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Abstract. Self-supervised learning (SSL) has emerged as a powerful
paradigm in medical image analysis, but existing SSL frameworks for
multi-sequence MRI often fail to exploit inherent cross-sequence struc-
tural representations or remain agnostic to pathological heterogeneity.
In this paper, we propose Text-guided Invariant Anatomical Learning
(TeInL), a novel SSL framework for multi-sequence brain MRI. TelnL
decouples image representations into sequence-invariant anatomical fea-
tures and sequence-specific style features, enforces structural consistency
by text-image alignment, learns anatomical consistency, and performs
cross-sequence reconstruction. We integrate anatomical phenotypes from
brain atlases and pathological signatures from unsupervised lesion seg-
mentation into our SSL framework via image-text alignment. Aligning
anatomy and pathology-aware textual descriptions with visual features
enables the model to capture fine-grained correspondences between com-
plex structural phenotypes and semantic representations. Extensive ex-
periments across six benchmark datasets covering multi-granularity brain
parcellations, stroke lesions, and brain tumors demonstrate that TelnL
consistently outperforms state-of-the-art SSL methods and reduces an-
notation efforts by at least 40%. Code and pre-trained models will be
available at https://github.com/liangjianwen01/MICCAI2026 TelnL.

Keywords: Self-supervised learning - Multi-sequence MRI - Brain seg-
mentation - Contrastive language-image pre-training.

1 Introduction

Accurate brain segmentation from magnetic resonance imaging (MRI) requiring
expert voxel-level annotations, which are prohibitively expensive and prone to
inter-observer variability. Self-Supervised Learning (SSL) has emerged as a com-
pelling paradigm to mitigate the dependency on large-scale annotated datasets.
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While generic SSL strategies have shown promise in medical imaging [23], they
often treat multi-sequence data as independent samples, failing to exploit struc-
tural correlations across sequences. Clinically, although multiple MRI sequences
are desired [2|, diagnostic priorities often lead to a focus on specific sequences
for high-resolution imaging. For instance, routine neurological screening may
prioritize T1-weighted (T1w), whereas tumor-related diagnostics emphasize T1-
weighted contrast-enhanced (T1ce). Furthermore, retrospective researches pro-
vide abundant multi-sequence MRI data, characterized by significant sequence
inconsistency, such as, the four-sequence for brain tumor patients in BraT$S [2]
and the dual-sequence for healthy cohorts in HCP [18]. Existing multi-modal
methods predominantly rely on fusion strategies that mandate the availability
of a complete set of sequences during training and inference. Therefore, there
is a critical need for a unified SSL framework capable of leveraging diverse and
potentially incomplete and inconsistent multi-sequence MRI data.

On the other hand, advances have underscored the value of injecting medical
priors into SSL. MDM [13] learns brain deformation to enhance representational
capability. Meanwhile, contrastive language-image pre-training (CLIP) has in-
spired innovations in medical imaging. MCLIM [11] leverages Large Language
Models (LLMs) to generate anatomical descriptions from brain atlases, and
then incorporates those atlas priors through vision-language alignment. How-
ever, these methods are primarily tailored for single-sequence and rely strictly on
healthy templates, remaining agnostic to the structural correlations across multi-
sequence MRI and the presence of pathological anomalies. To exploit the richness
of cross-sequence data, BrainMVP [15] introduces a multi-sequence paradigm
that aggregates features via learnable sequence-specific templates. Nevertheless,
its static templates struggle to accommodate high pathological heterogeneity,
exhibiting limited sensitivity to fine-grained abnormalities. Consequently, there
remains a critical gap for a unified SSL framework that can simultaneously cap-
ture cross-sequence anatomical invariants and pathology-aware variations.

