ambiguity by routing geometry and appearance
to different temporal coordinates: a learned monotonic cardiac clock u(7) for de-
formation, and acquisition time 7 for opacity. Rather than enforcing periodicity
through a discontinuous modular phase frac(w(r)), we keep u(7) smooth and
monotonic, and impose quasi-periodicity explicitly via cycle-consistency regu-
larization on sparse deformation control nodes [14[3]. The learned clock adapts
to intra-sweep heart-rate variability and concentrates temporal resolution near
periods of rapid cardiac motion. A conditioning curriculum gradually transi-
tions deformation from linear-time to clock-driven conditioning for stable co-
optimization. Our key contributions are as follows:

1. We propose CardioGS, a dual-time 4DGS framework that separates the
modeling of quasi-periodic cardiac motion and monotonic contrast transport,
reducing the ambiguity that single-timeline dynamic methods [I7J12] face
under sparse views.

2. CardioGS comprises: (i) ClockNet, a self-supervised monotonic cardiac clock
learned via Gauss—Legendre quadrature [1]; (ii) a sparse control-node de-
formation graph with cycle-consistency regularization as the explicit quasi-
periodicity mechanism [I43]; (iii) a canonical-space appearance field [T09];
and (iv) a conditioning curriculum for stable co-optimization.
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Fig. 1. Overview of CardioGS. ClockNet estimates a monotonic cardiac clock u(7) to
drive the deformation field, while the appearance field models contrast transport in
canonical space conditioned on 7.

3. Experiments on porcine rotational cardiac DSA (15/30/60 views) with abla-
tion studies demonstrate state-of-the-art performance against R2-Gaussian,
TOGS, and 4DRGS [19/2008].

2 Method

2.1 Problem Formulation

In rotational cardiac DSA, a C-arm system acquires n log-subtracted projections
over Ta5-8s. Let D = {(y;, 7, 7))}, denote the dataset, where y; € RT*W is
the DSA frame, 7; the projection geometry, and 7, =14/n € [0, 1] the normalized
acquisition timestamp. This protocol induces a fundamental view-time cou-
pling: each measurement y; is a projection of the vasculature at a single time in-
stant 7; from a single viewpoint 7;. The observed intensity variations encode two
distinct temporal processes: (1) quasi-periodic cardiac motion modulating vessel
geometry, and (2) monotonic contrast evolution driven by hemodynamics [5]. Un-
der sparse angular sampling, a model parameterized by a single timeline 7 cannot
uniquely attribute intensity changes to geometry or appearance—geometric de-
formation can spuriously absorb photometric fluctuations, and opacity changes
can compensate for unmodeled motion [4/1§].

2.2 Dual-Time Representation with a Learned Cardiac Clock

We separate the temporal coordinates governing geometry and appearance by
introducing a learned monotonic cardiac clock u(7) € [0,1]. Deformation is
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conditioned on u(7); opacity on 7. This architectural separation reduces direct
cross-contamination between deformation and opacity modeling by design. Im-
portantly, u(7) is not a modular phase; quasi-periodicity is enforced explicitly
via cycle consistency (Sec. .

ClockNet: Monotonic Cardiac Clock via Differentiable Quadrature.
ClockNet is a lightweight MLP fy that predicts a bounded instantaneous cardiac
frequency:

fa(T) = fmin + (fmax - fmin) ’ U(MLPG(’Y(T))) ) (1)
where o is the sigmoid, vy(7) is a Fourier positional encoding with L frequen-
cies [I5], and [fimin, fmax) provides physiologically plausible bounds on instanta-
neous heart rate. Since fy(7)> fimin >0, the unwrapped cycle count

w(r) = /O " fo(s) ds @)

is monotonic by construction. We evaluate this integral via @-point Gauss—
Legendre quadrature with precomputed nodes and weights [I], which is fully
differentiable with degree of exactness 2Q —1; @ = 16 (exactness through de-
gree 31) provides ample accuracy for smooth HRV trajectories while avoiding
the overhead and potential instability of adaptive ODE solvers.

Let C=w(1) denote the estimated number of cardiac cycles during the sweep.
We define a normalized cardiac clock coordinate:

w(T)

“N=g

where e =1075. To prevent spurious high-frequency oscillations in f, we apply
a total-variation regularizer:

e [0,1], (3)

Lev =B f5(r)]]- (4)

Remark (why not a modular phase). A modular phase frac(w(7)) introduces
a discontinuity at every cycle boundary (=1 — =0), creating a large numerical
gap between physically adjacent cardiac states that prevents smooth MLP in-
terpolation; our monotonic u(7) avoids this and delegates quasi-periodicity to
cycle-consistency regularization (Sec. . Critically, because u(7) is not auto-
matically periodic, the cycle-consistency loss provides a non-trivial gradient sig-
nal to ClockNet, enabling the reconstruction objective to calibrate the learned
cardiac clock.

