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Abstract

The recently emerged in-context-learning-based (ICL-
based) models have the potential towards the unification
of medical lesion segmentation. However, due to their
cross-fusion designs, existing ICL-based unified segmen-
tation models fail to accurately localize lesions with low-
matched reference sets. Considering that the query itself
can be regarded as a high-matched reference, which bet-
ter indicates the target, we design a self-referencing mech-
anism that adaptively extracts self-referring indicator vec-
tors from the query based on coarse predictions, thus ef-
fectively overcoming the negative impact caused by low-
match reference sets. To further facilitate the self-referring
mechanism, we introduce reference indicator generation to
efficiently extract reference information for coarse predic-
tions instead of using cross-fusion modules, which heavily
rely on reference sets. Our designs successfully address the
challenges of applying ICL to unified medical lesion seg-
mentation, forming a novel framework named SR-ICL. Our
method achieves state-of-the-art results on 8 medical lesion
segmentation tasks with only 4 image-mask pairs as refer-
ence. Notably, SR-ICL still accomplishes remarkable per-
formance even when using weak reference annotations such
as boxes and points, and maintains fixed and low memory
consumption even if more tasks are combined. We hope that
SR-ICL can provide new insights for the clinical application
of medical lesion segmentation.

1. Introduction
Medical lesion segmentation (MLS) is an important subtask
in the field of medical image analysis with high research
value and rich clinical applications [33]. MLS tasks encom-
pass various medical imaging modalities, such as computed
tomography (CT), magnetic resonance (MR), and optical
coherence tomography (OCT), and various lesions in dif-
ferent body regions, such as colon polyps, thyroid nodules,
and brain tumors. Automatic and accurate segmentation of
lesions in medical images is an important means of assist-
ing clinical medical diagnosis. In recent years, deep learn-
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Figure 1. Illustration of different ICL-based unified segmenta-
tion frameworks. (a) In current ICL-based models, different ref-
erence sets lead to contrasting results due to cross-fusion mech-
anisms. High-matched reference enhances query features, while
low-matched reference contaminates them. (b) Our solution: Indi-
vidually extract information from reference sets and queries, adap-
tively extracting information from the query itself for lesion seg-
mentation.

ing methods have become the dominant solution for MLS
tasks [14, 34, 48, 59].

Due to the diversity of modalities and lesions, previ-
ous methods typically train a separate set of parameters for
each modality and each type of lesion to accomplish spe-
cific tasks. Traditional segmentation models [6, 21, 35]
fail to use a single set of parameters to accomplish vari-
ous challenging MLS tasks. Inspired by the unified inter-
active segmentation model SAM [25], MedSAM [29] ac-
complishes unified interactive medical segmentation based
on large-scale hybrid medical datasets. However, the inter-
active model requires weak annotation of each query im-
age, making it difficult to apply in practice. Recently, many
in-context-learning-based (ICL-based) segmentation mod-
els have emerged. Benefiting from the ICL paradigm [30],
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these generalist models [3, 49, 50] learn unified representa-
tions across a large number of diverse tasks, thereby acquir-
ing few-shot transfer capabilities, i.e., reference sets with
the same category can indicate the target. UniverSeg [5] and
One-Prompt [54] successfully adapt ICL to unified medical
segmentation, demonstrating few-shot segmentation capa-
bilities.

However, existing ICL-based methods face two conju-
gate challenges: 1) Low-matched reference sets lead to er-
roneous predictions. 2) The cross-fusion designs of refer-
ence and query features result in heavy reliance on reference
sets, exacerbating the first problem. As shown in Fig. 1 (a),
query features are “contaminated” after being cross-fused
with low-matched reference, i.e., noises are introduced to
query features, while “enhanced” with high-matched refer-
ence, leading to significantly contrasting results. Reference
selection strategies [18, 42, 58] address the first challenge
while seeking high-matched reference sets among numer-
ous images brings additional computational consumption,
neglecting the second challenge. In contrast, considering
that the query itself can be seen as a high-matched refer-
ence without annotation, we can efficiently construct a high-
matched image-mask pair by combining the query image it-
self and coarse prediction extracted based on reference, as
shown in Fig. 1 (b). Inspired by this insight, we propose
Self-referring Indicator Generation (SRIG), which first uses
the cross-attention mechanism to adaptively extract infor-
mation based on the query feature and rough coarse predic-
tion, and then updates the indicator vectors obtained from
the reference to accurately segment the target.

