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Abstract. Accurate and efficient deformable medical image registra-
tion remains challenging, particularly for high-resolution 3D volumes
where dense multi-scale architectures incur substantial computational
and memory overhead. We propose SPEAR, a scalable error-guided
sparse refinement framework for 3D deformable registration. It leverages
anatomy-aware discrepancy signals to guide targeted sparse refinement,
enabling progressive deformation updates without redundant computa-
tion. Experiments show that SPEAR improves deformation accuracy and
regularity over conventional unsupervised models, while achieving com-
parable performance to recent multi-scale approaches with substantially
lower computational and memory cost. Importantly, the proposed design
scales effectively to high-resolution 3D volumes under constrained GPU
memory. These results demonstrate that structured sparse refinement of-
fers a scalable and balanced solution for deformable medical image regis-
tration. Code: https://github.com/ZedKing12138/SPEAR-registration.

Keywords: Deformable Image Registration · Sparse Refinement · Scal-
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1 Introduction

Deformable medical image registration aims to establish dense voxel-wise anatom-
ical correspondences between volumetric scans and is fundamental to longitudi-
nal analysis [11, 3], atlas construction [1, 8], and image-guided intervention [9].
Learning-based registration frameworks have significantly improved efficiency
over traditional optimization-based methods. Unsupervised approaches such as
VoxelMorph [2] directly optimize image similarity and deformation smoothness,
enabling fast inference without ground-truth deformation fields. Transformer-
based extensions like TransMorph [4] enhance global correspondence modeling
through attention mechanisms. However, they rely on dense convolution or atten-
tion that uniformly operates over the full volume, leading to inefficient modeling
of spatially varying local deformations, especially at high resolution.

To improve alignment precision, recent works adopt multi-scale coarse-to-
fine strategies. Representative approaches such as CorrMLP [14] and SACB-
Net [5] progressively estimate deformation fields across hierarchical resolutions.
⋆ Corresponding author.
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Although multi-scale coarse-to-fine strategies improve alignment accuracy, they
introduce redundant cross-scale computation and high memory overhead. These
limitations are amplified in high-resolution 3D volumes, where costs scale rapidly
with spatial resolution. To satisfy GPU constraints, such models often rely on
aggressive downsampling, potentially compromising fine anatomical alignment.
This calls for a refinement mechanism that selectively focuses computation on
anatomically misaligned regions without redundant dense processing.

Inspired by token stacking strategies in large vision models [13], we propose
SPEAR, a scalable error-guided sparse refinement framework for 3D deformable
registration. Instead of dense multi-scale pyramids, it performs targeted progres-
sive refinement via structured sparse feature injection. Anatomical misalignment
is estimated using segmentation-derived discrepancy signals, which guide region-
wise Top-r routing for selective local refinement under a non-redundant con-
straint. SPEAR improves deformation accuracy and regularity over conventional
unsupervised models, while matching recent coarse-to-fine approaches with sig-
nificantly lower computational overhead. Its structured sparse design enables
scalable high-resolution 3D registration under constrained GPU memory.

The main contributions are summarized as follows.
– We propose SPEAR, a scalable error-guided sparse refinement framework

that replaces dense multi-scale hierarchies with targeted region-wise updates.
– We introduce a strictly non-redundant routing mechanism that enforces com-

plementary local exploration across refinement stages, improving deforma-
tion stability while avoiding redundant computation.

– We demonstrate that SPEAR achieves a favorable balance between registra-
tion accuracy, deformation regularity, and computational efficiency, scaling
effectively to high-resolution 3D volumes under constrained GPU memory.

2 Method

Problem Formulation. Let Ω ⊂ R3 denote the 3D spatial domain. Given a
moving image Im : Ω → R and a fixed image If : Ω → R, deformable registration
aims to estimate a dense deformation ϕ : Ω → Ω such that the warped image
Im ◦ϕ = Im(ϕ(x)) is spatially aligned with If . Instead of directly regressing ϕ in
one step, we adopt a progressive refinement that decomposes large and complex
deformations into a sequence of residual updates.
Framework Overview. Figure 1 illustrates the overall architecture of SPEAR.
Moving and fixed images are first encoded by a shared 3D encoder into hierarchi-
cal token representations. Building on this, SPEAR performs a progressive refine-
ment over N stages. At each stage, a region-wise Top-r sparse routing mechanism
identifies informative token correspondences under a hard non-redundant con-
straint. The selected tokens are then injected into a cross-attention transformer
to predict a residual displacement field, which is composed with previous updates
to iteratively refine the alignment. To further guid the refinement, an error map
computed from the current warped image steers token routing in subsequent
stages, forming an error-driven feedback loop. Notably, sparsity is imposed only
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Fig. 1. Overview of our method. SPEAR first estimates a coarse deformation from
paired global tokens, then progressively refines it using semantic-discrepancy-guided
Top-r sparse routing and token injection. Each stage predicts a dense residual dis-
placement, which is composed into the final deformation. Training uses only image
similarity and smoothness losses, without segmentation or label-overlap supervision.

