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Abstract

In-context learning-based medical segmentation (ICLM) en-
ables foundation models to generalize to unseen cases with-
out retraining. To enhance performance on test queries, ex-
isting methods typically follow a two-stage process: (1) us-
ing a retrieval encoder (RE) to map both queries and training
samples into a shared feature space, and (2) retrieving and
utilizing the top-k most similar training samples. While cur-
rent methods fix the RE and focus on optimizing stage (2),
we show that the choice of RE in stage (1) alone can account
for over 70% of the performance variation, highlighting RE
selection as a critical yet often overlooked factor in ICLM.
In this paper, we conduct an analysis of the RE selection and
make two main findings: (1) dynamically selecting the RE
for each query outperforms selecting a fixed RE for the entire
task; and (2) feature-space heuristics (e.g., intra-class com-
pactness and inter-class separability) fail to predict RE qual-
ity. To this end, we propose the instance-adaptive retrieval
encoder selection (IRES) method that can select the optimal
RE for each query based on output predictions. IRES is based
on the intuition that a good RE retrieves relevant demonstra-
tions, helping the ICL model generate more accurate and sta-
ble segmentation masks. Thus, we introduce the shape sta-
bility score (S®), which evaluates the morphological stability
of predicted masks under iterative erosion. Experiments show
S3 correlates strongly with true RE quality (Pearson > 0.8),
serving as a reliable selection proxy. To reduce S>’s per-query
cost, we propose parallel prediction with reciprocal neigh-
bor reuse (P2R), which accelerates inference by paralleliz-
ing encoding and reusing encoder selections across reciprocal
neighbors, avoiding redundant computation. Built on S and
P2R, IRES improves ICLM performance across FUNDUS,
Brain MRI, and Chest X-ray datasets, with up to 10.6% gain
on fundus segmentation.

Introduction

In-context learning (ICL) has emerged as a key mecha-
nism in foundation models (Li et al. 2025) for medical im-
age segmentation, such as UniverSeg (Butoi et al. 2023),
ICL-SAM (Hu et al. 2024), and Tyche (Rakic et al. 2024).
By conditioning on a few image—label demonstrations, ICL
enables models to adapt to new tasks without retraining.

*Corresponding authors.
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Figure 1: RE choice directly impacts ICL performance on
optic disc segmentation: twenty REs (shapes in figure) yield
> 70% DSC variation for the same query. Higher S? scores
correlate with better performance.

This reduces the need for labeled data and improves gen-
eralization to domain shifts and diverse clinical environ-
ments (Zhang et al. 2022; Kim et al. 2023). Unlike natural-
image tasks, medical task benefits more from ICL due to
limited annotations and substantial domain variability.

To improve the performance of in-context learning-based
medical segmentation (ICLM), selecting a few informative
demonstrations from the training set for per test query is
essential (Liu et al. 2024). Existing methods (Liu et al.
2024; Suo et al. 2024) fix a retriever encoder (RE)—a pre-
trained model that embeds queries and training samples into
a shared feature space—and retrieve the top-k most sim-
ilar training samples as ICL demonstrations. Assuming a
general-purpose RE suffices, they focus on retrieval while
ignoring the RE’s impact. We show that RE choice—made
before retrieval—strongly affects ICLM performance. Given
the diversity of medical data across organs, modalities, and
protocols, a single RE often fails to generalize. As shown in
Figure 1, twenty different REs produce varied top-1 demon-
strations for the same query, causing over 70% fluctuation in
ICL performance—sometimes worse than random retrieval.

In this paper, we study, for the first time, the problem of
automatically selecting the optimal RE for ICLM. This in-
volves choosing the most suitable RE—from a predefined
set of pretrained encoders—for the entire task or each test
query to retrieve relevant demonstrations (see Figure 2). Our
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Figure 2: Unlike prior methods that focus on similarity-based retrieval with a fixed retrieval encoder (RE), this paper focuses
on ranking and selecting the optimal RE for each input. This adaptive selection improves feature representation, enhances
demonstration relevance, and leads to better in-context learning performance in segmentation tasks.

analysis yields two key findings. First, dynamically select-
ing the RE per query significantly outperforms using a fixed
RE across all queries (see Figure 4), highlighting the impact
of intra-domain variation. Second, naive strategies such as
random choice or feature-based heuristics (e.g., intra-class
compactness, inter-class separability) fail to identify the op-
timal RE, showing weak correlation with segmentation per-
formance (Pearson’s is is due
to limited medical training data failing to capture both intra-
and inter-class features effectively. These findings indicate
that effective per-query RE selection is not just a minor de-
tail, but essential for robust ICLM performance.