Building on the advantages of the self-referring mecha-
nism, we design SR-ICL to accomplish unified MLS. Fig. 1
(b) illustrates the core perspectives. To fully unlock the
potential of SRIG and overcome the feature contamina-
tion caused by cross-fusion, we first extract reference and
query features individually. Secondly, we introduce a Ref-
erence Indicator Generation (RIG) to utilize reference in-
formation to generate reference indicator vectors that serve
as weights of the dynamic lesion segmentation head to ob-
tain coarse predictions instead of designing complex cross-
fusion mechanisms. With RIG and dynamic lesion segmen-
tation head, SR-ICL can efficiently extract reference infor-
mation, and mitigate the negative impact of low-matched
reference sets. Then, SRIG refines indicator vectors by
adaptively aggregating information from the query itself.
After SRIG, the dynamic lesion segmentation head can ac-
curately localize the lesion targets. In addition, to prevent
the model from only focusing on tasks with more data and
failing on long-tail tasks, we improve the training strategy
to balance the model’s learning across different tasks with
fixed and low memory requirements. With the above de-
sign, SR-ICL becomes a powerful and effective solution for
accomplishing unified MLS.

Our contributions are summarized as follows:
• We propose a self-referring mechanism that adaptively

extracts information from the query itself to overcome the
negative impact caused by low-matched reference sets.

• We design reference indicator generation to efficiently
utilize reference information instead of cross-fusion
mechanisms which heavily rely on reference sets, facil-
itating the self-referring mechanism.

• Our designs successfully apply ICL to unified MLS,
forming a novel framework named SR-ICL, which
achieves state-of-the-art results on 8 MLS tasks. SR-ICL
has impressive performance even with weak reference an-
notations such as boxes and points. Furthermore, it has
relatively low memory requirements during training, of-
fering a new solution for unified MLS.

2. Related Work
2.1. Medical Lesion Segmentation

Medical lesion segmentation (MLS) is a critical task in
medical image analysis, aiming to identify and segment
lesion regions from medical images. MLS involves mul-
tiple modalities, including computed tomography (CT),
magnetic resonance (MR), optical coherence tomography
(OCT), ultrasound, pathology, endoscopy, and dermoscopy.
It also covers various lesions such as skin lesions, brain tu-
mors, and colon polyps. Previous works primarily design
task-generic [35] or task-specific [41, 62] network architec-
tures to address MLS. U-Net [35] achieves success in mul-
tiple medical image segmentation tasks using an encoder-
decoder structure with skip connections. nnUNet [22] im-
proved the model architecture and introduced various tricks
to build an advanced task-generic model. TransUNet [9]
and SwinUNet [6] utilized Transformer [46] to extract bet-
ter feature representation. In contrast to task-generic mod-
els, some efforts design task-specific models to address the
specifics of individual tasks [41, 59, 62]. Existing research
often trains a separate model for each task, leading to redun-
dancy and suboptimal results. Moreover, previous methods
store lesion knowledge in model parameters, neglecting the
benefits of reference images. In this work, we propose a
unified MSL framework that uses the same set of parame-
ters for multiple MLS tasks.

2.2. Referring Segmentation

Leveraging reference information to address medical lesion
segmentation falls within the scope of referring segmen-
tation. Referring segmentation aims to segment the cor-
responding target in a query image based on reference in-
formation such as image-mask pairs [7], additional modal-
ities [60], and natural language descriptions [56]. Refer-
ring Expression Segmentation (RES) and Few-shot Seg-
mentation (FSS) are the two most relevant tasks. RES seg-
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ments the target in a query image using natural language
descriptions. Previous methods [12, 56] have achieved ex-
cellent performance by designing novel vision-language fu-
sion modules. FSS [38] aims to segment the corresponding
object with unseen categories of the query image using only
a few support image-mask pairs. Existing methods [7, 55]
mainly focus on designing novel support-query matching
modules to exploit implicit knowledge in pre-trained back-
bones. The task we solve in this work differs from the above
widely studied tasks in the following ways: 1) Existing
frozen pre-trained models lack medical lesion knowledge.
2) There is no linguistic description to segment lesions. In
this work, we design a unified framework that leverages ref-
erence information to solve MLS.

