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Abstract

Medical image segmentation remains challenging due to the
vast diversity of anatomical structures, imaging modalities,
and segmentation tasks. While deep learning has made sig-
nificant advances, current approaches struggle to generalize
as they require task-specific training or fine-tuning on unseen
classes. We present Iris, a novel In-context Reference Image
guided Segmentation framework that enables flexible adap-
tation to novel tasks through the use of reference examples
without fine-tuning. At its core, Iris features a lightweight
context task encoding module that distills task-specific infor-
mation from reference context image-label pairs. This rich
context embedding information is used to guide the segmen-
tation of target objects. By decoupling task encoding from
inference, Iris supports diverse strategies from one-shot in-
ference and context example ensemble to object-level context
example retrieval and in-context tuning. Through compre-
hensive evaluation across twelve datasets, we demonstrate
that Iris performs strongly compared to task-specific models
on in-distribution tasks. On seven held-out datasets, Iris
shows superior generalization to out-of-distribution data
and unseen classes. Further, Iris’s task encoding module
can automatically discover anatomical relationships across
datasets and modalities, offering insights into medical ob-
Jjects without explicit anatomical supervision.

1. Introduction

The accurate segmentation of anatomical structures in medi-
cal images is fundamental for clinical practice and biomed-
ical research, enabling precise diagnosis [11, 41] and treat-
ment planning [37]. While deep learning has demon-
strated remarkable success [32, 46], the vast diversity of
anatomical structures, imaging modalities, and clinical tasks
poses long-standing challenges for developing truly gen-
eralizable solutions. Current efforts typically focus on
disease-specific tasks or a limited set of anatomical struc-
tures [7, 13, 14, 17, 20, 27-29, 59], struggling to handle
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Figure 1. Comparison of medical image segmentation approaches.
A) Task-specific models require training separate models for each
task, limiting their flexibility and scalability. B) Multi-task univer-
sal models can handle diverse tasks and imaging modalities, but
fail on novel classes. C) SAM-based foundation models enable
flexible segmentation through user interactions, but impractical for
high-throughput automated processing. D) Our proposed Iris com-
bines automatic processing with flexible adaptation via in-context
learning, enabling both seen and unseen task segmentation without
any manual interaction or retraining.

the heterogeneous landscape of medical imaging that spans
diverse modalities, body regions, and diseases [38, 52].

These task-specific methods show critical limitations
compared to human experts’ capabilities. First, existing
models often perform poorly on out-of-distribution exam-
ples [60]—a common scenario in medical imaging where
variations arise from different imaging centers, patient pop-
ulations, and acquisition protocols. Second, traditional
segmentation models, while achieving a high accuracy on
their trained tasks, lack the adaptability to handle novel
classes without extensive retraining or fine-tuning [56]. This
dilemma fundamentally limits task-specific models’ applica-
bility in dynamic clinical settings and research environments,
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where new segmentation tasks continue to emerge over the

course of real-world practice.

Recent research has explored several directions to address
these challenges (Figure 1). Universal medical segmentation
models [30, 44, 50, 54] attempt to leverage synergy among
multiple tasks across diverse datasets to learn robust repre-
sentations, yet struggling with unseen classes and requiring
fine-tuning. Foundation models with interactive capabilities,
such as SAM [23] and its medical variants [9, 34, 45, 58],
offer flexibility via user prompts. But they require multiple
interactions for optimal segmentation results, especially for
complex 3D structures, and lack the efficiency for large-scale
automated analysis. In addition, in-context learning (ICL)
methods [5, 39] show promise in automatically handling
arbitrary new tasks through a few reference examples, but
current methods exhibit suboptimal performance compared
to task-specific models and suffer from computational in-
efficiencies, requiring expensive reference encoding during
each inference step.

To address these fundamental challenges, we present Iris
framework for universal medical image segmentation via in-
context learning. At its core, Iris features a lightweight task
encoding module that efficiently distills task-specific infor-
mation from reference image-label pairs into compact task
embeddings, which then guide the segmentation of target
objects. Unlike existing ICL methods [5, 39], Iris decouples
the task definition from query image inference, eliminating
redundant context encoding while enabling flexible inference
strategies, all coming with high computational efficiency.