on token routing and injection, while the residual deformation field is predicted
densely to ensure spatial continuity and smoothness.
Hierarchical Tokenization. A shared encoder E extracts latent feature maps
Fm = E(Im) and Ff = E(If ), where Fm, Ff ∈ RC×H×W×D denote feature
tensors with C channels and spatial resolution H×W×D. Since global attention
scales quadratically with the number of tokens [16], directly constructing dense
voxel-wise tokens for 3D volumes is computationally expensive. We therefore
organize the feature embeddings into a two-level hierarchy of global and local
tokens to balance representation capacity and computational efficiency.

Global Tokens. The feature domain is evenly partitioned into L non-overlapping
volumetric regions {Ωp}Lp=1. In practice, we adopt a 3×3×3 grid, yielding L = 27
global regions. This coarse partition defines structured search units for large-
scale anatomical correspondence. For each region Ωp, a pooled feature vector is
computed as Xg

m(p) = Pool(Fm|Ωp
), Xg

f (p) = Pool(Ff |Ωp
), where Pool(·) de-

notes average pooling. Global tokens summarize coarse anatomical context and
serve as structured anchors for region-wise sparse routing, enabling large-scale
correspondence modeling before fine-grained refinement.

Local Candidate Tokens. Within each global region Ωp, we further subdi-
vide it into K finer subregions {Ωp,k}Kk=1, with K = 27 in our implementation.
Local candidate tokens are defined as Xℓ

m(p, k) = Pool(Fm|Ωp,k
), Xℓ

f (p, k) =
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Pool(Ff |Ωp,k
). All global and local candidate tokens are projected to a unified

embedding dimension d via a shared linear layer before cross-attention. This
hierarchical organization restricts attention to structured local neighborhoods,
enabling fine-grained refinement without constructing explicit multi-scale pyra-
mids. Compared with flat tokenization, it reduces redundant comparisons and
provides an explicit coarse-to-fine matching prior.

To preserve spatial correspondence, we incorporate two positional schemes.
(1) Global Absolute Encoding. Global tokens use 3D sinusoidal encoding based
on the normalized centroid of each region Ωp, providing spatial awareness for
region-level routing. (2) Local Relative Encoding. Local candidate tokens employ
learnable relative offset embeddings to encode their positions within each global
region. Together, these encodings maintain spatial coherence and anatomical
consistency during sparse routing.

Global Coarse Initialization. Before sparse refinement, we first estimate a
coarse global deformation using only global tokens. The cross-attention of moving
and fixed global tokens produces an initial residual displacement u(0), yielding
ϕ(0) = Id + u(0) (Id is the identity map). Subsequent stages focus on structured
local refinement guided by discrepancy signals.

Error-Guided Structured Sparse Refinement. Although hierarchical tok-
enization constrains correspondence within regions, refining all local candidates
remains redundant. We therefore introduce region-wise sparse routing. At stage
i, each local candidate k in region p is assigned a routing score: si(p, k) =
MLP

(
Xg

m(p), Xℓ
m(p, k), e(i−1)(p)

)
, where Xg

m(p) and Xℓ
m(p, k) denote the global

and local tokens, and e(i−1)(p) is the aggregated discrepancy signal. The MLP
outputs a scalar importance score for refinement.

Semantic Discrepancy Guidance. Sparse routing requires a reliable indicator
of anatomical misalignment. Intensity differences are often sensitive to appear-
ance variation and noise. We therefore introduce a segmentation-guided discrep-
ancy signal. A pretrained segmentation network S, trained on the training split
of each dataset, is used as a frozen anatomical feature extractor.