2.3. Unified Segmentation via In-context Learning

GPT-3 [30] introduces in-context learning to NLP, enabling
NLP models to perform inference on a series of NLP
tasks through given prompts. In-context learning maintains
the generalization capability for out-of-domain tasks com-
pared to the multi-task paradigm. MAE-VQGAN [3] and
Painter [49] introduce visual in-context learning to com-
puter vision, accomplishing various vision tasks through in-
painting and masked image modeling, respectively. Seg-
GPT [50] designs a random coloring scheme that forces
the model to reference in-context information to achieve
unified segmentation. UniverSeg [5] and Spider introduce
in-context learning to address unified medical image seg-
mentation and context-dependent concept segmentation, re-
spectively. DSC-ICL [18], SCS [42], and VPR [58] present
novel methods for selecting in-context examples to improve
performance. However, existing methods primarily focus
on the feature fusion and interaction between the query and
in-context examples, which introduces computational over-
head and neglects the negative impact of low-matched in-
context examples and the rich information inherent in the
query itself. In this work, we propose a self-prompt module
to overcome the above problems.

3. Method
In this section, we first describe the problem formulation of
the task in Sec. 3.1. Then, we introduce the overall structure
of our method in Sec. 3.2. Next, we provide details of the
two proposed components in Sec. 3.3 and Sec. 3.4. The
training and inference strategies are in Sec. 3.5.

3.1. Problem Formulation

We define the set of MLS tasks as D = {di}Ni=1, where d
represents each independent task. Previous fully-supervised
methods learn a set of parameters θ of model f(·, θ) for each
task to map from image Id to corresponding ground truth
Md. In contrast, our method learns only one set of parame-
ters to address all tasks in D. Specifically, episode sampling

is used during both the training and testing phases. Each
episode includes a query set Q = {Iq,Mq} and reference
set R = {Rk}Kk=1 with the same task d, where Rk com-
prises reference image Ir and its binary mask Mr. With R,
the model f(·, θ) learns to map from Iq to Mq . After train-
ing, the model performs episode testing for all tasks without
optimization.

3.2. Method Overview

Fig. 2 illustrates the overall architecture of the proposed
method. Without loss of generality and simplicity, we in-
troduce the proposed SR-ICL framework when the number
of reference images is set to 1, i.e., R = {Ir,Mr}. Given
a reference image Ir and a query image Iq with a spatial
size of H ×W , we first extract the semantic features of Ir

and Iq , as well as the multi-scale feature set of Iq from a
weight-shared encoder. We denote the semantic features as
F r and F q with the spatial size of H

32 ×
W
32 , and multi-scale

query feature set as {F q
i }4i=1. {F q

i }4i=1 is then fed into a
U-shape skip connection decoder for top-down decoding to
obtain F seg ∈ Rc×W

4 ×W
4 , where c is the number of chan-

nels. After that, a reference indicator generation (RIG) is
applied to F r and Mr to generate reference indicator vec-
tors as weights for the dynamic lesion segmentation head
(DLSH). We obtain the initial prediction map M̃ initial by
employing DLSH on F seg . Finally, L stacked self-referring
indicator generation (SRIG) utilizes the prepared features
and initial prediction map to generate the new weights for
DLSH. In the l-th SRIG, the M̃ initial

l−1 and F q are fed into
the SRIG to generate self-referring indicator vectors. The
weighted sum of self-referring and reference indicator vec-
tors becomes the new dynamic weights for DLSH to obtain
the prediction map M̃ initial

l . After all stacked SRIG, F seg

is fed into the final DLSH to generate the segmentation map
M̃final.

3.3. Reference Indicator Generation and Dynamic
Lesion Segmentation Head

Motivation. Previous ICL-based unified segmentation
methods design complex feature interaction modules in the
encoder-decoder framework, introducing significant redun-
dant computations and neglecting the negative impact of
noise from the reference set. CondInst [45] indicates that
the coarse information of interest objects can be encoded
as dynamic weights of the FCN segmentation head to seg-
ment interest objects. In our framework, the reference fea-
tures can serve as coarse indicators of the query lesions.
Motivated by this insight, we develop the reference indica-
tor generation (RIG) and dynamic lesion segmentation head
(DLSH) to accurately segment lesions while reducing re-
dundant computations instead of cross-fusion modules.
Reference Indicator Generation. The goal of RIG is to
generate dynamic weights for DLSH using reference fea-
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Figure 2. The proposed SR-ICL. It first extracts reference and query features individually. Then, RIG and SRIG generate lesion indicator
vectors as weights for dynamic lesion segmentation head to segment target lesions.