Motivated by the above insights, we propose Instance-
adaptive Retrieval Encoder Selection (IRES), which can se-
lect the optimal RE for each query based on the output pre-
diction. IRES builds on the observation that a good RE tends
to retrieve top-k in-context demonstrations that are struc-
turally similar to the query and provide meaningful contex-
tual guidance. When used for prompting, these demonstra-
tions help the model generate pseudo segmentation-masks
with stable shapes. To quantify this property, we propose the
Shape Stability Score (S3), which assesses the morphologi-
cal consistency of pseudo-masks under erosion, a common
operation that gradually removes pixels from object bound-
aries. The intuition is that high-quality masks with coherent
structures will retain their overall shape under erosion, while
poorly formed or noisy masks will erode rapidly. Thus, a
higher S reflects better structural integrity and serves as
an indicator of RE quality. Empirically, S® correlates well
with segmentation performance (Pearson’s 7 > 0.8; see Fig-
ure 6), making it a reliable per-query proxy for RE selec-
tion. However, evaluating S® on all REs per query is costly.
We propose parallel prediction with reciprocal neighbor
reuse, which enables parallel inference and reuses encoder
selections among reciprocal neighbors—mutually similar
queries—to reduce redundancy within local clusters.

Our contributions are summarized as follows: (1) We
show that retrieval encoder selection is a critical yet over-
looked factor in ICL-based medical segmentation, often
dominating performance. (2) We propose the IRES frame-
work that selects the optimal RE per query using a shape
stability score and scales efficiently through parallel predic-
tion with reciprocal neighbor reuse. (3) IRES enhances real-
world segmentation performance across datasets.
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Related Work
In-Context Learning-based Medical Segmentation

In-context learning (ICL) has shown strong potential in
medical image segmentation, adapting across domains with
only a few examples and no retraining—ideal for data
scarcity and distribution shifts in clinical settings. Recent
ICL-based medical segmentation (ICLM) models include
Neuralizer (Czolbe and Dalca 2023) for single-shot infer-
ence, UniverSeg (Butoi et al. 2023) with paired prompts,
ICL-MedSAM (Hu et al. 2024) combining SAM with
prompt generation, and Tyche (Rakic et al. 2024) introduc-
ing prompt diversity via SetBlock. To improve ICL per-
formance, existing methods typically retrieve and utilize
demonstrations based on embedding similarity using a fixed
retrieval encoder (RE). SupPR/UnsupPR (Zhang, Zhou, and
Liu 2023), Prompt-SelF (Sun et al. 2025), SCS (Suo et al.
2024), InMeMo (Zhang et al. 2024a), and MVPS (Wu et al.
2024) refine this process through prompt fusion, filtering,
or learned strategies. However, all these methods implicitly
assume a universal RE, which is unrealistic in medical do-
mains where high intra-domain variance often leads to sub-
optimal retrieval. We show that selecting task-specific REs
before retrieval significantly boosts ICL performance.

Pre-trained Model Selection

With the rise of large-scale pre-trained encoders, selecting
a suitable model for downstream tasks without costly fine-
tuning has become a key challenge. Existing model evalua-
tion and selection methods are either probabilistic—using
likelihood scores via linear probes (e.g., LEEP (Nguyen
et al. 2020), LogME (You et al. 2021), TransferScore (Yang
et al. 2024), ProjectNorm (Yu et al. 2022))—or feature-
based, evaluating class separability (e.g., GBC (Pandy et al.
2022), H-score (Bao et al. 2019), Face (Ding et al. 2023)).

However, these methods are ill-suited for retrieval en-
coder selection in ICLM: probabilistic methods require out-
put probabilities, which REs lack, and feature-based met-
rics are unreliable in medical ICLMs due to limited train-
ing data failing to capture stable class characteristics. To
bridge this gap, we propose the first RE selection method
for ICLM, directly selecting encoders that generate high-
quality, instance-level demonstrations.
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Figure 3: Limitations of fine-tuning retrieval encoders (RE) and naive encoder selection in ICL-MedSAM for fundus imaging.
(a) Fine-tuning strategies—full supervision (Sup), supervised contrastive learning (SupCon) (Zhang, Zhou, and Liu 2023), and
their high-layer variants (L-Sup, L-sc (= L-SupCon); fine-tuning only upper layers)—applied to a fixed RE (e.g., RN50, with ‘O’
= no fine-tuning) on the training set fail to improve ICLM, as they do not retrieve more relevant demonstrations. (b) Supporting
(a), the t-SNE of RN50 after Sup fine-tuning on RIM-ONE-r3 shows that while training samples are well separated, test queries
remain entangled, confirming ineffective retrieval. (c) GBC scores (x-axis), a classic encoder selection metric, correlate weakly
(|7] = 0.13) with true DSC (y-axis) across 20 encoders and 3 datasets in optic disk segmentation.

