Set-Based Groupwise Registration for
Variable-Length, Variable-Contrast Cardiac MRI

Yi Zhang!, Yidong Zhao!, Tijmen Toxopeus', Maga Bozi¢-Iven!, Sebastian
Weingirtner!, and Qian Tao!

Department of Imaging Physics, Delft University of Technology, The Netherlands

Abstract. Quantitative cardiac magnetic resonance imaging (MRI) en-
ables non-invasive myocardial tissue characterization but relies on robust
motion correction within these variable-length, variable-contrast image
sequences. Groupwise registration, which simultaneously aligns all im-
ages, has shown greater robustness than pairwise registration for motion
correction. However, current deep-learning-based groupwise registration
methods cannot generalize across MRI sequences: the architecture typ-
ically encodes input data as a fixed-length channel stack, which rigidly
couples network design to protocol-specific sequence length, input order-
ing, and contrast dynamics. At inference time, any change in imaging
protocols will render the network unusable. In this work, we introduce
Any®Reg, a new set-based groupwise registration framework that takes
a quantitative MRI sequence as an unordered set. This set formulation
fundamentally decouples network design from sequence length and input
ordering. By utilizing a shared encoder and correlation-guided feature ag-
gregation, Any®Reg constructs a permutation-invariant canonical refer-
ence for registration, and learns a permutation-equivariant mapping from
images to deformation fields. Additionally, we extract contrast-insensitive
image features from an existing foundation model to handle extreme
contrast variations. Trained exclusively on a single public 77 mapping
dataset (STONE, sequence length L = 11), Any®’Reg generalizes to two
unseen quantitative MRI datasets (MOLLI, ASL) with variable lengths
(L € [11,60]) and different contrast dynamics. It achieves strong cross-
protocol generalization in a zero-shot manner, and consistently improves
downstream quantitative mapping quality. Notably, while designed for
quantitative MRI sequences, our framework is directly applicable to Cine
MRI sequences for inter-cardiac-phase registration.
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1 Introduction

Cardiac magnetic resonance imaging (MRI) is essential for diagnosing and mon-
itoring cardiovascular diseases. Modern examinations typically include quantita-
tive mapping, such as the widely used T; mapping [6/4122]5], for non-invasive my-
ocardial tissue assessment. Quantitative sequences estimate parameters by fitting
signal models voxel-wise, assuming strict anatomical alignment across images.
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However, cardiac and respiratory motion cause misalignment, introducing spa-
tial blurring, biased parameter estimates, and increased map uncertainty [I4/T15].
Motion correction is a prerequisite for reliable quantitative cardiac MRI [25127].

Quantitative cardiac MRI sequences are challenging to register. Their imag-
ing protocols have variable sequence lengths L, specific sampling orders, and
different contrast evolution governed by different physical processes [T9I8]. Inter-
frame differences reflect an entangled combination of true motion and physio-
logical signal evolution. This poses significant challenges for traditional pairwise
image registration, which requires a predefined reference image and fails for poor-
contrast images [2/18]. Therefore, groupwise registration is methodologically pre-
ferred, which aligns all images simultaneously to an implicit reference [1229]28].
Classical groupwise registration performs optimization per sequence [12], and is
computationally expensive. Importantly, the optimization scales poorly to se-
quence length and can take minutes to hours for long sequences.

Deep learning provides an amortized alternative to per-sequence optimiza-
tion, significantly accelerating inference [3]. Recent works leverage deep learn-
ing to speed up groupwise registration for practical use [3I20029/18]. However,
existing works predominantly use U-Net-style backbones [24], which hardcode
the input image sequence as a fixed-length, ordered channel stack [I7I28/9JT0].
Such hard-coding of sequence length and order imposes a rigid prior, preclud-
ing generalization to other quantitative sequences with different lengths or con-
trasts. Though some recent works have explored variable-size group modelling
for inter-subject brain MRI atlas construction [11UI], they primarily focus on ho-
mogeneous image contrasts and cannot address the dramatic contrast changes
in cardiac MRI (e.g. contrast nulling, flipping, etc. as shown in Fig. .