ture F q . To predict the parameters, we first obtain encoded
F enco by a learnable convolution, formulated as follows:

F enco = LN(Conv(F r)), (1)

where Conv and LN denote the 3 × 3 convolution and
layer normalization, respectively. Then, we extract fore-
ground and background indicator vectors through the refer-
ence mask as follows:

ffore = MAP(Mr, F enco),

f back = MAP(1−Mr, F enco),
(2)

where MAP is the masked average pooling operation. Af-
ter passing through RIG, the dynamic weights required by
DLSH are extracted efficiently.
Dynamic Lesion Segmentation Head. DLSH is a simple
FCN architecture consisting of 3 stacked 1×1 convolutions
with 8, 8, and 1 output channel numbers respectively. Given
that the input feature map F seg has c channels, the number
of parameters required for DLSH is c×8+8×8+8×1 =
8c+72. In our experiments, c is set to 64, resulting in a total
of 584 parameters required. ReLU is used after the first two
convolutions as the activation function. We decompose both
ffore and f back into three parts, which serve as weights for
the corresponding convolution layers, thereby constructing
the foreground and background DLSH, respectively. Then,

we obtain the initial foreground and background prediction
maps for the query image.

3.4. Self-referring Module

Motivation. Current ICL-based unified segmentation ap-
proaches heavily rely on the reference set to segment query
images. However, the reference-query matching paradigm
is substantially influenced by intra-class pattern variability.
Lesions within the same category can exhibit markedly di-
verse appearance patterns, complicating accurate prediction
due to low-matched reference samples. The query image
itself can provide supplementary information [17, 26] for
lesion segmentation. Inspired by this, we introduce a self-
referring mechanism that harnesses the intrinsic informa-
tion of the query image for lesion segmentation.
Self-referring. The goal of SRIG is to generate self-
referring indicator vectors based on the initial prediction
maps and the semantic query feature F q . Given the ini-
tial prediction maps M̃f and M̃ b for foreground and back-
ground, we filter the prediction maps by saliency threshold
τ to obtain salient regions M̃f ′

and M̃ b′ , i.e., setting regions
above the τ to 1 and those below to 0. Then, we use a learn-
able 3× 3 convolution and layer normalization to align the
channel dimensions of F q and indicator vectors, formulated
as follows:

F q′ = LN(Conv(F q)), (3)
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Next, we gather F q′ by M̃f ′
and M̃ b′ to extract salient

patches of foreground and background, denoted as ffore s

and f back s, respectively. The salient patches are insuffi-
cient to represent all the information of the query. There-
fore, a transformer block with cross-attention is employed
to adaptively aggregate query information based on F q′ ,
ffore s, and f back s, formulated as follows:

f∗ s′ = Transformer(f∗ s, F q′), (4)

where f∗ s, denoting either ffore s or f back s, serves as Q
in cross-attention, and F q′ functions as K and V . Finally,
we average aggregated ffore s′ and f back s′ to obtain self-
referring indicator vectors ffore q and f back q We utilize
the weighted sum of the reference and self-referring indica-
tor vectors as the updated indicator vectors, formulated as
follows:

ffore′ = α× ffore + β × ffore q,

f back′
= α× f back + β × f back q,

(5)

where α and β are hyperparameters. We iteratively apply
the self-referring indicator generation L times to progres-
sively update the indicator vectors. After this process, the
updated indicator vectors serve as the weights of DLSH to
predict the final prediction maps. In our experiments, we
observed that a single iteration yields the optimal results.
Thus, we set L = 1 to balance performance and computa-
tional efficiency.

3.5. Training and Inference

Training. Learning unified representations for MLS tasks
with diverse modalities is a significant challenge, due to the
data imbalance in each task. The model struggles to learn
knowledge from long-tail tasks. Spider [61] designs a “Bal-
ance FP - Unify BP” strategy to balance all tasks. However,
this operation makes the memory required for training rel-
evant to the number of tasks. The resulting high memory
requirements prevent training on a large number of tasks.
To address this challenge, we adopt “Separate BP - Aver-
age Update” during training. In each iteration, we perform
forward and backward propagation for each task separately
and accumulate the gradients. After processing all tasks, we
average the gradients and update the parameters. Our train-
ing strategy enables the model to learn more MLS tasks,
which has an important role in practical applications. More
details are in the supplementary material.
Inference. During inference, we apply the “argmax” func-
tion to the concatenation of background and foreground pre-
diction maps to obtain the binary prediction maps. When
the number of reference images is greater than 1, we av-
erage the indicator vectors generated from each reference
image to obtain the weights of DLSH.