Our main contributions include:

* A novel in-context learning framework for 3D medical
images, enabling a strong adaptation to arbitrary new seg-
mentation tasks without model retraining or fine-tuning.

* A lightweight task encoding module that captures task-
specific information from reference examples, handling
medical objects of varying sizes and shapes.

» Multiple flexible inference strategies suitable for different
practical scenarios, including one-shot inference, context
ensemble, object-level context retrieval, and in-context
tuning.

» Comprehensive experiments on 19 datasets demonstrate
Iris’s superior performance across both in-distribution and
challenging scenarios, particularly on held-out domains
and novel anatomical structures. It extends to reveal the ca-
pability of automatically discovering meaningful anatomi-
cal relationships across datasets and modalities.

2. Related Work

Medical Universal Models. Universal medical image seg-
mentation models aim to address the data heterogeneity
across tasks and modalities while learning generalizable
feature representations. Early works include multi-dataset
learning through label conditioning [12], organ size con-

straints [61], and pseudo-label co-training [19]. Recent
works are placed on sophisticated task encoding strategies.
DoDNet [54] pioneered one-hot task vectors with an exten-
sion into TransDoDNet [49] using transformer backbones.
Advances include CLIP-driven models using semantic en-
codings [30], task-specific heads in MultiTalent [44], and
modality priors in Hermes [13]. UniSeg [50] introduced
learnable task prompts and MedUniseg [51] unified 2D/3D
image handling. Despite of substantial efforts, these uni-
versal models all require fine-tuning when assessing unseen
classes. In contrast, Iris enables the segmentation of un-
seen classes only through a single reference image-label pair
without any model finetuning.

SAM-based Interactive Models. Segment Anything Model
(SAM) [23] emerges as a shifting paradigm of interactive seg-
mentation via its prompt-based architecture and large-scale
training. SAM'’s success has inspired a range of medical
variants. Major examples include MedSAM [34] with 1.5M
image-mask pairs for 2D segmentation, SAM-Med2D [9]
trained on 4.6M images, and SAM-Med3D [45] extending
to volumetric data with 22K 3D images. These efforts all
require multiple prompts and interactive refinements, espe-
cially for analyzing complex objects in 3D scenarios. This
interaction-dependent design becomes a bottleneck in high-
throughput scenarios that an automated processing of large-
scale datasets is much desired. As comparison, Iris addresses
this limitation by defining tasks through context pairs, en-
abling fully automatic segmentation while maintaining a
strong adaptability to new tasks.

Visual In-context Learning. In-context learning as intro-
duced by GPT-3 [4] enables models to handle novel tasks
through example-guided inference without a heavy retrain-
ing. In the vision community, Painter [47] and SegGPT [48]
pioneered in-context segmentation through a mask image
modeling framework. Alternative methods [33, 43, 55] ex-
plored SAM-based approaches through cross-image corre-
spondence prompting, but their two-stage pipeline intro-
duces redundant computation and heavily relies on SAM’s
capabilities, limiting their applicability to 3D medical im-
ages. Neuralizer [10] develop general tools on diverse neu-
roimaging tasks, like super-resolution denosing, etc. Recent
works introduced specialized architectures for in-context
segmentation [36]. For example, UniverSeg [5] is designed
for in-context medical image segmentation, and Tyche [39]
incorporated a stochastic inference. While these methods
demonstrate promising capability on novel classes, they face
two critical limitations. First, they show suboptimal per-
formance compared to task-specific models on the training
distribution. Second, they suffer from computational inef-
ficiencies as they can only segment one anatomical class
per forward pass, requiring multiple passes for multi-class
segmentation. Meanwhile they must re-encode context ex-
amples for each query image even when using the same
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Figure 2. Overview of Iris framework. We design a task encoding module to extract compact task embeddings from reference examples to
guide query image segmentation with the mask decoding module, enabling efficient and flexible adaptation to new tasks without finetuning.

reference examples repeatedly. This becomes particularly
problematic in high-throughput scenarios where multiple
query images need to be processed. In contrast, Iris shows
better performance and efficiency. An appealing design of
our context task encoding module is to decouple task defi-
nition from inference, enabling the encoding of task from
reference pairs into task tokens that can be efficiently reused
across any number of query images, meanwhile multi-class
segmentation can be done within a single forward pass.