In such context, we propose Text-guided Invariant Anatomical Learning
(TeInL), a novel SSL framework for multi-sequence structural brain MRI. TelnL
leverages multi-sequence anatomical invariants for intrinsic supervision while
integrating rich anatomical priors from brain atlases and pathological insights
from unsupervised lesion segmentation. These multi-source priors are injected
into TelnL via granular textual descriptions. While these sources may lack voxel-
level precision, they offer sufficient localization fidelity to provide robust se-
mantic guidance. As illustrated in Fig. 1, TelnL consists of three core compo-
nents: (1) a disentangled representation learning scheme that decouples anatomy
from style, enforcing the capture of invariant anatomical patterns through cross-
sequence reconstruction and structural consistency; (2) a semantic alignment
module that establishes fine-grained correspondences between visual anatomi-
cal features and text embeddings; and (3) a style-alignment mechanism that
maps sequence-specific style prototypes to their corresponding textual descrip-
tions. TelnL achieves state-of-the-art (SOTA) performance across six benchmark
datasets, while significantly reducing the annotation efforts.
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Fig. 1. We illustrate the detailed of the structures description repository (SDR), and
four pre-text tasks: image reconstruction, anatomical consistency learning, image-text
alignment, anatomy and style matching.

2 Methodology

2.1 Structures Description Repository

To address the scarcity of paired image-text data in neuroimaging, we construct
a Structures Description Repository (SDR) by synthesizing textual characteri-
zations from brain atlases that represent expert consensus on neuroanatomical
parcellation. Given that our pre-training cohort includes both healthy individu-
als and tumor patients, relying exclusively on healthy atlas descriptions would be
clinically incongruent. Thus, we extend the semantic space to characterize each
brain structure in three pathological states: healthy, mildly tumor-invaded,
and severely tumor-invaded. We use GPT-5 [16] to transform raw atlas-
based parcellations into structured anatomical knowledge. Specifically, for each
anatomical structure A defined in the Harvard-Oxford cortical and subcortical
atlases [7], we prompt GPT-5 to generate detailed attributes, including its shape
and anatomical location. These attributes are then populated into a predefined
template: “This is a human brain MRI patch including A that is (status of A),
its shape is (shape description), it (anatomical location).” This process yields
a library of structured, pathology-aware textual representations that facilitate
fine-grained vision-language alignment.

2.2 Disentangled Representation Learning

Let XMS ¢ Rs*HXWXD (denote the multi-sequence brain MRI with s (s >
2) sequences, rigidly registered to the MNI152 standard space, and (H,W, D)
denote the spatial dimensions. During pre-training, a single sequence image is
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randomly selected and then cropped into a volumetric patch x € R1*mxwxd e
apply a random masking strategy with a 75% ratio to z, yielding a masked view
z’. A dual-branch encoder is then employed to process z’: the content encoder
extracts sequence-invariant anatomical features V., = he.(2’), while the style
encoder captures sequence-specific style features S, = hge(2').

Dynamic Style Prototypes. To model the intensity distribution of each
sequence, we maintain a set of learnable style prototypes SP = {p*}{_,, where
p* represents the style embedding for the k-th sequence. As illustrated in Fig. 1,
these prototypes are randomly initialized and updated during pre-training via
a momentum-based strategy. updated via a momentum strategy. For a given
sequence k in a mini-batch B, we first compute the centroid of the style features:

P = Nik 3 o), (1)

z' By

where N} is the number of samples of sequence k. The prototype p* is then
updated as p* < m-p* 4 (1 —m) - p*, with the momentum coefficient m = 0.99.

Cross-Sequence Reconstruction. To ensure that the encoded anatomical
features are sequence-agnostic, we introduce cross-sequence reconstruction as a
pre-text task. We use Adaptive Instance Normalization (AdalIN) to inject style
prototypes SP into the decoder. By conditioning the anatomical features V, on
SP, the network is tasked with reconstructing co-located patches across all s
sequences, Tree = g (de(Ver, SP)), Tpee € R¥XMXwXd where h, is the intensity
head. The reconstruction loss is defined by the L2 norm:

Erec:ZHI];ec_xkuz' (2)
k=1

Here, z* denotes the original (unmasked) patch of the k-th sequence. This mech-
anism forces V,s to retain only structural information, as the reconstruction of
any sequence’s intensity profile must rely exclusively on the guidance provided
by the style prototypes.