Understanding RE Selection in ICLM

To understand retriever encoder (RE) selection in ICLM, we
first formalize the ICLM paradigm, then define RE selection
within it, and finally address three central guiding questions.

In-Context Learning-based Medical segmentation
(ICLM). Given a test query x;, € D, ICLM retrieves a
few relevant image—mask pairs from the training set D4 by
mapping both the query and training images into a shared
feature space using a fixed retriever encoder (RE) F, and
selecting the top-k most similar samples: P(E, x4, Ds) =
{(z4,y:)}¥_,. The segmentation model G then predicts the
mask for 4, conditioned on these retrieved demonstrations:

0q = G(zq, P(E,x4,Dy)) . 1)

Retrieval Encoder Selection in ICLM. This paper shows
that ICLM performance is highly sensitive to the choice of
RE FE (Figure 1), as it directly affects the quality of retrieved
in-context demonstrations. To address this, we aim to rank
encoders from a predefined zoo Z = {Fy,...,FE,} and
select the optimal one E* € Z for each input (Figure 2).
RE selection can be conducted in two modes:

(1) Instance-level: For each query x4, select E using a
score S that is strongly correlated with segmentation perfor-
mance:

E; = arg gzlgéS(Ez,xq).

@)

(2) Task-level: Selecting a single encoder E} for the entire
task. Given the training set D, is labeled, we assess the suit-
ability of each candidate encoder F, € Z by computing S
over all training samples:

> S(E.,xy).

1
E} = arg max
E
) €D,

—_— 3
€z |Dy] )
Once the optimal encoder E* is selected—either at the in-
stance or task level—we use it to retrieve relevant in-context
demonstrations and predict the segmentation mask for each
test query x4 € Dy:

qu :G(IQ,P(E*,IQ,DS)). 4
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(a) query A (RN-18 vs ViT-base) (b) query B (RN-18 vs ViT-base)

Figure 4: Selecting a fixed RE leads to inconsistent ICLM
performance even for samples from the same domain:
RN101 outperforms on query A (0.709 vs. 0.382), while
VIT-base excels on query B (0.772 vs. 0.363), showing that
no single RE guarantees optimal results.

Q1: Why does automatic RE selection matter in ICLM?
To evaluate the importance of RE selection in ICLM, we
conduct two experiments: (1) Using ICL-MedSAM, we test
20 REs on optic cup segmentation. Different REs retrieve
different Top-1 examples, causing over 70% variation in
ICL performance (DSC; Figure 1), demonstrating the impor-
tance of RE choice. (2) One might ask whether fine-tuning a
fixed RE on the training set (Zhang, Zhou, and Liu 2023)
could match or even outperform RE selection. We com-
pare our method with RN-50 fine-tuned using four strate-
gies: fully supervised (Sup), supervised contrastive (Sup-
Con) (Zhang, Zhou, and Liu 2023), and their high-layer
variants (L-Sup, L-SupCon), where only upper layers are
updated. As shown in Figure 3(a), our method—without
any retraining—outperforms all fine-tuned variants by up
to 5% DSC. This suggests that fine-tuning is suboptimal
in medical domains due to sample scarcity and overfit-
ting. Figure 3(b) supports this: fine-tuned REs tend to over-
fit—separating training data well but failing to generalize
to test queries—leading to irrelevant retrievals and degraded
ICL performance.
Q2: Should RE selection be per-query (Eq. (2)) or per-
task (Eq. (3))?