At stage i − 1, we compute the warped image Ĩ
(i−1)
m = Im ◦ ϕ(i−1). Soft

segmentation predictions are obtained as sf = S(If ), sm = S(Ĩ(i−1)
m ), where

sf , sm ∈ RCs×H×W×D denote soft class-probability maps with Cs semantic
classes, and H × W × D matches the spatial resolution of the input volumes.
(1) Voxel-wise Discrepancy. We define the semantic discrepancy at voxel x

as E(i−1)(x) = 1
Cs

∑Cs

c=1

∥∥∥scf (x)− scm(x)
∥∥∥2
2
. This formulation measures class-

probability disagreement, capturing structural misalignment beyond raw in-
tensity differences. To avoid vanishing routing signals in well-aligned regions
and ensure stable aggregation across stages, we apply a constant positive shift
Ê(i−1)(x) = E(i−1)(x)+1. (2) Region-level Aggregation. Region-wise discrepancy
is obtained via pooling: e(i−1)(p) = Poolx∈Ωp

Ê(i−1)(x). The resulting region-
level signal highlights anatomically inconsistent areas and serves as a guidance
factor for structured sparse routing in the next stage.
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Structured Sparse Routing. For each global region p, we select the top-r local
tokens, i.e., Ki(p) = Top-r

(
si(p, 1 : K)

)
. The total number of refined tokens

per stage is L × r (i.e., 27r in our setting). This structured sparsity reduces
local refinement from L×K candidates to L× r, yielding a K

r -fold reduction in
computational complexity. Unlike global Top-r selection, which may concentrate
refinement on a few dominant regions, this region-wise strategy guarantees that
each global region retains r refinement opportunities per stage. This prevents
spatial collapse and maintains uniform modeling capacity across the entire vol-
ume. Although region-wise sparse routing reduces redundancy within a stage,
repeatedly selecting the same subregions across consecutive stages may lead to
oscillatory updates and inefficient refinement allocation. To promote progressive
coverage and stabilize refinement dynamics, we introduce a hard non-redundant
constraint between stages. Let Ki−1(p) denote the set of selected local indices
in global region p at stage i − 1. During stage i, these indices are masked:
s̃i(p, k) = −∞ if k ∈ Ki−1(p); otherwise, it is si(p, k). The Top-r selection is
performed on s̃i(p, k).

This constraint enforces temporal diversity in refinement, encouraging the
model to progressively explore different subregions instead of repeatedly cor-
recting the same local areas. Importantly, the restriction is applied only between
consecutive stages, allowing subregions to be reconsidered after sufficient global
deformation updates. By preventing redundant local corrections, the proposed
mechanism improves refinement efficiency and mitigates local update oscillation.

Dual-Stream Sparse Refinement. The selected sparse candidate tokens are in-
jected into a symmetric dual-stream transformer backbone to progressively up-
date deformation representations. The moving and fixed streams evolve jointly
across stages while preserving a fixed number of global tokens. Let Xg

m, Xg
f ∈

RL×C denote the global tokens extracted from the moving and fixed images.
We initialize H

(0)
m = Xg

m and H
(0)
f = Xg

f . At stage i, the previous repre-

sentations are first updated by a dual-stream transformer block: H̄
(i)
m , H̄

(i)
f =

T (i)(H
(i−1)
m , H

(i−1)
f ). Region-wise sparse routing then selects a Top-r candidate

set per region, from which sparse tokens X̃
(i)
m , X̃

(i)
f ∈ RL×r×C are gathered. In-

stead of concatenating all candidates, we adopt progressive sparse injection. For
k = 1, . . . , r, the streams are updated sequentially:

H
(i)
m,k = P(i)

m,k(H
(i)
m,k−1) + X̃

(i)
m,k, H

(i)
f,k = P(i)

f,k(H
(i)
f,k−1) + X̃

(i)
f,k, (1)

where X̃
(i)
(·),k ∈ RL×C denotes the k-th selected token (one per region). This

sequential injection preserves a constant token dimension and avoids quadratic
growth in token interactions. After r sub-steps, we obtain H

(i)
m and H

(i)
f . A stage-

level cross-attention layer then models inter-stream correspondences: Z(i) =

CrossAttn(H
(i)
m , H

(i)
f ), followed by a lightweight regression head that predicts

the residual displacement u(i) = H(Z(i)).
Composition and Feedback. SPEAR composes N residual displacement fields

as ϕ(i) = ϕ(i−1) ◦ (Id+u(i)), i = 1, . . . , N . After each update, the warped moving
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image is compared with the fixed image to produce an error map, which is fed
back to guide sparse routing in the next stage. This feedback loop lets subsequent
stages focus on the remaining misalignment, yielding the final deformation ϕ =
ϕ(N). This recursive composition supports coarse-to-fine deformation modeling
and stable optimization under large anatomical variations.
Training Objective. We optimize the network using an image-based regis-
tration objective. The segmentation network S used for discrepancy estimation
remains frozen, and no anatomical labels or overlap losses directly supervise the
deformation field. The registration network is therefore optimized by image sim-
ilarity and deformation smoothness, while semantic predictions are used only to
allocate sparse refinement. Hence, the overall objective is defined as

L =

N∑
i=1

λiLsim

(
If , Im ◦ ϕ(i)

)
+ µ

N∑
i=1

Lsmooth(u
(i)), (2)

where λi balances progressive supervision across refinement stages. Similarity
Lsim is measured using normalized cross-correlation (NCC) [2], and smoothness
is enforced via spatial gradient regularization: Lsmooth(u

(i)) = ∥∇u(i)∥22.