In principle, a quantitative MRI acquisition can be viewed as an observa-
tion set, each element being an image, sampled from a physical process (e.g., T3
relaxation). Quantitative mapping operates on the set, where standard fitting
(least-squares minimization) is invariant to permutations in the set. Ideally, mo-
tion correction models should also respect this set symmetry, but most groupwise
registration methods use fixed-channel models [T7[28/9)10], where the sequence
length and frame order critically determine learning, contradicting set symmetry.
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Fig. 1. Cardiac MRI sequences exhibit high heterogeneity across imaging protocols
with different mechanisms (M;) and sequence lengths (L). Analytical models are ex-
pressed by external parameters (red; e.g., inversion times T'I;, preparation Prep;, or
phases t;) and internal properties (dark blue; e.g., 71,77, MBF, My, A, or B).
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Motivated by this critical gap, we propose Any?Reg, a set-based groupwise
registration framework that treats cardiac MRI sequences as unordered sets. In-
stead of fixed-length channel stacking, Any?Reg uses a shared encoder to extract
features per image. It uses correlation-guided aggregation to construct a canon-
ical reference, which is strictly permutation-invariant. Any?Reg enables a new
way of groupwise registration, generalizable to variable-length, variable contrast
cardiac MRI sequences. Our contributions are threefold:

— We introduce Any?Reg, a set-based groupwise registration architecture that
models quantitative MRI sequences as unordered sets. Any?Reg fundamen-
tally decouples network design from sequence length L and acquisition order,
enabling highly efficient and scalable registration of variable-length sequences
with near-linear time complexity w.r.t. L in practice.

— We propose a correlation-guided aggregation module to construct a canonical
reference, and an optional module for contrast-insensitive feature fusion. This
makes Any?Reg applicable to variable-contrast sequences.

— We demonstrate that Any?Reg, trained exclusively on a public 7} database,
achieves strong zero-shot generalization on three unseen cardiac MRI datasets
with varying sequence lengths and image contrasts. It consistently outper-
forms state-of-the-art baselines in registration and downstream mapping.

2 Method

2.1 Problem formulation and set symmetry for registration

Let £2 C R? denote the image domain. A quantitative cardiac MRI baseline
sequence consists of L frames acquired under different settings, represented as
aset Z={I,..., I} with I, : 2 — R. Groupwise registration estimates dense
displacement fields {u;}% ; and transformations ¢; : 2 — §2 defined by ¢;(z) =
x 4+ u;(z), x € 2, mapping all frames to a shared canonical coordinate system.
Let & = {¢1,...,¢1} and I;=1I0 ¢; denote the transformation set and aligned
images, respectively.
The alignment facilitates downstream voxel-wise quantitative mapping. Un-
der ideal alignment, tissue properties ¥ (x) at location x are estimated by
R L
'l/}(m) = arg HEHZ@(IZ(:E), Mz<w(x)))7 S ‘Qa (1)
i=1
where M; is the signal model for the i-th frame under its acquisition settings
(Fig. [1), and ¢ is a pointwise loss. Eq. [1| suggests two structural requirements
for registration: it should generalize across varying L, and respect permutation
symmetry over frame indices {1,..., L}.

2.2 Permutation-equivariant registration network

To handle varying L and frame-index symmetry, the registration operator R :
7 — @ should be permutation-equivariant:

R(r-I)=m-R(I), Vr e St. (2)
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Fig. 2. Comparison of two learning-based groupwise registration designs: (a) The con-
ventional channel stacking design concatenates frames; it is order-sensitive (fq(m
Tseq) 7 7 - fo(Zseq)) and tied to a fixed length L. (b) Set-based design (Any’Reg)
uses shared encoders and a canonical reference T' = I'(Z) broadcasted to all frames; it
enables permutation-equivariant registration (R(7 -Z) = w - R(Z)) for an arbitrary L.

That is, permuting the input frames should only permute the predicted trans-
formations. In groupwise registration, this calls for an order-invariant canon-
ical context to which all frames align. We enforce this with an invariant-to-
equivariant design: a set operator I' constructs a reference, I'(w - Z) = I'(Z),
which is broadcast to all framewise weight-shared branches, thus permutation-
equivariant.