Anatomical Consistency Learning. To further ensure that the content
encoder extracts sequence-invariant representations, we introduce an anatomical
consistency learning task. For 2’ from sequence k, we crop a spatially aligned
counterpart Z from a randomly selected different sequence j (j # k) of the
same subject. Since the multi-sequence images are rigidly co-registered, ' and
Z share identical anatomical structures. We obtain the anatomical features of z:
Vi = hee(Z). To enforce consistency in the latent space and prevent represen-
tation collapse, we adopt a symmetric consistency loss inspired by SimSiam [6].
Specifically, a predictor head G is used to map the anatomical features of one
sequence to the embedding space of another, and cosine similarity D is used to
measure the distance between the two embeddings. The anatomical consistency
loss Leons is defined as:

Leons Vary Vi) = 1 [D(G(Vyr), stopgrad(Vz)) + D(G(Vz), stopgrad (V)] -

2
(3)



TelnL: An SSL Framework for Multi-sequence Brain MRI. 5

2.3 Image-Language Alignment Learning

Text Embedding. Since XM?5 is registered to the MNI152 space, we apply
the same spatial cropping to the brain atlases as performed for 2’ to identify
the constituent anatomical structures. Meanwhile, we employ LF-SynthSeg [20],
an unsupervised algorithm, to generate tumor pseudo-labels for brain tumor
cohorts. The LF-SynthSeg pseudo labels are used only during pre-training to
provide pathology-aware textual guidance, ensuring tumor-containing samples
are described in a clinically consistent manner. To ensure reliability, samples
with a pseudo-label volume below 500 voxels are excluded. For each structure A,
within patch z’, we calculate the infiltration ratio r based on the pseudo-label.
The pathological status is categorized into three levels: healthy (y* if r = 0),
mildly invaded (y* if 0 < r < 50%), and severely invaded (y* if r > 50%).
Depending on the categorized status, we retrieve the corresponding structured
textual description for A, from the SDR. These descriptions are then encoded
using the pre-trained text encoder h; from Biomed CLIP [21]. Given that a single
patch often encompasses multiple structures, we implement an attention-based
integration mechanism to aggregate multi-structural information into a unified
semantic representation 7, . Specifically, V,. is utilized as the Query, while the
text embeddings of A, serve as the Key and Values.

Anatomy-Text Alignment. We align the anatomical features with the
texture features by the contrastive objective:

exp(ﬁ, . V;,T/T)
S8 eap(Th VA7)

B
1
LI (T Vo) = =5 Y o (4)
=1

L. = EZ’%I +£(I:<—T’ (5)

where B is the batch size, T is the temperature parameter and £ <7 is the image-
to-text counterpart of L. Before computing the contrastive loss, both 7, and
V,» are normalized using the L2 norm. By utilizing masked image patches, the
model is compelled to infer missing spatial structures to achieve effective cross-
modal alignment. To further strengthen the fine-grained correlation between
visual features and the characteristics and pathological status of brain anatomy,
we introduce a pathology-conditioned anatomy matching loss £y 4. Specifically,
we define a multi-label ground truth y = [y%,y%, "] € {0,1}*", where L is the
number of brain structures in atlases, indicating all structures in three patho-
logical states. The matching loss is formulated using binary cross-entropy:

3L

—3p 2 logy; + (1 — ) log(1 —y))] (6)
=1

Lryalyy') =

where y; = o(D(Vy, hi(A;))) represents the predicted probability, indicated by
the similarity between the visual anatomical feature and the text embedding
of a structure-status pair A4; € SDR. Here, ¢ denotes the sigmoid activation
function. Similarly, we employ a style matching loss L£yss, with the same form
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Table 1. Quantitative DSC (meanstq) comparisons with SOTA SSL methods on brain
segmentation. Datasets A, B, C, D, E, and F are respective Mindboggle-101, CADNI,
JHU, BraTS2021, BraTS2021-MEN, and ATLAS2, with the number of segmentation
regions in "()". The best results are highlighted in bold, and the second-best results
are underlined. "*" indicates p < 0.05 in a Wilcoxon matched-pairs signed rank test
when comparing the best and the second-best methods.