The selection of appropriate context examples impacts the
performance of in-context learning. Current methods [57]
employ image-level retrieval strategies using global image
embeddings to find better references. However, this approach
faces significant challenges in medical image analysis where
each image contains multiple classes including structures
like organs, tissues, and lesions. Image-level retrieval in-
evitably averages features across all structures, leading to a
suboptimal reference selection. To address this limitation,
Iris introduces an object-level context selection mechanism
that enables fine-grained matching of individual classes, fo-
cusing on more precise and class-specific reference selection
compared to image-level approaches [57].

3. Method
3.1. Problem Definition

Traditional segmentation approaches follow a task-specific
paradigm, where each model fy, is trained for a specific
segmentation task . Given a dataset Dy = {(x},y!)} ",
containing N, image-label pairs, the model learns a direct
mapping fy, : X — Y from the image space X to the
segmentation mask space ), such that for an image x;, the
predicted segmentation mask is given by y, = fp, (¢).

In contrast, we formulate a in-context medical im-

age segmentation framework. Given a support set S =
{(x%,y2) =y € (X x V)" containing n reference image-
label pairs and a query image x, € X, a single model fy
predicts the segmentation mask y,, for the query image con-
ditioned on S:

9, = folzg:S) = folzg {(25, y0) o) (D

For multi-class segmentation tasks, we decompose the prob-
lem into multiple binary segmentation tasks.

3.2. Iris Architecture

In Figure 2, Iris introduces a novel in-context learning ar-
chitecture that decouples task encoding from segmentation
inference. This design comprises two key components: (1)
a task encoding module that distills task-specific informa-
tion from reference examples into compact task embeddings,
and (2) a mask decoding module that leverages these task
embeddings to guide query image segmentation.

3.2.1 Task Encoding Module.

Given a reference 3D image-label pair (xs,y,) €
RP*XHXW 5 10, 1}P*HXW "our task encoding module ex-
tracts task representations through two parallel streams to
extract comprehensive task representations.

Foreground feature encoding. Medical data volumes
present unique challenges in feature extraction due to the
presence of fine boundary details and anatomical structures
spanning only a tiny portion of voxels. Direct feature pool-
ing at downsampled resolution can lead to information loss
or complete disappearance of these critical regions of in-
terest (ROIs). To address this hurdle, we opt in a high-
resolution foreground feature encoding process. Given fea-
tures F'y € RE*@*hxw extracted by the encoder E, where
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d = D/r,h = H/r,w = W/r are downsampled dimen-
sions with ratio r, we compute the foreground embedding
by:

T ; = Pool(Upsample(F) © y,) € R*¢ 2)
where Upsample(F;) € REXP*XHXW regiores features
to the original resolution. By applying the original high-
resolution mask y directly to the upsampled features, we
ensure a precise capture of fine anatomical details and small
structures that are vital for medical object segmentation.
Contextual feature encoding. The above encoding process
extracted foreground features, but lacks important global con-
text information. We encode these contextual information
using learnable query tokens. To efficiently process high-
resolution features while managing memory constraints, we
employ strategy similar to sub-pixel convolution [42]. For
feature map F'5, we first expand spatial dimensions while
reducing channels:

F’, = PixelShuffle(F,) € RO/ xDxHXW (3

After concatenating with the binary mask y,, we apply a
1 x 1 x 1 convolution and PixelUnshuffle to return to the
original feature resolution:

F, = PixelUnshuffle(Conv(Concat[F",, y ])) € RE*dxhxw

@
This approach permits a memory-efficient, high-resolution,
feature-mask fusion. The merged features F, then interact
with m learnable query tokens through cross-attention and
self-attention layers to produce contextual embedding T'. €
R™*¢ The final task embedding combines both aspects:
T — [Tf, Tc] c R(ﬁL-‘rl)XC'

For multi-class segmentation, we generate separate task
embeddings for each category in y,. This setting maintains
a strong efficiency as the computationally intensive feature
extraction is shared across classes while the task encoding
module remains lightweight.