2.3 Control-Node Deformation Graph

We represent the canonical vasculature as 3D Gaussians Go = { (12, ¢¥, o)}, 6],
where ¢ is a unit quaternion with R(g}) € SO(3) the corresponding rotation ma-
trix and 02 € R?;O the per-axis scales. To impose spatial smoothness on the defor-
mation field, we parameterize cardiac motion through NV sparse learnable control
nodes {c¢; }é\le whose transformations are interpolated to individual Gaussians
via KNN-RBF weighting [T4/3].



CardioGS 5

Control Node Parameterization. A hash-encoded MLP [10] predicts per-
node transformations:

[Acj (1), 5;()] = Fy (&5, 1), (5)
where Ac; €R? is a translation offset and s; € (0.5,2.0)3 is bounded anisotropic
scale modulation.

Conditioning Curriculum for Stable Co-optimization. Jointly optimizing
ClockNet and the deformation field from scratch creates a cold-start problem:
a randomly initialized cardiac clock provides uninformative conditioning. We
address this with a conditioning curriculum:

t= (1 - B)T+/8u(7)7 B e [Oaﬁmax]v (6)

where § increases linearly during training. At =0, the deformation network is
conditioned on 7, providing a well-posed initialization since temporally adjacent
projections have nearby conditioning values. As 8 — Bmax, conditioning gradually
shifts to the HRV-adapted cardiac clock, which concentrates temporal resolution
near periods of rapid cardiac motion.

KNN-RBF Interpolation. For each Gaussian k, deformation is interpolated
from its 4 nearest control nodes Nj:

wij = exp(=|lpp — c;l*/(2r3)), @iy = wkj/ D iren Wit (7)
k() = p + > Wy Acs (1), (8)
JENK
(1) = 0p © Y xy 55(1), (9)
JEN
Si(t) = R(q)) diag (51 (t)*) R(qp) " (10)

2.4 Quasi-Periodicity via Cycle Consistency on Control Nodes

Since u(7) is monotonic rather than modular, cycle consistency is the primary
mechanism by which CardioGS captures the quasi-periodic nature of cardiac
motion. Let C'=w(1) and define a one-cycle shift in clock space:
1

 C+e

Au (11)
For a sampled u, we compare control-node deformations at u and its nearest
valid one-cycle-shifted counterpart ucyp within [0, 1] (using u+ Aw if feasible,
otherwise u— Au, to avoid boundary extrapolation):

N
Leyce = Er %Z ([Ac; () = Acj(uemp)llr + [155(w) = sj(uemp)ll1) | - (12)

Jj=1
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Table 1. Quantitative comparison on porcine rotational cardiac DSA. Bold: best;
underline: second best.

Views Method CD, HDJ| PSNR{ SSIMt GauN|
R>-Gaussian [19] 10.03 35.09 23.72 0.510 47965
TOGS [20] 24.06 78.63 17.08 0.349 1098058

15  4DRGS [§] 1540 70.71 2517  0.567 218978
w/o Clock 10.93 60.77 2528 0.581 113187
CardioGS 1126 61.96 25.34 0.585 113522
R>-Gaussian [I9] 5.25 12.74 2507 0.562 48577
TOGS [20] 31.54 80.32 17.45 0.359 573952

30 4DRGS [8] 456 14.01 2810 0.673 100509
w/o Clock 3.58 940 28.94 0.690 89641
CardioGS 3.17 9.11 29.30 0.710 87817
R>-Gaussian [T9] 4.27 8.83  26.07 0.609 49252
TOGS [20] 16.68 52.12 14.95 0.323 1241545

60 4DRGS [8] 271 6.95 3059 0.749 80409
w/o Clock 2.28 580 30.68 0.751 89417
CardioGS 242 5.74 30.87 0.753 78719

This regularizer serves a dual role. First, it encourages quasi-periodic deforma-
tion by tying states separated by one estimated cardiac cycle. Second, because
both u(r) and Au=1/(C+¢) depend on ClockNet’s parameters through w(r)
and C'=w(1), the loss provides a self-supervised calibration signal for ClockNet’s
cardiac clock from the reconstruction objective.

2.5 Canonical-Space Appearance Field

To prevent appearance from explaining away geometric motion, we model opacity
in canonical space, querying the appearance field at undeformed positions ug
and conditioning on 7:

a (1) = Ay([Esp(zr), Eap([zk,7])]), (13)

where z;, = (ug—o) /Svol is the normalized canonical coordinate, Esp/Eyp are
hash-grid encoders [10], and A, is a shallow MLP. Because the appearance field
is queried at undeformed positions uf rather than deformed positions pu(t), it
is not directly conditioned on geometric motion; spatial variation it learns is
anchored to canonical anatomy and primarily models contrast-agent dynamics.