Based on this principle, we propose Any?Reg (Fig. ), a set-based multi-
scale registration network with K scales (k = 1 the finest). At scale k, a frame-

shared encoder extracts per-frame features {zgk)

L_|. An invariant operator I"(*)
aggregates a canonical feature 7F) from {zlgk)} and broadcasts it to all frames.
The concatenated features [zgk), T*)] update the next-scale features and drive a

shared CorrMLP-style decoder [21] to predict incremental transformations qbgk)
The final transformation composes predictions from coarse to fine:

¢ = Mot (6P 001 (a5)), (3)

where 1 () upsamples to the finest grid. Sec. details our instantiation of I"(%).

2.3 Correlation-guided set aggregation

We instantiate the scale-specific invariant operator I'*) using a correlation-
guided principal component (PC) aggregation as in [12/23].

Given scale-k features zZ( ) € ROXHExWi o form vectorized fo-normalized

5 (k)

representations Z;” and compute the frame-wise correlation matrix ck ¢
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REXL. Let v®) be the leading eigenvector (first PC) of C*)| which captures the
principal mode of variation across the sequence. We then aggregate the canonical

feature using the entries vgk) of the v(*):

(k)

L
k) _ (k) (k) k) _ Y
= sz Zi wy = 5 ROK (4)
=1 7j=1 ]

Under a frame-wise index permutation, v( ) (and thus w( )) permutes accord-

RO

ingly. Therefore, with a deterministic eigenvector sign convention of Z =19

0 is permutation-invariant, leading to I"*) ({z(k)}L )

To inject this canonical context back to each frame, we broadcast T*) and
apply a shared update:

zi(kﬂ) = U(CODV(k) ([zgk)7 T(k)])) , (5)

which preserves permutation equivariance since T(*) is shared across frames and
Conv® uses shared weights. The set aggregation operates on a relatively small
L x L matrix, and therefore adds negligible overhead compared with per-frame
convolutions. This is further empirically validated in Sec. [4]

2.4 Auxiliary anatomy-driven feature stream

Anatomy-driven, contrast-agnostic features have been shown to improve learning-
based registration [3/9]; when available from a pretrained model (e.g., a segmen-
tation foundation model), they can be optionally incorporated as an auxiliary
stream. Let g(-) be a frozen feature extractor. For each frame I;, we extract

Fy =g(I;), F;e RO HxWy (6)

Applying ¢ independently to each frame yields a feature set F = {Fy,..., Fp}
that preserves the set structure and permutation equivariance.

The auxiliary stream is encoded in parallel by a frame-shared multi-scale en-
coder hle(k). At each scale, we fuse pretrained features with image-branch features
via a lightweight convolution before applying I"(*). This leads to set aggregation
without altering the permutation-equivariant formulation.

2.5 Loss functions

Using the final warped images I, = I, 0 @i, a correlation-weighted template
is constructed as Tt = Zle w; I; where weights {w;} are computed via the
correlation-guided weighting scheme (Sec. . We use conditional template en-
tropy (CTE) 23] for multi-contrast registration as the dissimilarity function:

Lere(Z,Tr) = (T[\I) H(T |I)=H(T,I)-H(I). (7)

HMh
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When the auxiliary feature stream is utilized, the warped feature maps F, =
F; o ¢; yield the feature template T = ), wy ; F;. The weights {wy ;} are inde-
pendently computed via correlation in the feature space. The total loss is:

L= 'CCTE (:2.7 TI) + )\f»CCTE(J_:.y TF) + )\sﬁsmooth(@) + Acﬁcyclic(@)a (8)

where Lsmooth penalizes displacement gradients to ensure deformation regularity
and Leyalic [29] suppresses non-zero group motion to prevent spatial drift.