3.2.2 Mask Decoding Module

The decoder D employs a query-based architecture [8] that
efficiently handles both single and multi-class segmentation
tasks. For a query image with features F', € R¢*dxhxw,
the task encoding module generates class-specific embed-
dings T* € RO"T1DXC for each class k defined in reference
image-label pairs. These embeddings are concatenated into
a combined task representation T = [T*;T?;...; Tk | €
REM+XC where K is the number of target classes and
K = 1 for single-class segmentation. The bidirectional
cross-attention mechanism processes this representation:

F,, T' = CrossAttn(F,,T) (5)
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Figure 3. Iris’s flexible inference strategies. The red arrows indi-
cates gradient backpropagation.

where F, and T" are the updated features. This mecha-
nism enables effective information exchange between class-
specific task guidance and query image features. The final
segmentation mask is predicted in a single forward pass:

g, = D(F,,T') € {0, 1}/** P> (6)

3.2.3 Training.

We train Iris in an end-to-end manner using episodic train-
ing to simulate in-context learning scenarios (details in sup-
plementary). Each training episode consists of sampling
reference-query pairs from the same dataset, computing
task embeddings from the reference pair, and final predict-
ing segmentation for the query image. The model is opti-
mized using a combination of Dice and cross-entropy losses:
Lseqg = Lgice + Lce. To enhance generalization, we employ
data augmentation on both query and reference images, add
random perturbation to query images to simulate imperfect
references, and randomly drop classes in multi-class datasets
to encourage independent class-wise task encoding.

3.3. Flexible Inference Strategies

After training, Iris supports multiple inference strategies
suitable for different practical scenarios (see in Figure 3).
Efficient one-shot inference. With just one reference exam-
ple, Iris first encodes the task into compact embeddings T’
that can be stored and reused across multiple query images.
Unlike major in-context learning methods to recompute con-
textual information for each query image, our design greatly
eliminates redundant computation. Moreover, Iris can seg-
ment multiple classes in a single forward pass, contrasting
with methods (e.g., UniverSeg [5]) that require separate
passes per class. The minimal storage requirement of these
embeddings makes Iris particularly desirable for large-scale
data processing pipelines.
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Table 1. Comparison of segmentation performance across different in-distribution datasets. Values represent mean Dice scores (%).

‘ Dataset ‘

Method AMOS AMOS Auio  BCV Brain CHAOS KiTS LTS MnM StructSeg StuciSeg CSLwar | VO
CT MR PET Tumor Tumor H&N Tho

Task-specific Model (Upper Bound)
nnUNet ‘ 88.67 8542 6721 8338 9412 91.13 81.72  63.11 8559 78.17 88.53 91.11 ‘ 83.18
Multi-task Universal Model (Upper Bound)
Clip-driven 88.95 86.41 70.01 8503 95.06 91.71 8273 6543 86.12 78.44 89.27 90.98 84.18
UniSeg 89.11 86.58 70.09 8542 9529 91.83 8299  65.87 86.29 78.72 89.42 91.23 84.40
Multi-Talent 89.15 86.58 70.89 8520 9577 91.38 8232 6553 86.30 80.09 89.09 91.32 84.47
Positional Prompt
SAM 2223 17.82  20.10 23.34 20.51 20.01 18.21 12.08 10.23 17.23 24.81 13.20 17.97
SAM-Med 2D | 50.12  48.66 38.03 50.32 3528 5032 30.23 2327 40.33 39.32 63.87 34.87 40.58
SAM-Med 3D | 79.19 76.18  67.14 79.89 4229  84.79 7932 3293 5267 68.83 83.56 74.23 68.42
In-Context
SegGPT 45.37 51.78 4829 49.78 8527  63.72 40.78 3598 74.12 40.28 67.28 85.59 57.35
UniverSeg 57.24 5243 4723 4526 87776  60.46 4572 3621 75.24 42.98 66.95 86.68 58.68
Tyche-IS 59.57 5478 5098 47.67 89.28  62.73 49.27  37.02 7892 45.33 69.89 88.99 61.20
Iris (ours) 89.56 86.70  70.02 85.73 96.04 91.85 81.54 65.02 86.08 80.36 89.42 91.97 84.52