3 Experiments

Datasets and Experimental Settings. We evaluate SPEAR on three pub-
lic T1-weighted brain MRI datasets: IXI (581 scans), OASIS (416 scans), and
IBSR18 (18 high-resolution volumes), covering diverse anatomical variability and
spatial resolutions [7, 12, 15]. Images are affinely pre-aligned and intensity nor-
malized. To support the two-level 3× 3× 3 partitioning, volumes are resampled
to resolutions divisible by 9: 1443 (IXI), 162 × 198 × 162 (OASIS), and 2253

(IBSR18). IBSR18 retains larger spatial dimensions for scalability evaluation.
All experiments follow an inter-subject pairwise registration setting with

a 7:1:2 split for training, validation, and testing, ensuring no subject overlap.
Within each subject-wise split, we construct all ordered non-self moving–fixed
pairs. For the four IBSR18 test subjects, this results in 4× (4− 1) = 12 pairwise
evaluations. Notably, training annotations are used solely to pretrain the frozen
auxiliary segmenter, while test annotations are reserved exclusively for Dice eval-
uation; neither is involved in optimizing the registration objective. Deformation
regularity is measured by folding rate (percentage of voxels with det(∇ϕ) ≤ 0).
Efficiency is assessed by inference time, peak GPU memory, and FLOPs under
the stated evaluation protocol.
Implementation Details and Baselines. Experiments are conducted on an
NVIDIA L40S GPU (48GB). We use N = 3 refinement stages with Top-r = 6
region-wise routing. A lightweight 3D U-Net [6] is pretrained on the training split
of each dataset using cross-entropy loss and frozen during registration training.
The shared encoder preserves spatial resolution while progressively increasing
channel dimensions. The dual-stream transformer contains 4 layers with 8 at-
tention heads. The deformation head H consists of two 3×3×3 convolutions pre-
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Table 1. Inter-subject registration results on three public datasets.

Dataset Method Dice ↑ Foldings (%) ↓ Time (s) ↓ Mem(GB)↓ FLOPs(G)↓

IXI

VoxelMorph 0.743±0.130 0.380±0.250 0.2364 9.8 305.36
TransMorph 0.761±0.128 0.785±0.276 0.2538 20.4 396.27
CorrMLP 0.791±0.133 0.158±0.096 0.9261 33.6 601.14
SACB-Net 0.795±0.114 0.089±0.032 1.1563 36.9 673.22
SPEAR (ours) 0.785±0.169 0.112±0.061 0.3492 25.7 423.58

OASIS

VoxelMorph 0.722±0.127 0.394±0.216 0.2834 12.7 384.38
TransMorph 0.738±0.112 0.811±0.243 0.3218 26.5 451.22
CorrMLP 0.769±0.156 0.151±0.080 1.1260 37.9 681.10
SACB-Net 0.778±0.166 0.095±0.041 1.2613 44.3 760.23
SPEAR (ours) 0.753±0.143 0.120±0.065 0.4792 30.2 535.18

IBSR18

VoxelMorph 0.659±0.023 0.452±0.224 0.6431 23.6 502.18
TransMorph 0.696±0.038 0.921±0.452 0.6843 36.8 496.27
CorrMLP 0.614±0.048 1.357±0.622 0.7562 30.2 431.49
SACB-Net 0.619±0.043 1.716±0.735 0.9317 35.7 468.15
SPEAR (ours) 0.722±0.029 0.172±0.051 0.5129 30.9 455.46

dicting residual displacement. Models are trained for 500 epochs using Adam [10]
(initial learning rate 1× 10−4, halved every 150 epochs) with batch size 1.