3 Experiments

Data. We evaluate four heterogeneous cardiac MRI datasets comprising 2D
short-axis slices (Fig. . In-domain training uses the public STONE dataset
(free-breathing slice-interleaved T mapping; 210 subjects; 1050 slices, 150/30,/30
train/val/test subject-wise split, L = 11) [26/7]. For zero-shot evaluation, we use
an in-house MOLLI dataset (modified Look-Locker 77 mapping; 10 subjects, 60
slices, pre-/post-contrast, L = 11) [22] and an in-house ASL dataset (myocar-
dial arterial spin labeling; 6 subjects; L = 60 via 12 imagesx5 repetitions) [5].
Additionally, we include the public ACDC dataset (bSSFP Cine; test split; 25
subjects, 256 slices; L € [10,30]) [4], which is not a quantitative sequence and
contains regular cardiac motion, for an out-of-distribution stress test.
Evaluation metrics. We report slice-wise all-pair Dice for left ventricle (LV)
and myocardium (Myo) on STONE (expert annotations), and for LV, right ven-
tricle (RV), and Myo on MOLLI, ASL, and Cine using ACDC-trained nnU-Net
predictions [I3] independent of the feature stream. We manually annotate RV
insertion points on STONE and MOLLI to measure target registration error
(TRE). On STONE, we further assess T7 mapping quality via per-pixel curve-
fitting R? and deformation regularity via std(logdet .J).

Baselines and ablations. We compare with Elastix [I6] (optimization-based;
PCA2 similarity [12]; B-spline; 4-pixel spacing), GroupRegNet [29] (channel-
stacked, one-shot), PCA-Relax [28] (channel-stacked learning with PCA2), and
MultiMorph [I] adapted to groupwise registration, including its segmentation-
guided variant (MultiMorph-Seg). We also evaluate Any?Reg without foundation
model features, replace correlation with mean aggregation for ablation. We in-
clude an instance-optimization (IO) [28] variant that refines test cases for 30
inference steps.

Implementation. Images are center-cropped to 192 x 192. The encoder utilizes
K = 4 scales with 16 channels. Auxiliary anatomical features are derived from a
pretrained Reverse Imaging segmentation foundation model [30] trained on the
ACDC train split. For MultiMorph-Seg, official STONE annotations are used.
Models are trained for 50 epochs via AdamW (Ir 10™%) with Ay = 0.5, Ay =
10, and A, = 0.05. For fair comparison, MultiMorph optimizes the same CTE
loss; all hyperparameters are tuned on the STONE validation with comparable
std(log det J) and folding ratios < 10~°. One-shot GroupRegNet optimizes from
random initialization for 250 steps. Any?Reg 10 refines for 30 steps (Ir 3 x 107?).
Implementation used PyTorch 2.8.0 on an NVIDIA RTX5090. Code and weights
are available at https://github.com/YiZhang025/Any2Reg.


https://github.com/YiZhang025/Any2Reg

Any®Reg for Variable-Length and Contrast-Diverse Cardiac MRI 7

Table 1. Main quantitative results for in-domain (STONE) and three cardiac MRI
datasets. oiog|s] = std(logdet J) x 107 2. - indicates not applicable due to sequence
length constraints; Best /Second mark the best and second-best results.

STONE MOLLI ASL Cine
Method
Dice 1 TRE |  o0j5g)7) 4 Dicet TRE | Dice 1 Dice 1

Raw 78.8+7.1 4.1941.26 / 78.6+14.8 3.164+1.50 76.7£7.8 79.1+4.8
Elastix 85.0£5.4 3.46+1.08 12.74+4.5 79.24+14.3 3.10+1.32 79.4+8.1 86.8+3.8
GroupRegNet 83.0£6.2 3.60+1.04 9.3+3.5 79.74+14.6 3.09+1.36 78.6+£8.5 80.5+4.7
PCA-Relax 80.6£6.6 4.01+1.16 14.0+4.7 78.24+14.8 3.13+1.49 - -
MultiMorph 83.1£6.4 3.77x1.15 14.7£1.9 78.44+14.3 3.11+£1.39 75.2+5.7 84.8+4.3

MultiMorph-Seg  85.0£5.9 3.71+1.17 15.2+2.2 78.8+14.1 3.18+1.36 76.9+6.4 86.1+3.9

