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Abstract
In-context learning (ICL) offers a promising paradigm for
universal medical image analysis, enabling models to perform
diverse image processing tasks without retraining. However,
current ICL models for medical imaging remain limited in
two critical aspects: they cannot simultaneously achieve high-
fidelity predictions and global anatomical understanding, and
there is no unified model trained across diverse medical imag-
ing tasks (e.g., segmentation and enhancement) and anatom-
ical regions. As a result, the full potential of ICL in medi-
cal imaging remains underexplored. Thus, we present Med-
verse, a universal ICL model for 3D medical imaging, trained
on 22 datasets covering diverse tasks in universal image seg-
mentation, transformation, and enhancement across multi-
ple organs, imaging modalities, and clinical centers. Med-
verse employs a next-scale autoregressive in-context learning
framework that progressively refines predictions from coarse
to fine, generating consistent, full-resolution volumetric out-
puts and enabling multi-scale anatomical awareness. We fur-
ther propose a blockwise cross-attention module that facili-
tates long-range interactions between context and target in-
puts while preserving computational efficiency through spa-
tial sparsity. Medverse is extensively evaluated on a broad
collection of held-out datasets covering previously unseen
clinical centers, organs, species, and imaging modalities. Re-
sults demonstrate that Medverse substantially outperforms
existing ICL baselines and establishes a novel paradigm for
in-context learning.

Code — https://github.com/jiesihu/Medverse
Extended version — https://arxiv.org/pdf/2509.09232

Introduction
Universal medical imaging models trained on large-scale,
diverse datasets represent a significant step toward clinical
AI deployment, exhibiting strong generalization across clin-
ical centers and medical tasks (Butoi et al. 2023; Yang et al.
2024, 2025).

Initially introduced in natural language process-
ing (Brown et al. 2020), in-context learning (ICL) has

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

High-Fidelity

(c) Autoregressive Processing

High-Fidelity

Global Anatomical Awareness
Cross-Patch Consistency

Cross-Patch Consistency Multi-Scale Anatomical Awareness

(a) Sliding Window Processing

(b) Downsample Processing

Target Image

Semantic Context

Prediction

Figure 1: Illustration of different strategies for processing
3D medical images using ICL models. Due to the high reso-
lution of volumetric data, direct end-to-end processing is of-
ten infeasible. The proposed next-scale autoregressive ICL
framework progressively refines predictions from coarse to
fine, producing full-resolution outputs.

recently emerged as a unified paradigm in medical imag-
ing (Butoi et al. 2023; Hu et al. 2024, 2025b; Gao et al.
2025). It conditions on a set of image–label pairs from other
subjects, known as the context, to convey task information.
By varying these context examples, a single model can
perform diverse tasks such as segmentation, transformation,
and enhancement, even including tasks that were not
encountered during training (Czolbe and Dalca 2023).
Unlike traditional adaptation approaches, ICL adapts to
distribution shifts and novel tasks without retraining (Chan
et al. 2022; Reddy 2023), making it particularly suited for
heterogeneous medical imaging scenarios.

SegGPT (Wang et al. 2023b) and Painter (Wang et al.
2023a) have demonstrated the effectiveness of ICL in nat-
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ural image domains. However, their performance is subopti-
mal when applied to medical images. Models such as Uni-
verSeg (Butoi et al. 2023) and One-Prompt (Wu and Xu
2024), trained on medical imaging data, have shown promis-
ing results on 2D medical image segmentation tasks. Neural-
izer (Czolbe and Dalca 2023) further extends ICL to a wider
range of 2D tasks, including denoising and skull stripping.
However, when applied to 3D data, they suffer from the loss
of topological correlations and volumetric context. More re-
cently, Neuroverse3D (Hu et al. 2025a) has extended ICL to
3D neuroimaging by introducing adaptive context process-
ing and architectural designs addressing the computational
challenges of volumetric data.

However, a major challenge is that current models remain
constrained to operate at predetermined low spatial reso-
lutions, which restricts their ability to capture fine-grained
anatomical details and preserve the fidelity of output images.
Attempts to increase output resolution via sliding-window
strategies face the challenge of disrupting the anatomical
continuity of context and target images, which impairs ac-
curate understanding and the transmission of task-specific
guidance from the context. This creates a dilemma for the
development and practical use of ICL models in medical
imaging. Another pressing issue is the absence of a uni-
fied 3D ICL model in medical imaging that is jointly trained
across multiple organs and diverse types of image process-
ing tasks, leaving the full potential of ICL in this domain
underexplored.