We compare against four unsupervised registration baselines: VoxelMorph [2],
TransMorph [4], CorrMLP [14], and SACB-Net [5]. On IXI and OASIS, all meth-
ods are trained at full resolution. On IBSR18, CorrMLP and SACB-Net exceed
memory limits at full resolution; thus inputs are downsampled by 2× and their
predicted flows are upsampled to 2253 before warping labels and computing Dice.
Reported runtime, memory, and FLOPs include resampling overhead. There-
fore, IBSR18 is interpreted as a fixed-memory scalability evaluation rather than
a strictly same-input-resolution accuracy comparison. All baselines are trained
using official implementations with identical data splits.
Experimental Results. Table 1 reports quantitative results on our datasets.
Compared with conventional unsupervised models, our method improves regis-
tration accuracy and substantially reduces folding rates, indicating better defor-
mation regularity. Although these lightweight baselines exhibit lower inference
cost, their alignment quality remains inferior. Relative to recent coarse-to-fine
correspondence-based approaches, our method achieves competitive Dice and
folding performance on IXI and OASIS while requiring significantly less inference
time, memory, and FLOPs. The advantage becomes more evident on IBSR18,
which contains higher-resolution volumes. While the evaluated multi-scale base-
lines require input downsampling due to memory constraints, our method op-
erates directly at full resolution and attains the best result among the evalu-
ated IBSR18 configurations. These results demonstrate a favorable accuracy–
efficiency trade-off and a fixed-memory scalability advantage, rather than uni-
versal superiority across all methods and protocols.

Figure 2 presents qualitative comparisons on IXI. Our method improves cor-
tical alignment over VoxelMorph and TransMorph, particularly in sulcal and
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Fig. 2. Qualitative comparison on IXI. Top: warped images (Dice in red). Middle:
deformation grids. Bottom: intensity difference maps between warped and fixed images.

ventricular regions, consistent with quantitative results. VoxelMorph exhibits
irregular grid distortions, and TransMorph shows increased folding. Compared
with CorrMLP and SACB-Net, our method further reduces residual misalign-
ment along fine cortical structures, producing smoother deformation fields.
Ablation Study. We conduct experiments on IXI to assess each component.
(1) w/o Error Guidance: Removing discrepancy-based routing reduces Dice and
increases folding, highlighting the importance of semantic guidance. (2) w/o Hard
Non-Redundant Constraint: Allowing repeated region selection slightly degrades
accuracy and stability, indicating the benefit of non-redundant refinement. (3)
Dense Injection: Replacing sparse Top-r routing with dense fusion yields similar
Dice but significantly increases time and memory, demonstrating the efficiency
advantage of structured sparsity. As shown in Table 2, the full model achieves
the best overall trade-off between accuracy, stability, and efficiency.
Sensitivity to the Routing Budget r.We evaluate r ∈ {3, 6, 9} with N = 3
fixed. Increasing r improves Dice with diminishing returns (0.771 → 0.785 →
0.789), while inference time, memory, and FLOPs grow approximately linearly.
Overall, r = 6 achieves the lowest folding rate and a favorable balance among
accuracy, efficiency, and smoothness; while r = 9 yields the best Dice score.

4 Conclusion

We present SPEAR, an error-guided sparse refinement framework for 3D de-
formable medical image registration. By selectively updating anatomically mis-
aligned regions with non-redundant progressive refinement, SPEAR avoids dense
multi-scale computation while maintaining strong alignment accuracy and de-
formation stability. The proposed design enables efficient high-resolution 3D
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Table 2. Ablation and routing budget analysis on IXI (N = 3).

Ablation (r = 6) Dice ↑ Foldings (%) ↓ Time (s) ↓ Memory (GB) ↓ FLOPs (G) ↓
w/o Error Guidance 0.729±0.152 0.214±0.089 0.341 25.6 390.16
w/o Hard NR 0.775±0.161 0.168±0.072 0.348 25.7 402.67
Dense Injection 0.781±0.158 0.140±0.066 0.612 33.9 810.52
r = 3 0.771±0.174 0.118±0.064 0.312 23.8 366.92
r = 6 (Selected) 0.785±0.169 0.112±0.061 0.349 25.7 423.58
r = 9 0.789±0.165 0.114±0.060 0.388 27.6 480.41

registration under limited GPU memory. Future work will extend the current
evaluation beyond affine-prealigned inter-subject T1 brain MRI and investigate
robustness under stronger domain shifts and non-linear deformations. In addi-
tion, more principled strategies are needed to mitigate potential biases intro-
duced by frozen semantic priors from the auxiliary segmenter. We will further
explore more statistically rigorous evaluation protocols on small-scale datasets
such as IBSR18, and evaluate our method on larger, high-resolution datasets to
further assess its robustness and generalizability.
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