We argue that RE selection should be done per query.
First, intra-domain variation in medical data means queries
from the same domain may rely on different features—some
on local textures, others on global context. Figure 4 il-
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(a) high-quality predicted mask (b) low-quality predicted mask

Figure 5: Higher—quality masks yield more stable structures
under erosion. (a) High- quahty mask (DSC 89.6%) shows
minimal change after erosion (S? = 0.92). (b) Low- -quality
mask (DSC 48.7%) degrades significantly (S* = 0.67).

lustrates this: for a low-contrast retinal fold, the top-1
demonstration retrieved by ResNet-18 achieves a DSC of
0.709, much higher than ViT-base’s 0.362; conversely, for
bright capillary leakage, ViT-base reaches 0.772 compared
to ResNet-18’s 0.363. Second, our experiments show that
selecting the optimal RE per query outperforms using a sin-
gle best (oracle) RE for the entire dataset. As shown in Ta-
ble 1, with UNIVERSEG on FUNDS-OD, per-query RE se-
lection yields a 4.5% average improvement across three sub-
datasets compared to oracle per-dataset selection.

Q3: Why are naive RE selection methods ineffective?

To assess naive RE scoring, we evaluate GBC (Huang
et al. 2022), a representative method that selects encoders
based on feature space geometry—favoring high inter-class
separability and low intra-class variance in the training set
D;. As shown in Figure 3(c), GBC exhibits weak correlation
with actual ICLM performance on optic cup segmentation
(I7] = 0.13) and often ranks suboptimal encoders highest
(Tables 1, 2). Though effective on natural images, GBC fails
in ICL-based medical segmentation due to: (1) limited med-
ical data causing unstable class structure estimates; (2) task-
level scoring that overlooks instance-level variation, crucial
for demonstration retrieval in ICLM.

Instance-adaptive Retrieval Encoder Selection

Building on the insights above, we propose Instance-
adaptive Retrieval Encoder Selection (IRES)—a frame-
work that selects the optimal RE for each query to im-
prove ICLM performance. The key intuition is simple: a
good RE retrieves in-context demonstrations that are struc-
turally aligned with the query, providing meaningful contex-
tual cues. When used for prompting, such demonstrations
help the model generate pseudo-masks with stable, coher-
ent shapes. To capture this property, we introduce the Shape
Stability Score (S%), which measures the robustness of pre-
dicted masks under morphological erosion. Intuitively, high-
quality masks preserve their core structure under erosion,
while noisy or irregular masks degrade quickly. However,
computing S? across all REs for every query is compu-
tationally expensive. To mitigate this, we propose Parallel
Prediction with Reciprocal Neighbor Reuse (P2R)—an effi-
cient strategy that enables parallel inference across REs and
reuses high-quality selections among reciprocal neighbors.
The full IRES algorithm is presented in Algorithm 1, with
detailed discussions of both S and P2R provided below.
Shape Stability Score (S®). Given a query image z,,, we
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Figure 6: S? is strongly correlated with the ground-truth
DSC in optic cup segmentation. Each query yields 20
(S®,DSC) pairs from different retrieval encoders, all of
which are visualized. 7 denotes Pearson correlation.

first retrieve its similar top-s demonstrations {x7,yJ}5_,
from the training set D; using cosine similarity in the feature
space of aRE F,:

{3, yl}5=1 = Top, ({cos(E. (), Ex(x:)) | : € DS})(S')
The pair (zq,{x},yl}5_,) is fed into G to generate a

pseudo-segmentation mask:
g = Gz, {mi»yﬁ}j:l) (6)
To assess the structural quality of the predicted mask g,
we propose the Shape Stability Score (S?), which captures
how well a mask preserves its core structure under morpho-
logical erosion. This design is motivated by classical shape
analysis: erosion removes pixels from object boundaries,
with high-curvature or noisy regions vanishing first (Har-
alick, Sternberg, and Zhuang 1987; Hirata and Papakostas
2021). Hence, regular masks with smooth, coherent shapes
remain largely intact through successive erosions, while ir-

regular or fragmented masks degrade rapidly (see Figure 5).

Formally, let g ( )

define y((,i) as the mask after ¢ iterations of binary ero-
sion using a fixed structuring kernel K (shape element):

gfj) = ;g((j*” oK., 1=1,2,...,t. After ¢ steps,
we track the remaining foreground area |qu> |. Stable masks

exhibit minimal loss over iterations, indicating strong shape
integrity. Based on this, we define S? as:

Sg(xqu )= {
(7N

Here, A denotes the total number of pixels in the image.

When the zero-shot prediction ggo)

denote the initial predicted mask, and

where

if [95”] € {0, A}

) , otherwise

0,
17122 1(‘y

(0)‘ ‘y(z)|
195”1

is either empty or fully

covers the image (i.e., |3]((10)| € {0, A}), the segmentation
model G is considered degenerate, and the stability score
becomes unreliable. To ensure that S? reflects meaningful
structural behavior, we define it as O in such cases. As a re-
sult, higher S? values indicate greater shape integrity and ro-
bustness, making it a reliable metric for evaluating pseudo-
masks in ICL-based medical segmentation.