Brain Structure Brain Tumor Stroke Lesion

A (101) B (30) C (289) |Average| D (3) E (3) |Average F (1)
Scratch 76.712.95 86.865.28 80.24786| 81.27 |[75.9821.11 70.402578 | 73.19 52.1329.79 73.72
MG (2021) [23] 80.071.6s 86.087.06 77.0611.83| 81.07 |76.0121.42 70.4625.92 | 73.23 51.9129.59 73.59
Tang et al. (2022) [17]| 80.582.44 87.095.97 80.925.65 | 82.86 |79.0120.83 74.9222.08| 76.96 54.5931.37 76.18
PCRLv2 (2023) [22] | 80.411.82 86.915.16 80.636.74 | 82.65 |80.3819.51 73.4024.30 | 76.89 55.5029.76 76.20
MDM (2025) [13] |80.70, ., 87.25, x5 81.17s5s| 83.04 |80.88,, ;o 72.582477| 76.73 | 555471 | 76.35
BrainMVP (2025) [15]/80.601 75 86.934 45 80.905.62 | 82.81 |80.9520.11 76.26,, o5 | 78.60 | 55.91,04, | 76.92
TeInL (Ours) |81.30], 87.34] 79 81.10; 4, | 83.26" |81.7430 75 77.25%3.50| 79.49° | 57.253 55 | 77.67"

Methods Average

as the anatomy-text matching loss (Eq. 6), to align the style prototypes p* with
their respective textual descriptions generated by GPT-5. The entire framework
is pre-trained end-to-end by minimizing the multi-task loss:

L= Erec + Lcons + Ec + ['JWA + ﬁMS- (7)

For downstream segmentation tasks, h.. and d. are transferred for initialization
and the intensity head h, is replaced with a segmentation head h,,.

3 Experiments and Results

3.1 Datasets and Implementation

For self-supervised pre-training, we curate a large-scale, heterogeneous dataset
comprising 4,404 multi-sequence MRI samples (totaling 14,815 volumes). Specif-
ically, we incorporate glioma-related cohorts (BraTS2018 [3], BraTS2020 [14],
BraT$S2021 [2], UPENN-GBM [4], and UCSF-PDGM [5]) covering T1w, T2w,
T1lce, and FLAIR sequences, together with healthy brain datasets (HCP [18] and
IXI) providing T1w, T2w, and PD contrasts. All volumes are rigidly registered to
the MNI152 template via ANTs [1]. To demonstrate the generalizability of TeInL,
we evaluate the framework across three scenarios: (1) multi-granularity whole-
brain parcellation on Mindboggle-101 [9], CANDI [8], and JHU [19] (spanning 30
to 289 structures); (2) stroke lesion segmentation on ATLAS2 [12]; and (3) brain
tumor sub-region segmentation on BraTS2021 [2] and BraTS2023-MEN [10] us-
ing only Tlce. Each dataset is partitioned into training and testing sets with a
60%,/40% ratio. The intensity values of all images are scaled to the range [0, 1]
based on the 1st and 99th percentiles, followed by zero-mean and unit-variance
normalization. Foreground image patches of 96 x 96 x 96 are randomly cropped
and augmented with rotation, gamma correction, and scaling. The network archi-
tecture is implemented using 3D CNN for both the encoder and the decoder. All
experiments are conducted with NVIDIA RTX A6000 GPUs. The temperature
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Fig. 2. Qualitative results from TelnL and comparative methods on representative
images. Regions with visual improvements are highlighted with bounding boxes.

coefficient 7 is set as 0.05. The AdamW optimizer with a cosine learning rate
scheduler is employed to optimize the pre-training and fine-tuning objectives.
For pre-training, we train the model for 100 epochs with 10 warm-up epochs.
For fine-tuning, we train the model for 25,000 iterations with 400 warm-up iter-
ations for all downstream tasks. The batch size is set to 48 and 2, and the initial
learning rate is 1 x 10~% and 4 x 10~* for pre-training and fine-tuning.