To overcome the aforementioned issues, we present Med-
verse, a universal 3D medical image model trained on a di-
verse collection of datasets spanning multiple organs, imag-
ing modalities, clinical centers, and task types, including
universal segmentation, transformation, and enhancement.
We introduce a Next-Scale Autoregressive ICL frame-
work (NA-ICL) that adopts a coarse-to-fine prediction strat-
egy and supports arbitrary input resolutions (Figure 1). By
integrating multi-scale anatomical cues from both context
and target images, NA-ICL effectively balances global se-
mantics with local details, improving prediction accuracy
and producing consistent, full-resolution outputs while mit-
igating sliding-window artifacts. To enhance context per-
ception under complex real-world conditions, we introduce
a Blockwise Cross-Attention Module (BAM), which en-
ables long-range context-target interactions and alleviates
spatial misalignment, while preserving computational and
memory efficiency through spatial sparsity.

Our contributions are summarized as follows:

• We introduce NA-ICL, a next-scale autoregressive in-
context learning framework that enables the model to
perform coarse-to-fine prediction. This allows the model
to leverage global semantics and local details, producing
high-fidelity and spatially consistent, full-resolution out-
puts.

• We introduce BAM, which enables long-range context-
target interactions while maintaining minimal memory
and computational overhead through spatial sparsity.

• Trained on a diverse collection of datasets, Medverse
is extensively evaluated on held-out data spanning un-

seen centers, organs, species, and modalities. It achieves
strong generalization and consistently outperforms ex-
isting in-context learning baselines across segmentation,
transformation, and enhancement tasks.

Method
Under the ICL paradigm, Medverse achieves universality by
learning task-specific guidance from context examples in the
form of image-label pairs. It is capable of performing diverse
tasks by leveraging the rich information embedded in these
contexts.

Next-Scale Autoregressive ICL
Unlike conventional ICL models that utilize only context
from other subjects, our NA-ICL framework provides the
model with both image-label pairs from other subjects and
the model’s coarse predictions at lower resolutions, inspired
by (Tian et al. 2024). This architectural design enables pro-
gressive processing from coarse to fine scales, offering ben-
efits including the integration of multi-scale anatomical in-
formation, improved consistency across patches, and high-
fidelity outputs.
Network Architecture. As shown in Figure 2 (a), the pro-
posed model comprises three 3D U-Net branches that, from
top to bottom, process the autoregressive context, the target
image, and the semantic context. The target image branch
interacts with both context branches through fusion modules
to facilitate the context-target feature interaction.

The autoregressive context comprises the target image
and its associated prediction from a lower-resolution step,
and is treated as a specialized type of context. The semantic
context consists of a set of image-label pairs drawn from
other subjects, providing conventional semantic guidance
for the task. To promote parameter efficiency and shared
contextual understanding, the autoregressive context branch
shares weights with the semantic context branch. To dif-
ferentiate the features from the autoregressive context, we
introduce a learnable autoregressive embedding e ∈ RC ,
which is added to the output of the first layer of the autore-
gressive context branch as follows:

f
′

1,AR = f1,AR + Expand(e), (1)

where f1,AR ∈ RC×H×W×D denotes the feature map from
the first layer and Expand(·) expands the embedding across
spatial dimensions.

Let the semantic context be defined as S(t), which con-
tains a number of image-label examples. t refers to the cor-
responding autoregressive step, which will be detailed later.
Given the target image x(t) and the autoregressive con-
text from the previous step, A(t−1) = (x(t−1), ŷ(t−1)), the
model prediction at step t is computed as

ŷ(t) = F (x(t), S(t), A(t−1)), (2)

where F (·) denotes the prediction function of Medverse. To
efficiently handle a large number of semantic context exam-
ples, we incorporate the adaptive parallel-sequential context
processing module introduced in (Hu et al. 2025a), which
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(a) Model Architecture
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Figure 2: Illustration of our model architecture and the inference pipeline of the next-scale autoregressive in-context learning
framework.