Any?Reg w/o FM 84.245.9 3.65+1.11 8.3+1.4 78.94+14.5 3.174+1.43 79.0£7.2 89.5+2.7
Any?Reg mean 86.4+£4.8 3.23+0.86 14.2+1.6 84.7+14.7 3.02+0.97 80.3£7.7 89.9£2.5
Any?Reg 86.94+4.7 3.18+0.88 12.3£3.0 84.8£14.8 2.96+0.96 80.5+£7.9 89.8+2.5
Any?Reg 10 86.9+4.4 3.14+0.83 13.7+3.1 84.94+15.0 2.98+0.95 80.6+7.6 90.9+2.1

4 Results and Discussion

Main performance. Table [I] presents quantitative results for in-domain and
zero-shot cross-protocol scenarios. On STONE, Any?Reg+10 achieves the high-
est Dice and lowest TRE. The default Any?Reg consistently outperforms U-Net
baselines across all datasets. Ablation on aggregation shows Any?Reg surpasses
mean aggregation (Any?Reg mean) in quantitative MRI datasets, validating that
correlation yields a more informative canonical representation under contrast
variation. Any?Reg w/o FM also outperforms baselines in zero-shot cases; this
confirms that set-based aggregation improves generalization independently of the
anatomy-driven features. Strong zero-shot performance on Cine shows robust
generalization to a completely different spatiotemporal sequence. In contrast,
fixed-length channel-stacked method PCA-Relax fails on ASL and Cine due to
sequence-length constraints.
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0 1 2 3 4 0.70 0.75 0.80 085 090 095 1.00
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= Any’Reg 10 @ Any’Reg === Elastix Any’Regw/o FM GroupRegNet MultiMorph-Seg MultiMorph Raw

Fig. 3. 1 mapping quality on STONE (LV{Myo). (a) Slice-wise mean R?. Slice po-
sition: base (0) to apex (4). Any*Reg IO demonstrates the best alignment at all slice
positions. (b) R? survival curves show Any>Reg has consistently higher fitting quality
as a result of superior alignment.
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Raw (no reg) Elastix GroupRegNet ~ MultiMorph ~MultiMorph-SegAny’Reg w/o FM  Any’Reg Any’Reg 10

k. -

Fig. 4. Qualitative result on a representative STONE sequence with 77 map, fitting
uncertainty SDr, (), and pixelwise fitting R? (1). White arrows indicate the location of
large motion. Both Any?Reg and Any?Reg IO yield clear 71 maps with high precision.

Scalability analysis. We evaluated Any?Reg’s scalability up to L = 512.
Any®Reg inference scales linearly (~2.4 ms per additional image), taking ~0.2
s at L = 64 and ~1.2 s at L = 512. The correlation aggregation GPU runtime
overhead remains negligible (< 4%). The 30-step IO variant also scales linearly
(~12 s at L = 64). Conversely, conventional method (Elastix) grows superlin-
early (~70 s at L = 64; ~260 s at L = 128).

Quantitative Mapping. Figure [3] illustrates the benefits for downstream T}
mapping, wherein Any?Reg maintains the highest R? survival rates. The most
substantial margin is observed in the base segment, where motion degrades
alignment. Qualitatively, as shown in Figure [ imprecise registration mixes
the signal contributions from adjacent tissues across frames. This degrades the
quality of fit, resulting in reduced R? values and high T} fitting uncertainty
(SD7,) [14]. Any?Reg effectively resolves these motion artifacts, achieving a su-
perior fit (R? = 0.866, SD7, = 91.5ms) in high precision (low SDr,) 77 maps.

5 Conclusion

We propose a new way of groupwise registration, Any?Reg, which can operate
on variable-length, variable-contrast image sequences of cardiac MRI. Any?Reg
reformulates groupwise registration as a set-to-set prediction problem, and com-
pletely eliminates the rigid coupling of sequence length and image order in con-
ventional channel-stacked architectures. Trained solely on one quantitative MRI
sequence, Any?Reg achieves robust zero-shot generalization across heterogeneous
MRI protocols, including unseen quantitative sequences and spatiotemporal Cine
sequences. It improves spatial alignment and downstream quantitative mapping
over state-of-the-art baselines while maintaining speed advantage. Any?Reg pro-
vides a highly scalable and robust solution for registering cardiac MRI, and its
generic setup enables extension to other medical image registration applications.
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