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Motivation/Contributions

Ø 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.

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

Ø Our designs successfully apply ICL to unified MLS. SR-ICL 
has impressive performance even with weak reference 
annotations such as boxes and points. Furthermore, it has 
relatively low memory requirements during training.

Method: SR-ICL Results:

Conclusion
Ø The self-referring mechanism improves  the robustness to the 

reference information.
Ø SR-ICL achieves good performance with weak annotations.
Ø The training strategy enables SR-ICL to balance any number of

datasets even with one single RTX 3090 GPU.

Future Work
Ø Dynamic selection of the reference images.
Ø Large-scale pre-training on medical data.
Ø Extend to 3D medical segmentation dataset.
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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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(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: ω , ε, ϑ, and L

ω = 0.5, ε = 0.7, ϑ = 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
ω = 0.6, ε = 0.7, ϑ = 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
ω = 0.7, ε = 0.7, ϑ = 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
ω = 0.7, ε = 0.6, ϑ = 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
ω = 0.7, ε = 0.5, ϑ = 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
ω = 0.7, ε = 0.7, ϑ = 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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where ω and ε 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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6. More Details of Experiments
6.1. Training Details
We present the implementation details of the “Separate BP
- Average Update” in Algorithm 1. During the practical
training phase, we set B = 4, i.e., each image in the query
uses the same reference set.

6.2. Training Details of Other Methods
In our experiments, we reproduce or fine-tune some
other methods. For UNet [35], TransUNet [9], and
RollingUNet [27], we adopt the same settings as ours. For
Spider [61], we train it from scratch using the training set-
tings from its paper. As for SegGPT [50], we initialize the
model parameters with the weights provided, then fine-tune
for 50 epochs on our dataset with a learning rate of 0.00001
and 1 reference image.

7. More Qualitative Results
For the sake of presentation, the prediction results shown
in the paper all use one image as the reference set. In this
section, we present more qualitative results with 4 reference
images, as shown in Fig. 5 6 7 8.

Algorithm 1 “Separate BP - Average Update”
Training iteration with N = 12 and B = 1.
Require: A batch D = {Dt}8t=1 and Q = {Qt}8t=1. Dt and

Qt are N and B image-mask pairs randomly selected from
training set of task t.

1: create reference image tensor Ir → R8→N→3→H→W from D

2: create reference mask tensor Mr → R8→N→1→H→W from D

3: create query image tensor Iq → R8→B→3→H→W from Q

4: create query mask tensor Mq → R8→B→1→H→W from Q

5: avg grads ↑ [] // empty list
6: for each param in SR-ICL.parameters() do
7: zero tensor ↑ torch.zeros like(param)
8: avg grads.append(zero tensor)
9: end for

10: L ↑ 0
11: for t ↑ 1, 8 do
12: R

I

t ↑ Ir[t, ...] // reference images
13: R

M

t ↑ Mr[t, ...] // reference masks
14: P

I

t ↑ Iq[t, ...] // query images
15: P

M

t ↑ Mq[t, ...] // query masks
16: Pt ↑ SR-ICL(RI

t , R
M

t , P
I

t ) // get prediction
17: L ↑ Loss(Pt, P

M

t )
18: zero grad(Optimizer)
19: backward(L) // get gradients
20: for each (avg grad, param) in

(avg grads,SR-ICL.parameters()) do
21: avg grad ↑ avg grad+ param.grad

22: end for
23: end for
24: for each (param, avg grad) in

(SR-ICL.parameters(), avg grads) do
25: param.grad ↑

(
avg grad

8

)
// average gradients

26: end for
27: step(Optimizer) // update parameters
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