enables scalable context processing with minimal memory
requirements.
Autoregressive Inference Pipeline. Given an input volume
of size (H,W,D), the number of autoregressive steps is

T =
⌈
log2

(max{H,W,D}
I

)⌉
+ 1, (3)

where I × I × I denotes the model’s input patch size. For
step t ∈ {1, . . . , T}, we downsample the input images to(

H(t),W (t), D(t)
)

=
⌈ H

2T−t

⌉
,
⌈ W

2T−t

⌉
,
⌈ D

2T−t

⌉
, (4)

so that the resolution is doubled from level t to t+ 1. We as-
sume that the context and target images share the same spa-
tial dimensions and undergo identical resizing operations.
After the final step t = T , the model outputs a prediction at
the original image resolution.

Figure 2 (b) illustrates the autoregressive inference
pipeline. At step t = 1, the model predicts ŷ(1) =
F (x(1), S(1), A(0)) on the low-resolution input image, cap-
turing global anatomical context, with A(0) initialized as an
empty set. The autoregressive contextA(1) = (x(1), ŷ(1)) is
then passed to step t = 2. At t = 2, the increased resolu-
tion requires the target image x(2) to be split into I × I × I
patches, which are processed with a sliding window to cap-
ture finer anatomical detail. The prediction for each patch
x
(2)
i is then given by ŷ

(2)
i = F (x

(2)
i , S

(2)
i , A(1)

i ). S(2)
i de-

notes the semantic context cropped at the same spatial lo-
cation as x(2)

i to ensure patch-wise alignment. To propagate
global information from coarser scales, the corresponding

region in A(1) of size I
2 ×

I
2 ×

I
2 is extracted, upsampled to

I× I× I , and used asA(1)
i . The same procedure is repeated

for t ≥ 2, with the number of sliding windows increasing as
the resolution increases. A step-by-step pseudocode is pro-
vided in the supplementary material.

Context-Target Fusion Module
Feature interaction between different branches in the net-
work is achieved through fusion modules, enabling the target
branch to effectively incorporate contextual information. As
shown in Figure 2 (a), we perform target-to-context fusion
within the encoder, where features from the target branch
are passed to the context branch, and context-to-target fusion
within the decoder, where features from the context branch
are passed back to the target branch. The use of adaptive
parallel-sequential context processing necessitates this order
of interaction.

The details of the fusion module are illustrated in Fig-
ure 3. The target-to-context module employs the context fea-
ture map as the query, with the target feature map serving as
the source of keys and values. BAM transfers target infor-
mation to the context, after which the output is concatenated
with the original context, compressed by a 1×1×1 convolu-
tion, and added back through a residual shortcut to produce
a target-aware context representation.

The context-to-target fusion module concatenates seman-
tic and autoregressive context features, using the combined
representation as the source of keys and values, with the tar-
get features serving as the query. BAM injects both semantic
and autoregressive contextual guidance into the target repre-
sentation. The resulting features are then similarly passed
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Figure 3: Illustration of fusion modules and the blockwise cross-attention module.

through concatenation, convolution, and a residual shortcut
to produce a context-aware target representation.

Blockwise Cross-Attention Module. Since there is not nec-
essarily strict spatial alignment between the context and tar-
get objects, long-range interactions are crucial for effective
feature fusion. We propose BAM, which enables efficient
long-range feature aggregation with spatial sparsity.

We denote the query feature map by Xq ∈
RC×H′×W ′×D′

, and the key–value map by Xkv ∈
RC×H′×W ′×D′

. The volume is partitioned into p × p × p

non-overlapping blocks, so that each block covers h = H′

p ,

w = W ′

p , and d = D′

p voxels. Let N = hwd denote the
number of voxels per block. After partitioning, we obtain the
blockwise features XBlockwise

q , XBlockwise
kv ∈ RC×N×p×p×p.