Segmentation Task Dataset Modality #Train #Val

Wet AMD AMD-SD [20] OCT 2346 703
Brain Tumor BTD [10, 11] MR-T1 2298 766

Adenocarcinoma EBHI-Seg [39] Pathology image 636 159
Thyroid Nodule TNUI 2021 [63] Ultrasound 966 276

Colon Polyp Five datasets [4, 23, 40, 43, 47] Endoscopy image 1450 798
Lung Infection COVID-19 data [16] CT 894 383
Breast Lesion BUSI [1] Ultrasound 486 161
Skin Lesion ISIC 2018 [13] Dermoscopy image 1886 808

Table 1. The dataset information of the 8 selected medical lesion
segmentation tasks.

4. Experiment
4.1. Experimental Setup

Datasets. The dataset information of the 8 selected medical
lesion segmentation tasks is shown in Tab. 1. AMD-SD [20]
annotates 5 pathological manifestations of wet AMD, and
we unify these five categories into one category for wet
AMD pathological segmentation. BTD [10, 11] divides the
dataset into four folds for cross-validation. In our exper-
iments, the first three folds are used for training, and the
fourth is used for validation. For EBHI-Seg [39], we di-
vide the subset of Adenocarcinoma segmentation in 4:1 into
training and validation sets for experiments. As for the other
datasets, we follow previous work [15, 61, 63] to split them.
Evaluation Metrics. Two widely used metrics, Dice score
and mean IoU (mIoU), are used for quantitative evaluation.
The higher value is better for these metrics.
Implementation Details. All experiments are conducted
on a single RTX 3090 GPU with 24G memory and imple-
mented in PyTorch [32]. The model parameters are opti-
mized using Adam [24] scheduled by ”step” with an ini-
tial learning rate of 0.0001, total steps of 50, decay steps of
30, and decay rate of 0.9. The batch size of reference and
query is set to 12 and 4 in each episode, respectively. The
spatial resolutions of images are set to 384 × 384 through-
out all experiments. Random flipping and rotating are used
as data augmentation techniques. We adopt ConvNeXt-
B [28, 53] which can provide strong feature representations
as the backbone and use a single set of parameters to accom-
plish multiple MLS tasks. The sum of structure loss [51]
and dice loss [31] between predictions and ground truth is
used to train the model.

4.2. Quantitative Evaluation

Setting. We compare our method with specialized, gener-
alist, and unified models. Specialized models refer to mod-
els that are trained and tested on a single task. Generalist
models refer to models that can be tested directly on the se-
lected 8 MLS tasks without fine-tuning. Unified Models are
trained with one set of parameters for the 8 MLS tasks and
then tested. Unless otherwise stated, UniverSeg and Spi-
der are tested with 64 randomly sampled image-mask pairs
as reference sets, while SegGPT and our SR-ICL are tested
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Wet AMD Brain Tumor Adenocarcinoma Thyroid Nodule Polyp Lung Infection Breast Lesion Skin LesionMethods Methods Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU

Specialized Models (One model for one task)

TRSRD-Net [2] ICISN24 - - - - - - 85.40 84.65 - - - - - - - -
LDNet [57] MICCAI22 - - - - - - - - 64.25 74.41 - - - - - -

WeakPolyp [52] MICCAI23 - - - - - - - - 74.90 80.66 - - - - - -
Inf-Net [16] TMI20 - - - - - - - - - - 43.24 52.85 - - - -

DECOR-Net [19] ISBI23 - - - - - - - - - - 40.25 69.49 - - - -
AAU-Net [8] TMI22 - - - - - - - - - - - - 47.45 65.15 - -

CMU-Net [44] ISBI23 - - - - - - - - - - - - 54.52 83.02 - -
MALUNet [36] BIBM22 - - - - - - - - - - - - - - 86.32 85.37
EGE-UNet [37] MICCAI23 - - - - - - - - - - - - - - 85.88 84.98