Context ensemble. For tasks with multiple reference ex-
amples, Iris supports context ensemble for improving per-
formance. We compute task embeddings for each example
and average them to create a more robust task representation.
This simple averaging strategy combines information from
multiple references while maintaining computational effi-
ciency. We extent context ensemble for classes seen during
training. Specifically, we maintain a class-specific memory
bank that continuously updates task embeddings through ex-
ponential moving average (EMA) during the training process.
This memory bank stores representative task embeddings
for each seen class, enabling direct segmentation for seen
classes during inference without requiring context encoding.

Object-level context retrieval. For multi-class segmenta-
tion with a pool of reference examples, conventional ap-
proaches typically employ image-level retrieval using global
embeddings to select semantically similar references [57].
However, this strategy is suboptimal for medical images
where multiple anatomical structures coexist, as global em-
beddings average features across all structures. To enable
more precise reference selection, we propose an object-level
(class-level) context retrieval strategy. Our approach first
encodes class-specific task embeddings for each reference
example through our task encoding module - for a reference
image with n anatomical classes, we encode n separate task
embeddings. For a query image, we obtain initial object
segmentation masks using task embeddings from a randomly
selected reference. These initial masks are then used to en-
code n class-specific query task embeddings, which are com-
pared with corresponding reference embeddings in the pool
using cosine similarity to select the most similar reference
for each class independently. This fine-grained matching al-
lows different structures within the same query image to find
their most appropriate references, leading to more accurate

segmentation compared to image-level approaches.
In-context tuning. For scenarios requiring adaptation with-
out a full model fine-tuning, Iris offers a lightweight tuning
strategy by optimizing only the task embeddings while keep-
ing the model parameters fixed. This tuning process mini-
mizes the segmentation loss between model predictions and
ground truth by updating the task embeddings through the
gradient descent. In particular, the optimized embeddings
can then be stored and reused for similar cases, offering a
practical balance between adaptation capability and compu-
tational efficiency.

4. Experiment
4.1. Experimental Setup

We evaluate Iris across three key dimensions: in-distribution
performance on trained tasks, out-of-distribution generaliza-
tion to different domains, and adaptability to novel anatom-
ical classes. Additional experiments analyze Iris’s compu-
tational efficiency, inference strategies, and architectural
design choices.

Dataset. Our training data comprises 12 public datasets [3, 6,
15,18, 21,22, 25, 26, 35, 40] spanning diverse body regions
(head, chest, abdomen), modalities (CT, MRI, PET), and clin-
ical targets (organs, tissues, lesions), split into 75%/5%/20%
for train/validation/test. For out-of-distribution evaluation,
we use 5 held-out datasets: ACDC [2], SegTHOR [24], and
three MRI modalities from IVDM3Seg [16] to evaluate ro-
bustness against domain shift; MSD Pancreas (Tumor) [1]
and PelviclK (Bone) [31] datasets are used for novel class
adaptation. We randomly select 20% samples from held-out
sets for testing. Detailed dataset information is provided in
supplementary materials.

Baseline Models. We compare against four categories of
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Table 2. Out-of-distribution comparison on held-out datasets, including generalization capability and performance on unseen classes. Values
represent mean Dice scores (%). All in-context models use one-shot inference.