The query and key representations for each block are then
computed by mean pooling over the N voxels within the
block:

Q′ =
1

N

N∑
n=1

XBlockwise
q [:, n, :, :, :] ∈ RC×p×p×p, (5)

K ′ =
1

N

N∑
n=1

XBlockwise
kv [:, n, :, :, :] ∈ RC×p×p×p. (6)

To match the input format required by the attention mech-
anism, we transpose and reshape Q′ and K ′ to obtain
Q,K ∈ RB×C , where B = p3 denotes the total num-
ber of blocks. Then, the queries and keys are linearly pro-
jected into a m-dimensional space via learnable matrices
WQ,WK ∈ RC×m. To incorporate spatial priors, we add
a 3D sine–cosine positional embedding P ∈ RB×m to both
branches. In addition, for blocks originating from the autore-
gressive context, we further add a learnable autoregressive
embedding R ∈ Rm, which acts as a marker for features
from the autoregressive branch and is broadcast across all
blocks to shape B ×m. The resulting transformed features
are given by

Q̂ = QWQ + P + 1AR ·R, (7)

K̂ = KWK + P + 1AR ·R, (8)

where 1AR is an indicator that equals 1 if the block comes
from the autoregressive context and 0 otherwise. The block-

level attention weights are as follows:

A = Softmax
(Q̂K̂>√

m

)
∈ RB×B . (9)

To preserve spatial granularity, the value features are
obtained directly from the unpooled input as V ′ =
XBlockwise

kv ∈ RC×N×p×p×p. They are then transposed and
reshaped to match the input format for attention dot-product
computation, yielding V ∈ RB×(CN). The value matrix V
is multiplied by the attention weights to obtain

Ȳ = AV ∈ RB×(CN).

The result is then reshaped back to the original spatial lay-
out, producing the final BAM output:

Ŷ = Reshape
(
Ȳ
)
∈ RC×H′×W ′×D′

.

The computational complexity is thereby reduced to
O(B2), in contrast to the original O

(
(H ′W ′D′)2

)
, while

still preserving long-range interactions and retaining fine-
grained value information. B = p3 is a user-defined
constant that remains fixed across U-Net stages, further
ensuring stable computational cost. Compared to the di-
rect concatenation-based fusion used in (Butoi et al. 2023;
Czolbe and Dalca 2023; Hu et al. 2025a), this cross-attention
fusion approach is better suited for handling spatial mis-
alignment between the context and target objects.

Loss Function
For fair comparison, we adopt the same loss functions as
those proposed in (Hu et al. 2025a). Specifically, a modified
Lsmooth−L1 loss is used for segmentation tasks, while for im-
age enhancement and transformation tasks, the Lsmooth−L1

loss is applied to both image intensity and intensity differ-
ences.

Experiments
Data and Tasks
Datasets. To ensure robust cross-center generalization and
data diversity, we curated a collection of 27 publicly avail-
able datasets spanning multiple imaging modalities and ac-
quisition centers, comprising a total of 40,362 3D scans. The
dataset encompasses widely used medical imaging modali-
ties, including T1, T2, FLAIR, MRA, DWI, ADC, PD, and
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Methods
Fine-

Tuning
Free

Unseen Center Unseen Organ Unseen Species Unseen Modality AverageCerebral
Cortex Hippocampus Thalamus Liver Spleen Kidney

Left
Maxillary

Sinus
Nasal
Cavity

Nasal
Pharynx Mice Lung PET Lateral

Ventricle

Fully Supervised Task-Specific Models (Upper Bound)
nnUNet 7 90.30 90.99 93.89 98.46 96.60 96.06 94.07 91.63 94.63 94.49 84.26 93.22
3D-Unet 7 88.55 89.73 92.88 96.41 96.52 91.10 90.13 89.02 92.64 94.21 82.35 91.23
Swin-UNETR 7 89.78 89.38 92.92 96.49 94.45 94.88 94.79 89.08 93.65 93.21 82.11 91.88

Few-Shot Task-Specific Models
3D-Unet 7 87.90 86.66 90.56 94.95 81.74 81.29 86.77 86.99 90.05 91.89 75.95 86.80
Swin-UNETR 7 87.62 86.30 91.15 94.66 88.64 87.82 87.99 84.96 89.46 91.40 74.40 87.67

ICL Models
SegGPT 3 45.38 28.41 19.56 68.07 39.02 36.15 46.35 52.79 37.25 43.30 42.22 41.68
Neuralizer 3 69.20 57.49 45.11 73.54 52.12 62.71 75.77 64.79 73.65 70.48 51.83 63.34
UniverSeg 3 68.79 59.90 47.57 81.10 57.79 56.76 80.12 75.78 72.64 65.77 48.90 65.01
Neuroverse3D 3 85.69 83.98 89.98 93.67 82.66 75.75 78.08 74.66 87.23 80.55 59.83 81.10
Medverse 3 87.30 82.12 87.65 95.90 91.05 95.31 92.63 78.15 87.13 92.21 70.48 87.27

Table 1: Segmentation comparison across unseen centers, organs, species, and modalities in terms of Dice scores (%). The
context set and the training set for few-shot models are both of size 4.