UNet [35] MICCAI15 76.01 80.88 60.44 73.79 91.94 75.33 80.16 83.94 66.29 75.20 54.59 71.10 70.04 75.71 85.93 81.69
TransUNet [9] MIA24 76.72 81.29 57.92 72.46 91.85 74.23 78.24 82.90 66.41 75.52 43.89 65.33 75.67 80.62 86.40 82.53

RollingUNet [27] AAAI24 77.13 81.54 61.38 74.71 92.26 75.05 78.96 83.17 69.20 78.33 62.75 76.36 73.84 79.59 87.68 85.04

Generalist Models (One model performs new tasks without fine-tuning)

SegGPT [50] ICCV23 39.42 62.68 24.43 58.61 73.60 61.71 21.33 57.64 60.62 74.05 26.08 58.78 37.79 62.87 29.28 53.62
UniverSeg [5] CVPR23 45.90 63.66 32.83 61.29 80.85 45.66 60.95 73.63 29.31 53.46 39.98 65.21 65.51 74.16 77.16 76.01
DSC-ICL [18] TMI24 - - - - - - 76.03 - - - - - 71.88 - 81.51 -

Unified Models (One model for all tasks)

UNet [35] MICCAI15 75.29 80.46 54.95 70.35 91.21 72.66 78.41 82.88 60.31 70.24 47.87 66.66 74.83 79.30 86.88 82.89
TransUNet [9] MIA24 75.46 80.43 56.59 71.77 90.34 69.16 78.57 83.21 55.81 66.21 36.68 61.62 74.66 79.53 86.14 80.67

RollingUNet [27] AAAI24 76.46 81.11 60.48 74.43 92.17 71.62 82.26 85.24 62.48 74.53 68.63 79.05 77.58 82.16 87.30 83.92
SegGPT [50]† ICCV23 71.66 78.64 44.17 67.30 94.24 80.14 79.69 85.18 78.29 84.66 50.10 65.91 78.87 83.87 87.90 85.42
Spider [61]† ICML24 78.51 82.66 71.59 79.86 93.65 80.30 86.52 88.40 80.66 85.30 73.85 82.07 81.16 84.80 88.79 87.18

Ours - 80.54 83.84 74.29 81.50 94.96 81.98 87.91 89.18 83.26 86.53 82.36 87.21 84.92 87.08 90.85 87.29

Table 2. Comparison with State-of-the-Art methods in terms of Dice score (%) and mIoU (%). † means these methods are trained or
fine-tuned on 8 MLS tasks. The best scores are in bold.

using 4 randomly sampled image-mask pairs.
Results. Quantitative comparisons with other state-of-the-
art models can be found in Tab. 2. SR-ICL surpasses all
other methods and achieves new state-of-the-art results. It
can be observed that generalist models [5, 50] with the
transfer ability to new tasks perform lower than specialized
and unified models. This indicates that existing generalist
models are inadequate for clinical demands. In contrast,
SR-ICL achieved the best results in all tasks, providing a
novel solution for unified MLS.

4.3. Qualitative Evaluation

Setting. In qualitative evaluation, we compare SR-ICL with
two unified models SegGPT [50] and Spider [61]. All of
these models have been trained or fine-tuned on 8 MLS
tasks. The number of selected reference images is set to
1 for better presentation.
Results. We show some visual qualitative comparisons of 8
tasks in Fig. 3. It can be observed that the predictions of our
method are closest to the ground truth with only one refer-
ence image. SR-ICL can accurately predict lesions of dif-
ferent morphologies, both large and small targets. Only SR-
ICL provides accurate predictions for elongated wet AMD
lesions (1st row) and small-target lung infections (6th row).
With low-matched breast lesion reference (predict large tar-
get based on reference with a small target, 7th row), Spi-
der and SegGPT predict normal regions as lesions. We also
present some prediction maps of w/o and w/ SRIG in Fig. 4.
It can be observed that coarse predictions are refined by

SRIG, demonstrating the effectiveness of SRIG. More qual-
itative visualizations of SR-ICL with more reference image-
mask pairs are in the supplementary material.