3.2 Evaluation Results

Comparisons with SOTA. For a fair comparison, all evaluated methods
are pre-trained from scratch with the same network architecture and dataset.
We quantify the segmentation performance using the Dice similarity coefficient
(DSC) in all experiments. We denote model training from scratch as ’scratch’ in
subsequent sections. As summarized in Table 1, our TelnL obtains the highest
average DSC of 83.26% on brain structure segmentation. Across the three brain
structure datasets, TeInL. demonstrates significant superiority over SOTA meth-
ods on two datasets, except that MDM achieves a marginal advantage of 0.01%
over TeInL on the JHU dataset without statistical significance (p > 0.05). For
segmentation of brain tumor and stroke lesion, TelnL also reaches the best per-
formance with the mean DSC of 79.49% and 57.25% respectively, achieving sig-
nificant improvements of 0.89% and 1.34% over the previous best methods. Col-
lectively, TeInL obtains the best average DSC of 77.67% across all six datasets,
demonstrating its robustness. Qualitative comparisons in Fig. 2 show that our
method exhibits superior discrimination capability in segmenting boundaries of
the cerebellum and the occipital lobe over comparative approaches while achiev-
ing notably higher accuracy in lesion segmentation.

Ablation Studies. We evaluate the contribution of each component in
TelnL. As shown in Table 2, the proposed method significantly outperforms
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Table 2. Quantitative DSC (meanstq) from ablation analysis for the loss terms.
Datasets A, B, C, D, E, and F are respective Mindboggle-101, CADNI, JHU,
BraT$S2021, BraTS2021-MEN, and ATLAS2, with the number of segmentation re-
gions in "()". "*" indicates p < 0.05 in a Wilcoxon matched-pairs signed rank test
comparing the DSC of the pertinent component before and after application."{" in-
dicates the use of text descriptions restricted to healthy anatomical structures and
Litext = Lo+ Laa+ Lus.

Brain Structure Brain Tumor Stroke Lesion

Lrec Leons l:ze’” Licat A (101) B (30) C (289) |Average| D (3) E (3) |Average F (1) Average
Scratch 76.712.95 86.865.28 80.247.86| 81.27 |75.9821.11 70.4025.78 | 73.19 52.1329.79 73.72
v 80.155 54 86.965 75 80.92§ 40 | 82.67" | 80.8159 13 72.0926.37 | 76.45" | 52.2630.73 | 75.53"
v v 80.621.67 4487‘23*.48 81.09 3| 82.98 781‘7079.22 M;4.30 T7AT M;&ss 76.48"
v v v 80.63, 5, 87.115.99 80.576.70 | 82.77 |80.6119.56 71.8323.08 | 76.22 53.1629.58 75.65
VR 7 |81.307 o) 87.34} 7o 81.165.57| 83.26" |81.7430 75 T7.2533 56| 79.49° | 57.2535 o5 | 77.67"
Mindboggle101 CADNI JHU BraTS21 BraTS23-MEN ATLAS2

—
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Label Ratio Label Ratio Label Ratio

o E 0 »
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Fig. 3. Segmentation results of MCLIM with different annotation ratios. The red dot-
ted line represents the performance of scratch with 100% training data.

scratch, improving the average DSC by 3.95% (the 1% line vs. the last line).
Visual pre-text tasks (Lyec and Leons) establish a strong baseline of 76.48%. A
critical observation is that incorporating text descriptions restricted to healthy
anatomy (C:[emt) leads to a performance drop compared to the vision-only base-
line (76.48% — 75.65%, the 37 line vs. the 4t" line), particularly in brain tumor
segmentation where the DSC decreases from 77.47% to 76.22%. This suggests
that inaccurate semantic priors (i.e., describing lesions as healthy tissue) con-
flict with visual features. In contrast, integrating our pathology-aware textual
descriptions (Leq¢) achieves the best performance in all tasks, boosting the aver-
age DSC to 77.67%. On the other hand, as shown in Fig. 3, TeInL demonstrates
superior data efficiency, reducing required annotation efforts by at least 40%

compared to scratch.

4 Conclusion

In this work, we present Telnl., a SSL framework for multi-sequence MRI. By
explicitly disentangling anatomical invariants from sequence-specific styles and
injecting multi-source priors via image-text alignment, TelnL effectively learns
generalized representations from multi-sequence MRI data. A key insight from
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our study is the critical role of pathological awareness in textual guidance to learn
robust representations. Extensive validation across six benchmarks confirms that
TelnL not only establishes new SOTA performance for brain segmentation but
also reduces annotation costs by over 40%. Future work will explore extending
this paradigm to other medical imaging settings and more downstream tasks.
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