Method Generalization Unseen Classes

‘ ACDC SegTHOR CSI-inn CSI-opp CSI-fat ‘ MSD Pancreas Pelvic
Supervised Upper Bound
nnUNet ‘ 90.97 89.78 91.23 91.04 90.13 ‘ 54.56 94.73
Task-specific Model
nnUNet-generalize | 82.06 76.92 55.24 85.19 023 | - -
Multi-task Universal Model
CLIP-driven 84.72 78.23 59.73 86.73 1.47 - -
UniSeg 84.98 78.56 60.02 86.13 1.52 - -
Multi-Talent 83.79 78.45 58.29 87.01 1.95 - -
Positional Prompt
SAM-Med2D 42.23 52.37 29.23 32.71 10.91 10.37 35.71
SAM-Med3D 51.49 68.97 45.32 68.72 23.93 15.83 53.61
In-context
SegGPT 73.82 60.98 59.87 77.62 35.27 10.67 55.92
UniverSeg 72.43 54.75 63.48 85.32 52.48 10.28 57.81
Tyche-IS 74.91 56.75 64.23 87.13 55.75 11.97 61.92
Iris (ours) 86.45 82.77 64.44 89.13 47.78 28.28 69.03

methods: (1) Task-specific models: nnUNet [20]; (2) Uni-
versal models: CLIP-driven model [30], UniSeg [50] and
Multi-Talent [44]; (3) Foundation models: SAM [23] and its
medical variants, SAM-Med2D [9], SAM-Med3D [45]; (4)
In-context learning methods: SegGPT [48], UniverSeg [5],
and Tyche-IS [39]. All models are trained on our curated
dataset, except SAM, with 2D models trained on extracted
slices and 3D models with 3D volumes. For SAM-based
methods, we simulate user interactions using ground-truth
labels during training and evaluation.

Implementation Details. Iris uses a 3D UNet encoder
trained from scratch with one-shot learning strategy. We
employ the Lamb optimizer [53] with exponential learning
rate decay (base Ir=2 x 10~3, weight decay=1 x 10~°), train-
ing for 80K iterations with batch size 32 and 2K warm-up
iterations. Data augmentation includes random cropping,
affine transformations, and intensity adjustments. Training
and inference use 128 x 128 x 128 volume size.

4.2. Comparison with the state-of-the-art

Results on in-distribution classes. We evaluate Iris’s per-
formance on twelve diverse medical datasets used during
training. As shown in Table 1, Iris achieves state-of-the-art
performance with an average Dice score of 84.52%, match-
ing or exceeding task-specific and multi-task models that are
optimized for fixed tasks. Existing adaptive approaches show
significant limitations. SAM-based methods perform poorly
due to their strong reliance on simple positional prompts,
with the large performance gap between their 2D and 3D
variants (40.58% vs. 68.42%) highlighting the importance of
3D context. Existing in-context learning methods, like Seg-
GPT, UniverSeg, (best: 61.20%) struggle particularly with
3D tasks like AMOS and LiTS due to their 2D architecture,

though performing better on 2D-friendly tasks like MnM and
CSI-Wat. In contrast, Iris’s 3D architecture and efficient task
encoding enables consistent high-level performance across
all tasks while maintaining its adaptability to unseen novel
anatomical classes.

Results on OOD generalization. We evaluate out-of-
distribution (OOD) performance on five held-out datasets
spanning two types of distribution shifts: cross-center varia-
tion (ACDC, SegTHOR) and cross-modality adaptation (CSI
variants). In Table 2, Iris demonstrates superior performance
across all scenarios, particularly excelling in challenging 3D
tasks and large domain shifts.

Both task-specific and multi-task universal models show
performance degradation, especially failing catastrophically
on CSI-fat with a significant domain gap. While SAM-
based methods demonstrate their resilience to domain shifts
through strong prior knowledge injected from user interac-
tions, their performance remains limited on the volumetric
data. In-context learning methods retain a good performance
with cross-modality adaptation (e.g. on CSI-fat), benefit-
ing from the domain-specific knowledge provided by ref-
erence examples. However, a 2D-slice-based architecture
(e.g., UniverSeg and Tyche) limits its capability on 3D tasks
like SegTHOR. In contrast, Iris’s task encoding module effi-
ciently extracts and utilizes 3D domain-specific information
from the reference examples.

Results on novel classes. To measure the adaptation per-
formance to completely unseen anatomical structures, we
evaluate on MSD Pancreas Tumor and Pelvic datasets. Us-
ing only one reference example, Iris achieves 28.28% on
MSD Pancreas Tumor and 69.03% on Pelvic segmentation,
substantially outperforming other adaptive methods (the best
competitor: 11.97% and 61.92% respectively). This perfor-
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Table 3. Comparison of computational complexity. Empirical
measurements of computation on one NVIDIA A100 GPU. We
inference with 10 query images and one reference image from
AMOS CT dataset with 15 classes. The image size is processed to
128 x 128 x 128 for inference.