4.4. Ablation Study

All ablation results are shown in Tab. 3. Unless otherwise
stated, all results are averaged over 5 runs, and the number
of randomly selected reference images is set to 1.
Component-wise Ablation. Tab. 3 (a) shows ablation re-
sults regarding the effectiveness of proposed components.
We construct our baseline by combining a ConvNeXt-B en-
coder, a U-shape skip connection decoder, and a learnable
segmentation head that learns all tasks’ representation. SR-
ICL builds upon the baseline by introducing RIG, DLSH,
SRIG, and the background stream, while removing the
learnable segmentation head. The results show that the pro-
posed RIG and DLSH improve the performance compared
to the learnable segmentation head used in the baseline.
This indicates that RIG effectively extracts indicator vec-
tors from the reference set. SRIG further improves the per-
formance, suggesting that the extraction of lesion-specific
information by the self-referring mechanism helps to ac-
curately localize the lesions. The performance degradation
after removing the background data stream shows that the
background information helps in lesion segmentation. With
the help of the background stream, the model learns the
foreground-background feature representation better. We
also train SR-ICL separately on each task with the same
setting as unified training. It can be observed that the per-
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Figure 3. Visualized comparison of SR-ICL, Spider, and SegGPT on 8 diverse MLS tasks. Notably, all models are trained or fine-tuned on
8 MLS tasks. Best viewed on screen.
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Figure 4. Visualized comparison of w/o SRIG and w/ SRIG.

formance of separate training and unified training is com-
parable, unlike the results of UNet [35], TransUNet [9], and

RollingUNet [27] in Tab. 2. This indicates that SR-ICL is
robust to tasks with diverse modalities.

Hyperparameters of SRIG. SRIG is one of the core com-
ponents of SR-ICL. We perform ablation experiments on
four hyperparameters of SRIG. All results can be found in
Tab. 3 (b). The salient regions of the initial prediction map
are extracted by saliency threshold τ to control the gener-
ation of self-referring indicator vectors. α and β are the
weights in the weighted sum of indicator vectors and self-
referring indicator vectors, controlling the extent to which
SRIG influences the predictions. L denotes the number of
iterations of SRIG. The results indicate that the best per-
formance is achieved when τ = 0.7, α = 0.7, β = 0.3,
and L = 2. Given the small performance difference be-
tween L = 1 and L = 2, we choose L = 1 to balance
efficiency and performance. The ablation studies on the se-
lection of four hyperparameters demonstrate the robustness
of our method to them.

Reference Number. The selection of the reference set is
crucial in ICL-based segmentation models. However, bene-
fiting from SRIG, our method maintains performance even
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Wet AMD Brain Tumor Adenocarcinoma Thyroid Nodule Polyp Lung Infection Breast Lesion Skin LesionMethods Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU Dice mIoU

(a) Component-wise Ablation

Baseline 73.84 78.55 67.34 76.19 90.34 75.70 83.09 84.57 77.83 80.80 74.78 80.52 78.72 81.91 86.02 81.97
w/o SRIG 76.65 79.80 69.52 77.93 92.27 78.00 84.06 85.40 79.42 83.34 77.07 82.35 80.93 83.47 87.55 84.08

w/o Background 77.42 81.40 70.85 78.66 93.10 79.67 85.40 86.39 80.15 84.83 78.41 83.81 81.96 84.35 87.71 84.52
Full (SR-ICL) 79.06 82.79 72.39 80.24 94.30 80.86 86.73 88.26 81.83 85.85 80.07 85.30 83.60 86.09 89.64 86.48

Separate Training 80.70 83.88 70.90 79.26 93.46 80.28 86.52 88.03 81.48 85.70 79.89 84.65 83.06 85.56 89.73 86.63

(b) Hyperparameters of SRIG: τ , α, β, and L

τ = 0.5, α = 0.7, β = 0.3, L = 1 79.01 82.36 72.10 79.84 94.01 80.72 86.50 87.92 81.58 85.67 79.69 84.79 83.66 85.92 89.06 86.20
τ = 0.6, α = 0.7, β = 0.3, L = 1 78.47 82.50 72.36 79.94 94.12 80.28 86.58 88.21 81.24 85.64 80.22 85.33 83.10 85.55 89.40 86.20
τ = 0.7, α = 0.7, β = 0.3, L = 1 79.06 82.79 72.39 80.24 94.30 80.86 86.73 88.26 81.83 85.85 80.07 85.30 83.60 86.09 89.64 86.48
τ = 0.7, α = 0.6, β = 0.4, L = 1 78.58 82.74 72.33 80.15 94.07 80.21 86.14 87.78 81.03 85.28 79.53 85.16 83.13 85.81 89.51 85.97
τ = 0.7, α = 0.5, β = 0.5, L = 1 78.34 82.12 72.34 79.44 93.68 80.54 85.99 87.89 80.84 85.95 79.23 84.37 83.62 85.93 89.42 85.92
τ = 0.7, α = 0.7, β = 0.3, L = 2 78.83 82.65 72.48 80.27 94.71 81.06 87.18 88.47 81.89 85.93 80.45 85.60 83.79 86.40 89.85 86.60