This erosion stability indicates that the pseudo-mask §, is
well-supported by the retrieved demonstrations {7, v/ i=1



Algorithm 1: Instance-adaptive Retrieval Encoder Selection

Input: ICL-based medical segmentation model G, training
set Dy, test set Dy, encoder zoo Z, cache (2, parameters k,
s, m, erosion steps ¢

1: for each query image x, € D; do

2:  ifx, € Qthen
3: continue {Skip if already processed before or via
reciprocal neighbor reuse }
4:  endif
5:  Initialize candidate list C + []
6:  Parallel for all retrieval encoders F, € Z:
7: Retrieve top-s demonstrations {7,y }*_, via Eq.
(5), predict §, = G(zq, {x],yl};_,) via Eq. (6)
8: compute S*(z,, E,) via Eq. (7), then append
(B.,S*(zq,E.)) to C
9:  Select Ej; = argmax (g, .)cc S?’(avq7 E,) viaEq. (8)
10:  Predict final mask g, = G(xg, P(E;, x4, D)) based
on Eq. (4)
11:  Identify reciprocal neighbors R(z,) from D; (Yang
et al. 2021) in the feature space of Ej
12:  foreachz; € R(zy) and z; ¢ Q2 do
13: Predict and output: §; = G(x;, P(E;, x5, Ds))
based on Eq. (4), then add z; to
14:  end for
150 Add z,to
16: end for

from encoder E,. While prior work has used erosion to
estimate mask uncertainty (Moses, Sammut, and Zrimec
2016; Wang and Wang 2021), we instead leverage S® to as-
sess model-query compatibility in ICLM. As shown in Fig-
ure 6, S3 correlates strongly with segmentation performance
across datasets (e.g., 7 > 0.8 on REFUGE and Drishti-GS
for optic cup segmentation). Based on this, we rank encoders
by S? and select the one with the highest score:

E; = arg max S*(xq, E.), 8)
and use it to perform the final prediction with Eq. (4) for
query 4.

Parallel Prediction and Reciprocal Reuse (P2R). Re-
ciprocal Reuse (P2R). Evaluating each query across all ref-
erence encoders (REs) in Z requires roughly R x I units
of computation, where R denotes the number of REs and [
represents the cost of a single forward pass through the seg-
mentation model G. For N queries, the total computational
demand increases proportionally to N x R x I. Although
feature extraction and similarity search can be precomputed,
and I remains constant during inference, the total cost still
grows linearly with both N and R, limiting efficiency.

P2R mitigates this overhead through two components:
parallel prediction and reciprocal neighbor reuse (RR). The
first leverages hardware parallelism to evaluate all R en-
coders concurrently. The second exploits local consistency
in the feature space: queries that are reciprocal neigh-
bors—i.e., each appears in the other’s top-m nearest neigh-
bors—tend to share semantic similarity (Yang et al. 2021;
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Wang et al. 2022; Zhang et al. 2024b) and often prefer the
same RE. Based on this observation, RR directly assigns the
optimal encoder £/ of a query z, to its reciprocal neighbors:
Rlxg) = {x; | 2; € 10p,, (v,). T4 € t0p,,(z;)}. thereby
skipping the computation of selection scores (S?) for these
samples. This avoids redundant scoring and encoder evalu-
ation, significantly accelerating inference. A cache €2 stores
completed samples so that any x; € €2 is skipped in fu-
ture steps. Moreover, RR enables encoder reuse within local
clusters by propagating the selected encoder to its reciprocal
neighbors, preventing redundant one-time usage.

In combination, P2R reduces the total inference workload
to approximately N’ x R’ x I, where N’ < N denotes the
subset of queries requiring full evaluation and R’ reflects the
effective cost amortized by parallel processing. On fundus
image segmentation, P2R achieves more than a 60% reduc-
tion in inference time (Table 3) with less than a 2% drop in
accuracy (Figure 7(a)), demonstrating strong efficiency with
minimal performance degradation. The complete procedure
is summarized in Algorithm 1.