Methods
Fine-

Tuning
Free

Transformation Enhancement AverageSkull
Stripping

Modality
Transform

Bias
Removal

Gaussian
Noise

Salt
Pepper

Inpain-
ting

Fully Supervised Task-Specific Models (Upper Bound)
3D U-Net 7 26.18 32.97 30.09 31.86 38.22 34.57 32.31
Swin-UNETR 7 25.23 29.75 29.60 29.64 33.29 31.09 29.77

Few-Shot Task-Specific Models
3D U-Net 7 22.78 28.74 27.34 29.22 34.65 32.23 29.16
Swin-UNETR 7 23.64 27.39 27.26 25.08 29.41 25.50 26.38

ICL Models
Painter 3 9.15 13.43 15.60 14.86 13.90 12.38 13.22
Neuralizer 3 21.01 24.71 26.13 13.14 25.26 23.75 22.34
Neuroverse3D 3 26.31 24.37 28.42 25.71 30.65 27.01 27.08
Medverse 3 26.36 24.80 28.48 26.08 32.57 31.51 28.30

Table 2: Performance comparison across image transforma-
tion and enhancement tasks with a context size of 4 in terms
of PSNR. Enhancement tasks are the average over 5 held-out
datasets.

CT, as well as commonly studied anatomical regions such as
the brain, abdomen, prostate, and lung. 22 datasets (Yang
et al. 2023; CAS 2023; Hernandez Petzsche et al. 2022; Liew
et al. 2022; IXI 2015; Hoopes et al. 2022; Marcus et al.
2007; Flanders et al. 2020; ADHD 2011; Jack Jr et al. 2008;
Alexander et al. 2017; Holmes et al. 2015; Gera et al. 2023;
Nugent et al. 2022; Sudlow et al. 2015; Menze et al. 2014;
Litjens et al. 2014; Kuijf et al. 2019; Zeng et al. 2023; Ji
et al. 2022; Luo et al. 2024; Wasserthal et al. 2023; Antonelli
et al. 2022) were used for training and validation with a ran-
dom 9:1 split. The remaining five datasets were reserved as
held-out sets to evaluate generalization to unseen distribu-
tions. These held-out datasets include brain and abdomen
scans from previously unseen centers (Marek et al. 2011;
Ma et al. 2024), the nasal cavity as an unseen anatomical
target (Zhang et al. 2024), mice as an unseen species (Rosen-
hain et al. 2018), and PET as an unseen imaging modal-
ity (Jack Jr et al. 2008). Each held-out dataset was split in
a 5:5 ratio into a meta context set used for semantic context

selection and a test set.

Data Preprocessing. To improve the model’s generalizabil-
ity across acquisition centers, no spatial resampling was ap-
plied. Image intensities were normalized to the range from
0 to 1 using the 0.02 and 0.98 percentile values as lower and
upper bounds, respectively. Segmentation masks were bina-
rized by assigning zero to the background and one to the
foreground.

Tasks. We trained our model on three categories of tasks,
encompassing segmentation, transformation, and enhance-
ment objectives. The segmentation tasks include anatomical
structure delineation across various organs, as well as tumor
and vessel segmentation. The transformation tasks include
arbitrary modality-to-modality transformation and brain ex-
traction for skull stripping. The enhancement tasks involve
improving image quality through bias field correction, im-
age inpainting, and the removal of Gaussian and salt-and-
pepper noise.

Further details regarding datasets, task definitions, train-
ing procedures, and evaluation protocols are provided in the
supplemental material.

Compared Models
Medverse. Both the target and context branches are im-
plemented using a five-stage 3D U-Net architecture (Çiçek
et al. 2016). Each branch begins with 32 channels in the first
stage, with the number of channels doubling at each sub-
sequent stage. The model operates on input patches of size
128× 128× 128. In BAM, p is set to 4, and m is set to 66.