Method Inference Time (s) Memory (GB) Parameters (M)
UniverSeg-1 659.4 2.1 1.2
UniverSeg-128 1030.2 12.1 1.2
SAM-Med2D 648.4 1.8 91.1
SAM-Med3D 15.2 2.9 100.5
Iris (Ours) 2.0 7.4 69.4
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Figure 4. Analysis of different inference strategies.

mance gain is particularly notable given that traditional task-
specific models and multi-task models can not handle these
novel classes without retraining. These findings demonstrate
Iris’s strong capability in learning from very limited exam-
ples while maintaining meaningful segmentation quality on
previously unseen anatomical structures.

Efficiency comparison We analyze computational efficiency
for segmenting m query images with n classes using k ref-
erence pairs. Iris achieves superior efficiency through two
key designs: decoupling task extraction from inference and
handling multiple classes in a single forward pass. This re-
sults in complexity of O(k + m) compared to O(kmn) in
methods like UniverSeg that process each class separately
and recompute reference features for every query.

Table 3 compares real-world inference time and memory
usage across methods. While UniverSeg’s slice-by-slice pro-
cessing leads to significant overhead with multiple reference
slices, and SAM-Med3D requires iterative user interactions
(interaction-time not included), Iris efficiently processes en-
tire 3D volumes all at once. For a scenario of segmenting
10 query volumes with 15 classes using one reference vol-
ume, Iris completes in 2 seconds. This efficiency advantage
grows with more context examples due to Iris’s decoupled
architecture eliminating redundant reference processing.

4.3. Analysis

Inference strategy. Figure 4 compares our four inference
strategies. In this experiment, we maintain a pool of all
available context examples and evaluate each strategy’s per-

formance as follows.

Context ensemble randomly selects and averages task em-
beddings from a percentage of the context pool. When using
only one context example (1%), it operates as one-shot in-
ference. Performance of context ensemble keeps improving
with more context examples and eventually saturates. This
strategy is appealing as task embeddings can be precomputed
and ensembled into a single robust embedding, enabling in-
ference speed comparable to regular segmentation models.

Both image and object-level retrieval strategies access
the entire context pool but utilize only the top-k percent
most similar examples as references. While image-level
retrieval [57] compares whole-image features and uses all
task embeddings from the same retrieved images, object-
level retrieval enables more precise reference selection by
matching individual classes. Notably, object-level retrieval
surpasses full context ensemble performance when using
fewer references (e.g., top 10-20%), as it selectively chooses
the most relevant examples for each class rather than aver-
aging all available contexts. To validate robustness to initial
context selection, we conducted experiments for 10 times
with random selection using different percentages of context
samples (1%, 5%, 10%), achieving consistent performance
(mean and standard deviation: 68.94 + 0.83, 71.07 4+ 0.27,
72.87 £ 0.10 respectively). This strategy is particularly valu-
able in clinical settings with large patient databases, where
retrieving similar cases as references can enhance segmenta-
tion accuracy.

In-context tuning optimizes task embeddings initialized
from a random reference. While showing a lower perfor-
mance with limited samples due to overfitting, it achieves
positive results with sufficient tuning data. This approach is
well suited for scenarios with both a large context pool and
available computational resources for fine-tuning.

Overall, Iris offers usable strategies pertinent to differ-
ent real-world scenarios. Object-level retrieval is designed
for high accuracy while requiring access to a large context
pool, e.g. a database of previous patient records. Context
ensemble offers a strong efficiency of response time. Fi-
nally, in-context tuning is applicable when computational
resources and sufficient data support are available.