Experiments

Dataset. Following (Hu et al. 2024), we evaluate IRES on
three public medical segmentation tasks: (1) Fundus seg-
mentation (FUNDUS-OD/OC): A two-class task segment-
ing the optic disc (OD) and optic cup (OC) using REFUGE
(Orlando et al. 2020), RIM-ONE-r3 (Fumero et al. 2011),
and Drishti-GS (Sivaswamy et al. 2015). (2) Brain tumor
segmentation: A three-class task segmenting whole tumor
regions from 2D axial FLAIR MRI slices in BraTS2020
(Bakas et al. 2018), including both high-grade (HGG) and
low-grade gliomas (LGG). (3) Chest X-ray segmentation: A
two-class task extracting lung masks from frontal chest X-
rays (Jaeger et al. 2013; Candemir et al. 2013).

Retrieval encoder Zoo. We construct an encoder zoo
comprising 20 widely used pre-trained retrieval encoders,
spanning a range of architectures, training paradigms,
and domain specializations. CNN-based encoders: ResNet-
18/50/101 (Targ, Almeida, and Lyman 2016), VGG16 (Si-
monyan and Zisserman 2014), EfficientNet (Tan and Le
2019), MobileNet (Howard 2017). Transformer-based en-
coders: ViT-Base (Dosovitskiy et al. 2020), DeiT-Base (Tou-
vron et al. 2021). Hybrid encoders: ConvNeXt (Liu et al.
2022). Contrastive learning-based encoder: DINOv2-Giant
(Caron et al. 2021). Multi-modal vision encoders: EVA-
Giant-Patch-CLIP (Fang et al. 2023), ViT-Large-Patch14-
CLIP (Li et al. 2021, 2024). Medical imaging-specific en-
coders: MedSAM-VIiT (Ma et al. 2024) (segmentation);
RETFound-OCT and RETFound-CFP (Zhou et al. 2023)
(fundus analysis). General medical vision-language en-
coders: PLIP (Huang et al. 2023), BiomedCLIP (Zhang et al.
2023), PathCLIP (Zheng et al. 2024), COACH (Lu et al.
2024), PubMedCLIP (Eslami, de Melo, and Meinel 2021).

Implementation Details. To validate our method, we
compare it with three state-of-the-art ICL-based medical
segmentation models (MSMs): UNIVERSEG (Butoi et al.
2023), ICL-SAM (Hu et al. 2024), and ICL-MedSAM (Hu
et al. 2024). ICL-SAM and ICL-MedSAM automatically



FUNDUS-OD FUNDUS-OC BrasTS2020
MSMs | Method | REFUGE RIM-ONE-r3 Drishti-GS ~ Avg | REFUGE RIM-ONE-r3 Drishti-GS  Avg | HGG LGG  Avg
RandomPR | 76.9 536 759 688 | 657 273 606 512 | 181 137 159

Worst-S 774 539 759 691 | 647 28.4 s61 497|153 85 119

Ave-S 798 58.4 786 23| 686 336 653 558 | 221 135 178

UNIVERSEG | Gpc 80.0 58.1 785 722 | 709 353 674 579 | 243 142 193
Best-S 82.4 613 809 749 | 7LS 36.9 688 591 | 279 220 250

| IRES | 857 683 841 794 | 710 349 665 575 | 323 150 237

RandomPR | 90.6 706 839 834 | 678 3038 547 SL1| 291 238 265

Wors(-S 905 703 839 832 | 659 339 541 513 | 238 200 217

Avg-S 9238 76.0 907 865 | 697 387 578 554 | 319 253 286

ICL-MedSAM | e 925 773 %04 867 | 727 403 579 570 | 347 331 339
Best-S 947 79.0 o15 884 | 740 427 605 591 | 382 331 357

| IRES | 950 85.6 937 914 | 735 489 666 630 | 434 314 374

RandomPR |  88.0 654 85 790 | 619 285 464 456 | 189 160 175

Wors(-S 90.4 61.0 856 790 | 622 313 452 462 | 139 109 124

CL.SAM Avg-S 910 68.9 859 819 | 651 347 503 500 | 228 164 196
GBC 808 713 862 824 | 694 343 514 517 241 143 192

Best-S 914 733 851 833 | 702 369 527 533 | 292 264 278

| IRES | 915 771 895 860 | 695 438 574 569 | 351 297 324

Table 1: Performance (DSC %) on FUNDUS and BrasTS2020. MSMs denote ICL-based medical segmentation models.