Task-Specific Models. We compared Medverse against
task-specific 3D models. Each task-specific model was
trained directly on the meta context set of the held-out
datasets, thereby mitigating domain shift concerns. This set-
ting reflects the conventional practice in clinical environ-
ments, where models are trained specifically for a given
task. Two backbone architectures were evaluated: a 3D
U-Net, which shares the same architecture and channel
configuration as the Medverse backbone, and the Swin-
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Figure 4: Qualitative results of ICL models on segmentation tasks. For each 3D segmentation target, results are shown from
two views. Red regions indicate segmentation errors. The 2D models take the slice corresponding to the first view as input.
Medverse w/o NA-ICL denotes a variant of Medverse without autoregressive processing.

UNETR (Hatamizadeh et al. 2021). We assessed perfor-
mance under both few-shot and fully supervised learning
scenarios.

Other ICL Models. We compared our method with several
state-of-the-art 2D ICL models, including Painter (Wang
et al. 2023a), SegGPT (Wang et al. 2023b), UniverSeg (Bu-
toi et al. 2023), and Neuralizer (Czolbe and Dalca 2023).
To apply them to 3D data, each 3D target image was sliced
into 2D planes, and 2D predictions were reassembled into
3D volumes for evaluation. Slices covering the target re-
gion were randomly selected to form the 2D context set.
The number of context slices followed the best settings re-
ported in their papers: 1 for Painter, 8 for SegGPT, 32 for
Neuralizer, and 64 for UniverSeg. We also included Neu-
roverse3D (Hu et al. 2025a), an ICL model designed for
3D neuroimaging. Because it only supports inputs of size
128 × 128 × 128, we resized images before inference and
scaled the outputs back to the original resolution. All models
were tested using their publicly available pretrained weights.

Results on Held-Out Dataset

Quantitative Comparison on Segmentation Tasks. Ta-
ble 1 reports the segmentation performance of the mod-
els. Medverse achieves the highest performance among all
ICL methods, surpassing the second-best method, Neuro-
verse3D, by about 6 points in the average Dice score. This
improvement can be attributed to Medverse’s broader train-
ing data coverage and its superior ability to capture fine de-
tails enabled by the NA-ICL framework. 2D models, such
as UniverSeg and SegGPT, exhibit decreased performance
on 3D volumes, primarily due to their tendency to pro-
duce false positives in slices that do not contain the target
anatomy. When compared to few-shot task-specific models,
Medverse achieves similar levels of performance while of-
fering the notable advantage of requiring no task-specific
fine-tuning. These results highlight the strong potential and
practical value of our method. We further evaluate our model

Medverse 
w/o NA-ICL Ground TruthNeuroverse3DTarget Image Medverse
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Figure 5: Qualitative results of 3D ICL models. Medverse
w/o NA-ICL denotes the variant of Medverse without au-
toregressive context. The second row for each task presents
zoomed-in views highlighting differences in generated de-
tails. Neuroverse3D produces outputs with limited resolu-
tion. Red arrows indicate artifacts.

across more classes on the validation set, with results pro-
vided in the Supplementary Table 4.
Quantitative Comparison on Transformation and En-
hancement Tasks. Table 2 presents the performance of dif-
ferent models on transformation and enhancement tasks.
Medverse significantly outperforms other ICL models on
tasks such as inpainting and denoising. Although Medverse
achieves only a modest improvement of 1.22 PSNR over the
second-best Neuroverse3D on average, it preserves the full
resolution of the input image, whereas Neuroverse3D limits
the resolution of its outputs. Despite being the best among
ICL models, Medverse still lags behind the fully supervised
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Figure 6: Performance comparison of ICL models under
varying 3D context sizes.

3D U-Net and shows a performance gap compared to the
few-shot 3D U-Net.

Qualitative Results on Segmentation Tasks. Figure 4
presents the segmentation results of different ICL models.
The 2D models perform reasonably well on individual slices
that contain the target structure but exhibit discontinuities
across adjacent slices, and SegGPT and UniverSeg tend to
produce false positives in slices without the target. Neu-
roverse3D alleviates the limitations of 2D processing but
struggles to generalize to unseen organ. Medverse w/o NA-
ICL refers to applying a sliding window directly, without au-
toregressive context. In this case, the model lacks access to
sufficient global context, leading to unstable predictions. In
contrast, Medverse yields the most accurate and fine-grained
segmentation results.