Task embedding analysis. Iris’s task encoding module dis-
covers meaningful anatomical relationships without explicit
anatomical supervision, learning solely from binary segmen-
tation masks. From Figure 5, the t-SNE visualization of
task embeddings reveals natural clustering of anatomical
structures that transcends dataset boundaries and imaging
modalities. For example, abdominal organs cluster together
despite originating from different datasets and modalities
(e.g., AMOS-CT, BCV in CT; AMOS-MR, CHAOS in MRI).

We find that feature embeddings capture clinically mean-
ingful anatomical similarities that were never explicitly
taught (Figure 5, bottom). Blood vessels like the Inferior
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Figure 5. Top: Visualizing the task embedding with t-SNE. The
color represents dataset, the circle and marks are the classes of the
embeddings. Bottom: Examples of the similar tasks revealed by
the t-SNE result.

Vena Cava (IVC) and Portal/Splenic veins cluster nearby, re-
flecting their shared tubular structure and similar contrast en-
hancement patterns in CT. Similarly, the bladder and prostate
embeddings show proximity due to their shared soft-tissue
characteristics and adjacent anatomical locations. This emer-
gent organization of anatomical concepts demonstrates Iris’s
ability to automatically distill fundamental anatomical re-
lationships across different segmentation tasks, making it
particularly robust for adapting to new anatomical structures.
Generalization performance vs task quantity. We investi-
gate how training data diversity affects Iris’s generalization
by varying the number of training tasks. From Figure 6 (left),
the performance on held-out datasets consistently improves
with more training tasks, particularly when the training sub-
set encompasses diverse anatomical structures and imaging
modalities. We recognize that models trained on datasets
spanning body regions (e.g., brain, chest, and abdomen)
show a stronger generalization compared to those trained on
narrower anatomical ranges. This finding suggests that an
exposure to diverse anatomical patterns is necessary towards
more robust and transferable feature learning.

Ablation study. Table 4 analyzes three key components
of Iris. High-resolution processing proves crucial for small
structures, dramatically improving their segmentation per-
formance from 62.13% to 78.92%. While each component
contributes independently, their combination achieves the
best results across all metrics, demonstrating substantial im-
provements over partial implementations. In Figure 6 (right),
performance improves with more query tokens but saturates
at 10 tokens, which we adopt in our final model to balance
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Figure 6. Left: Number of tasks used for training v.s. Performance
on unseen classes. Right: Ablation on the number of queries.

Table 4. Ablation study of different components in Iris. High-Res:
high-resolution feature processing; Foreground: foreground feature
pooling; Query: query-based contextual encoding.

High-Res Foreground Query In-dist (Avg) In-dist (Small) Out-of-dist

v v 82.10 62.13 62.00
v v 82.47 78.92 65.93
v v 82.06 77.53 64.13
v v v 84.52 80.36 66.95

performance and efficiency.

5. Discussion and Conclusion

We introduce Iris as a novel in-context learning frame-
work that enables versatile 3D medical image segmentation
through only reference examples. Given just one image-label
pair as a reference, Iris can segment arbitrary target classes
in test images without any model modification or retrain-
ing. Iris reveals strong performance on in-distribution tasks
across 12 diverse datasets. Iris’s performance is particularly
evident to distribution shifts and novel unseen classes on
7 held-out test datasets. The key design of Iris is a decou-
pled architecture that enables efficient 3D medical image
processing and single-pass multi-class segmentation. Iris’s
inference strategies are suitable for different practical scenar-
ios, from efficient context ensemble-based data processing,
high-accuracy object-level context retrieval, to in-context
finetuning. Further, Iris’s task encoding module offers an ap-
pealing means to automatically discover meaningful anatom-
ical relationships purely from segmentation masks, allowing
knowledge transfer across different tasks and imaging modal-
ities without explicit anatomical supervision.

Limitations and future work. While Iris demonstrates
promising capabilities, several challenges remain to explore.
The diversity of training tasks could impact the out-of-
distribution generalization, suggesting a critical need for
automated methods to create diverse tasks without manual
annotation. Although Iris shows strong adaptability to novel
tasks, there remains a performance gap with supervised up-
per bounds in certain scenarios. Future investigation will
focus on narrowing this gap and expanding both training and
evaluation schemes to cover a broader spectrum of medical
imaging applications.
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