Chext X-ray FUNDUS (Distribution shift)

MSMs | Method | LungS | FUNDUS-OD FUNDUS-OC
RandomPR 64.9 64.1 42,0
Worst-S 64.6 59.4 372
Avg-S 74.1 66.5 44.1
UNIVERSEG | Gpc 65.0 675 443
Best-S 76.1 70.1 49.7
| IRES | 80.3 | 72.6 485
RandomPR 83.0 80.9 48.2
Worst-S 82.6 77.3 40.7
Avg-S 86.9 82.6 48.8
ICL-MedSAM | 5 827 832 473
Best-S 88.1 85.9 56.6
| IRES | 920 | 88.4 58.0
RandomPR 85.2 76.9 41.2
Worst-S 84.4 72.9 362
Avg-S 88.6 79.9 434
ICL-SAM GBC 85.7 80.1 43
Best-S 89.8 85.3 51.3
| IRES | 921 | 83.6 52.0

Table 2: Performance (DSC %) on Chest X-ray and FUN-
DUS (distribution shift).

generate prompts from input images, eliminating the need
for manual prompt design. Neuralizer (Czolbe and Dalca
2023) is excluded due to poor ICL performance on chal-
lenging Brain, and Tyche (Rakic et al. 2024) due to incom-
plete code. All models are evaluated without fine-tuning on
NVIDIA Tesla V100 GPUs (40 GB), with results averaged
over three random seeds. We set s = 1, £ = 1 (in-context
demonstrations), m = 3 (reciprocal neighbors), kernel size
K, = 3,and t = 1 for the S® module. Performance is re-
ported using the Dice Similarity Coefficient (DSC).
Baselines. We compare IRES with two categories of base-
lines: (i) Randomized retrieval: (1) RandomPR: Randomly
selects k in-context demonstrations from the training set for
each test query. (ii) RE selection methods: (2) Worst-S: For
each dataset, each of the 20 REs retrieves top-k demonstra-
tions, which are then used to compute ICLM segmentation
performance. The RE with the lowest performance is re-
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ported as the worst case. (3) Avg-S: Same as above, and
reports the average ICLM performance across all 20 REs.
(4) Best-S: Same as above, and reports the highest perfor-
mance—an empirical upper bound. (5) GBC (Huang et al.
2022): Scores REs based on intra-class compactness and
inter-class separability, following prior feature-level selec-
tion methods (Ding et al. 2023; Pandy et al. 2022; Bao et al.
2019). (6) IRES (Ours): Unlike prior methods that select
a single encoder per dataset, IRES performs per-query en-
coder selection based on S? and P2R.

Note: All RE selection methods use the same top-k re-
trieval pipeline with cosine similarity, without post-retrieval
strategies—ensuring a fair comparison focused on encoder
selection, which is the focus of this work. Post-retrieval
strategies (e.g., Prompt-Self (Sun et al. 2025), SCS (Suo
et al. 2024)) are beyond our scope and can be integrated
in the future. Probability-based selection methods (Nguyen
et al. 2020; Huang et al. 2022; Yu et al. 2022; Yang et al.
2024) are inapplicable as REs lack probabilistic outputs.

Main results

As shown in Tables 1 and 2, IRES consistently improves
performance across three ICL-based medical segmentation
models (MSMs) on three benchmarks, outperforming all
baselines including RandomPR, Worst-S, Avg-S, and GBC.
On the simpler FUNDUS-OD dataset (Table 1), IRES yields
significant gains—for example, under UNIVERSEG, it im-
proves DSC over RandomPR by 8.8%, 14.7%, and 8.2%
on REFUGE, RIM-ONE-r3, and Drishti-GS, respectively.
Similar improvements (>5%) hold across other MSMs. On
the more challenging BraTS2020 dataset, IRES achieves
a 14.9% average gain over RandomPR under ICL-SAM,
showing strong adaptability to complex tasks, and consis-
tently outperforms other baselines. For Chest X-ray seg-
mentation (Table 2), IRES surpasses RandomPR by over
9% under both UNIVERSEG and ICL-MedSAM, and con-
sistently outperforms all baselines, demonstrating IRES’s
generalization. Notably, IRES often outperforms the oracle
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Figure 7: Ablation study on the effects of reciprocal neighbor count, number of ICL demonstrations, and demonstration order

on segmentation performance (DSC) and inference time.