Qualitative Results on Transformation and Enhance-
ment Tasks. Figure 5 illustrates the performance of 3D ICL
models on skull stripping and Gaussian noise removal tasks.
As shown, Neuroverse3D fails to preserve image resolution,
resulting in a loss of fidelity, whereas Medverse effectively
retains detailed structures. Without the NA-ICL framework,
the model struggles to accurately remove the skull, as hav-
ing access only to local information increases task difficulty.
In the Gaussian noise removal task, stitching artifacts appear
as visible lines, which are substantially mitigated when the
NA-ICL framework is employed.

Additional qualitative results on segmentation, transfor-
mation, and enhancement can be found in the supplementary
material.

Effect of Context Size. Figure 6 illustrates how model per-
formance varies with context size. Consistent with prior
work, all models improve as context increases. For Med-
verse, the Dice score on segmentation rises by 7.28 points
when context grows from 1 to 16, while PSNR increases
by 0.81 and 1.26 for transformation and enhancement tasks.
The larger segmentation gain likely reflects sparser labels,
whereas transformation and enhancement tasks already pro-
vide richer semantic cues, yielding smaller marginal gains.
Medverse consistently outperforms other ICL models. In
transformation tasks, Neuroverse3D performs similarly due
to its neuroimaging training domain but slightly lags be-
cause of lower output resolution.

BAM NA-ICL Seg. (Dice ↑) Tran. (PSNR ↑) Enh. (PSNR ↑)

76.50 24.53 27.45
3 78.90 25.38 27.93
3 3 87.27 25.58 29.66

Table 3: Ablation study on the BAM module and NA-ICL
framework. BAM is replaced with plain feature concatena-
tion when removed, and NA-ICL is replaced with sliding
window processing.

Computational Efficiency. BAM processes only 43 tokens,
adding just 2.01 × 10−1 GFLOPs and 9.18 × 10−4 mem-
ory overhead per context pair. In contrast, standard cross-
attention with 1283 tokens incurs 2.36 × 106 GFLOPs and
2.55 memory overhead, making it computationally imprac-
tical. Additionally, our model maintains a fixed inference
memory usage of 9.14 GB regardless of context size, en-
abled by adaptive parallel-sequential context processing. In-
ference on a 128 × 128 × 128 patch with 8 context sam-
ples and 1 autoregressive context takes only 1.16 seconds,
whereas models like Painter and SegGPT exceed 30 sec-
onds. These properties make our model both efficient and
practical for deployment. Full details are provided in the
supplemental material.

Ablation Analysis of Key Components. Table 3 shows ab-
lations on the BAM module and the NA-ICL framework.
Removing NA-ICL, which replaces coarse-to-fine predic-
tion with direct sliding-window inference, leads to a notable
drop in segmentation performance. This is due to the lim-
ited perspective field of the target image and the loss of
global context guidance. For transformation and enhance-
ment tasks, NA-ICL also improves performance, with one
contributing factor being its ability to enhance consistency
across sliding-window patches. When the BAM module is
removed, feature fusion is instead performed via simple con-
catenation as in (Hu et al. 2025a). The BAM module leads
to overall performance improvements due to mitigating the
adverse effects caused by spatial misalignment between the
context and target images.

Conclusion
We present Medverse, a universal in-context learning model
for 3D medical image analysis that handles segmentation,
transformation, and enhancement across diverse organs,
modalities, and centers. Trained on large-scale heteroge-
neous data, Medverse generalizes to unseen domains with-
out task-specific fine-tuning. To ensure high-fidelity out-
puts, we propose a next-scale autoregressive framework for
multi-scale anatomical awareness and a blockwise Cross-
Attention Module for efficient long-range context–target in-
teraction. Extensive experiments show that Medverse sur-
passes existing ICL models and sets a new paradigm for
universal 3D medical image processing. Despite its limited
parameters and training data, Medverse demonstrates strong
potential for further scaling and broader applications in med-
ical imaging.
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