(c) Number of Randomly Selected Reference Images

n = 1 79.06 82.79 72.39 80.24 94.30 80.86 86.73 88.26 81.83 85.85 80.07 85.30 83.60 86.09 89.64 86.48
n = 4 80.54 83.84 74.29 81.50 94.96 81.98 87.91 89.18 83.26 86.53 82.36 87.21 84.92 87.08 90.85 87.29
n = 16 80.81 84.21 74.42 81.60 95.26 82.15 88.05 89.19 82.20 86.07 81.94 86.88 84.62 86.99 91.02 87.35

(d) Reference Annotation Type

Point 79.33 83.03 71.95 79.95 84.12 72.49 86.48 88.05 81.39 85.53 78.18 83.76 82.74 85.60 88.23 85.57
Box 78.40 82.35 71.94 79.95 89.68 77.26 86.31 87.91 81.50 85.58 79.93 85.23 83.28 85.82 89.27 86.03

Mask 79.06 82.79 72.39 80.24 94.30 80.86 86.73 88.26 81.83 85.85 80.07 85.30 83.60 86.09 89.64 86.48

Table 3. Ablation experiments on all tasks in terms of Dice score (%) and mIoU (%), including the effectiveness of components, hyperpa-
rameters of SRIG, number of reference examples, and reference annotation type.

Method Task Number Batchsize Memory

Balance FP - Unify BP 8 6/2 16.8G
Balance FP - Unify BP 8 12/4 OOM

Ours 8 6/2 5.7G
Ours 8 12/4 8.3G
Ours 16 12/4 8.3G

Table 4. Ablation studies on training strategies. Batchsize refers to
the number of reference images and query images in each iteration.
OOM: Out of memory.

with a randomly chosen reference set. We evaluate the per-
formance of SR-ICL with different numbers n of randomly
selected reference images, as shown in Tab. 3 (c). In con-
trast to previous ICL-based methods that set n = 64, it can
be seen that SR-ICL achieves good results when n = 4.
SR-ICL is insensitive to n, which benefits from that SRIG
efficiently extracts self-referring information.
Reference Annotation Type. We evaluate the effect of dif-
ferent reference annotation types on SR-ICL without fine-
tuning. We test the performance of mask, box, and ran-
dom sampling points over five runs. The number of ran-
domly selected reference images is set to 1. The results are
shown in Tab. 3 (d). Except for adenocarcinoma segmen-
tation, the performance degradation is small for all tasks.
This demonstrates the generalizability of our approach to
different reference annotation types, providing potential for
clinical applications. The performance degradation in the
adenocarcinoma segmentation task is due to the lesion re-
gion occupying a large portion of the image, making it dif-

ficult for the boxes and points to accurately indicate lesion
and non-lesion regions.
Training Strategy. As shown in Tab. 4, we validate the
effectiveness of the training strategy on a single GPU with
24GB memory. It can be seen that under the same condi-
tions, our method greatly reduces the memory requirement
compared to “Balance FP - Unify BP” [61]. Even when
doubling the number of tasks, the memory requirement re-
mains the same. Our approach has the advantages of low
memory requirements, balancing different tasks, and easy to
scale the number of tasks, all towards a more unified MLS.

5. Conclusion
In this paper, we propose SR-ICL with reference and self-
referring indicator generation to tackle multiple MLS tasks.
The reference indicator generation and dynamic lesion seg-
mentation head alleviate the heavy reliance on reference
sets in previous ICL-based methods with cross-fusion mod-
ules. Self-referring mechanism overcomes the negative im-
pact caused by low-matched reference by adaptively ex-
tracting the query information. We also design a training
strategy that can balance numerous MLS tasks with low
memory requirements. In our experiments, we find that SR-
ICL still achieves impressive performance even with only a
few reference images or using weak reference annotations
such as boxes and points. These results demonstrate that
SR-ICL is an effective solution for MLS in clinical applica-
tions, providing new insights for the medical image analysis
community.
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