MSMs ‘ REFUGE RIM-ONE-r3

to tpe  tper | to tpa  tpar
UNIVERSEG | 114m 7.0m 55m | 132m 8.Im 5.8m
ICL-MedSAM | 15.lm 7.7m 57m | 16.7m 9m  6.4m
ICL-SAM 16m 7.7m 59m | 153m 9.Ilm 7.2m

Table 3: Total selection and inference time on the full dataset
using three ICL-based segmentation models (MSMs). P2R
accelerates selection and inference via parallel prediction
(PP) and reciprocal neighbor reuse (RR). t,: original; ¢ ps:
+ PP; tpop: + PP + RR. Time in minutes (m).

Best-S—on FUNDUS-OD, it exceeds oracle performance
by 3%—4.5% across MSMs—highlighting the strength of
instance-level encoder selection in capturing fine-grained re-
trieval signals beyond task-level selection.

Further Analysis

Experiments on distribution shifts. We further assess
IRES under domain shifts—a central challenge in med-
ical segmentation. To this end, we design a cross-
domain protocol on FUNDUS, where in-context demon-
strations (training) and query samples (test) are drawn
from different datasets. We define six shift scenarios:
REFUGE—RIM-ONE-13, REFUGE—Drishti-GS, RIM-
ONE-r3—REFUGE, RIM-ONE-r3—Drishti-GS, Drishti-
GS—REFUGE, and Drishti-GS—RIM-ONE-r3.

Table 2 reports average segmentation performance un-
der shift, with three key observations: (1) RandomPR de-
grades notably under shift, dropping from 68.8% (Table 1)
to 64.1% (FUNDUS-OD) and from 51.2% (Table 1) to
42.0% (FUNDUS-OC) under UNIVERSEG, indicating re-
duced utility of mismatched demonstrations. (2) Worst-S un-
derperforms RandomPR in some cases, due to feature bias
under domain shift impairing retrieval quality. (3) IRES con-
sistently outperforms all baselines, improving performance
by over 5% on average. It often exceeds even Best-S, show-
ing that dynamic, instance-level encoder selection enhances
robustness to distribution shifts by retrieving more relevant
demonstrations.

Time analysis. We evaluate the efficiency of P2R in re-
ducing the total selection and inference time of instance-
adaptive encoder selection. Table 3 reports the ablation of
our P2R on time in the FUNDUS-OD datasets (REFUGE
and RIM-ONE-r3) across three ICL-based segmentation
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models (MSMs). For example, with ICL-MedSAM on
REFUGE, encoder parallelism reduces runtime from 15.1
min (t,) to 7.7 min (¢ p2), and further to 5.7 min (¢ poz) with
reciprocal neighbor reuse—highlighting the benefit of en-
coder sharing. This trend holds across datasets and MSMs,
demonstrating P2R’s efficiency and practical potential.

Effect of Reciprocal Neighbor Number. We assess the
robustness of our RE selection IRES method under varying
numbers k of ICL demonstrations. As shown in Figure 7(a),
on simpler datasets (e.g., REFUGE, Drishti-GS), increasing
the number of reciprocal neighbors (1) has minimal effect
on performance (within 1% of the baseline at m=0), indicat-
ing effective encoder reuse even with limited ICL samples.
On the challenging RIM-ONE-r3, performance drops by up
to 5% as m increases, likely because the shared encoder
is suboptimal for distant neighbors. Figure 7(b) shows that
larger m significantly reduces inference time (up to 60% at
m=>5) by cutting encoder selection overhead. We use m=3
by default to balance accuracy and efficiency.

Effect of Number and Order of In-Context Demon-
strations. We examine the effects of demonstration number
and order on optic cup segmentation using ICL-MedSAM
on RIM-ONE-r3. As shown in Figure 7(c), performance
improves with more demonstrations, with the largest gains
from the first few; further additions yield diminishing re-
turns, likely due to semantic redundancy. To assess order
sensitivity, we test all six permutations of the top three
demonstrations. Figure 7(d) shows performance varies by
less than 0.5%, suggesting minimal sensitivity to order.

Conclusion

In this paper, we studied the overlooked practice of using a
fixed, manually chosen retrieval encoder (RE) in in-context
learning-based medical image segmentation (ICLM). Our
analysis showed that segmentation performance varied by
more than 70% across encoders for the same query, reveal-
ing the inefficiency of fixed REs. To address this, we for-
mulated the retrieval encoder selection problem and demon-
strated that instance-level selection led to substantial perfor-
mance gains. We introduced Instance-adaptive Retrieval En-
coder Selection (IRES), which dynamically selected the op-
timal RE for each query using a shape-based stability score
and accelerated inference through reciprocal reuse and par-
allel prediction. Experiments on multiple datasets showed
that IRES consistently improved ICLM performance.
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