3 Experiments

3.1 Experimental Setup

Dataset. We evaluate on a porcine rotational cardiac DSA dataset acquired
with a Neusoft Medical Systems C-arm: 402 log-subtracted projections span-
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Fig. 2. Qualitative comparison across 15, 30, and 60 views. CardioGS produces sharper
vessel boundaries and fewer motion-induced artifacts than static-geometry baselines.
Boxes highlight regions of notable improvement.

ning 240.72° at 648 x 474 px. We uniformly subsample 15, 30, and 60 views,
leaving the remaining views for 2D synthesis evaluation. Ground-truth 3D vessel
volumes are obtained from dense-view FDK reconstruction on all 402 frames.
All animal procedures were approved by the Animal Welfare Ethics Committee
of Beijing Kuibu Shichuang Biotechnology Co., Ltd. (approval no. KBSC21-
2510-04, approved on October 17, 2025) and were conducted in accordance with
institutional and national guidelines for the care and use of laboratory animals.
The dataset is not publicly released due to proprietary restrictions.

Baselines & metrics. We compare against R2-Gaussian [19] (static 3DGS),
TOGS [20] (temporal opacity, static geometry), and 4DRGS [8] (neural opacity,
static geometry). All baselines are trained with default hyperparameters from
their official implementations. To isolate the contribution of the cardiac clock,
we additionally evaluate w/o Clock, an ablation variant that uses our defor-
mation and appearance modules but conditions deformation on 7 directly, omit-
ting ClockNet and cycle-consistency regularization. Metrics: PSNR, SSIM (2D);
Chamfer Distance CD (mm), Hausdorft Distance HD (mm) after ICP alignment
(3D); Gaussian count GauN as a representation compactness indicator [8].
Implementation. All models train 30k iterations on a single A100 (80 GB).
Density control runs iter 500-15k every 200 iter. ClockNet: L = 3, @Q = 16,
Sfmin =0, fmax = 8. Deformation: N = 2048 control nodes, 4 nearest neighbors.
Curriculum: 8 — Bmax over 2k iter warm-up. Agycle =0.2, Ay =0.01. All hyper-
parameters are fixed across view counts.

3.2 Comparison with State-of-the-Art

Table[I] presents quantitative results across three sparsity levels. CardioGS achieves
the best PSNR and SSIM at every view count and the best overall 3D geometry
at 30 and 60 views. Static-geometry methods (TOGS, 4DRGS) degrade substan-
tially at 15 views because unmodeled cardiac motion produces view-inconsistent
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intensity patterns that appearance-only models cannot reconcile. Both CardioGS
variants with deformation achieve the highest rendering quality across all spar-
sity levels, confirming that explicit geometric modeling is essential for temporal
consistency. At 15 views, R2-Gaussian obtains the lowest CD and HD, but this
reflects phase-averaging rather than accurate geometry—its rendering quality is
substantially worse. At n > 30, CardioGS outperforms R?-Gaussian on all met-
rics. At 30 views, adding the cardiac clock reduces CD from 3.58 to 3.17 mm
(—11.5%) and raises PSNR by 0.36 dB. The advantage is consistent across all
view counts, with CardioGS additionally achieving a more compact representa-
tion at 60 views (78.7K vs. 89.4 K Gaussians).

3.3 Ablation Studies

We ablate three key hyperparameters on the 30-view setting (Fig. . (a) Acycle-
Removing cycle consistency (Acycle =0) drops PSNR by 0.85dB and raises CD
by 0.95mm relative to the optimal A¢ycle =0.2, confirming that this regularizer
is essential for both calibrating the cardiac clock and inducing quasi-periodic
deformation; excessively large values over-constrain the deformation field. (b) L
(ClockNet frequencies). Without positional encoding (L=0), ClockNet can-
not represent intra-sweep heart-rate variability, yielding the worst performance
across all ablations (PSNR 27.89, CD 4.65). L = 3 provides sufficient spectral
bandwidth for the smooth frequency trajectory fo(7); larger L introduces un-
necessary high-frequency capacity that encourages oscillatory fy, which the TV
regularizer alone cannot fully suppress. (¢) N (control nodes). N =1K under-
parameterizes the deformation field. N = 8K weakens the spatial smoothness
prior inherent in the sparse control-node design and risks over-fitting to the lim-
ited number of views. N = 2K achieves the best trade-off between deformation
expressiveness and regularization.

(a) Cycle Consistency (b) Spectral Bandwidth (c) Control Node Density

m== PSNR (dB) T .
3051 mem €D (mm) + . . 05

111
rcle

29.30
29.30

ULke bk

Fig. 3. Ablation of key hyperparameters (30 views). Stars mark the chosen config-
uration. (a) Cycle-consistency weight Acycle. (b) Fourier frequencies L in ClockNet.
(c¢) Control node count N.
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4 Conclusion

CardioGS models quasi-periodic cardiac motion and monotonic contrast trans-
port with separate temporal coordinates via a self-supervised monotonic cardiac
clock and cycle-consistency regularization, demonstrating consistent improve-
ments over baselines on sparse-view porcine rotational DSA with the largest
gains at clinically relevant sparsity levels. Single-dataset scope and the quasi-
periodicity assumption under severe arrhythmias are the main limitations; multi-
subject clinical validation and extension to other quasi-periodic organs are nat-
ural next steps.
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