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Figure 1: (a) Strategy-Based Selection In-Context Learning: requires storing the full support set and computing similarities
between each test input and all support samples before inference. (b) Coreset Selection In-Context Learning: uses a coreset
selection strategy to explore an informative subset from the entire support set, reducing the cost of selecting demonstrations.
(c) Key-based Coreset Optimization: the untapped samples in the support set are used to update the coreset. Specifically, this
involves updating the key of each sample, where the key refers to the visual feature of the sample.

Abstract
In-context learning (ICL) enables Large Vision-Language Models
(LVLMs) to adapt to new tasks without parameter updates, using a
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few demonstrations from a large support set. However, selecting in-
formative demonstrations leads to high computational and memory
costs. While some methods explore selecting a small and represen-
tative coreset in the text classification, evaluating all support set
samples remains costly, and discarded samples lead to unnecessary
information loss. These methods may also be less effective for im-
age classification due to differences in feature spaces. Given these
limitations, we propose Key-based Coreset Optimization (KeCO),
a novel framework that leverages untapped data to construct a
compact and informative coreset. We introduce visual features as
keys within the coreset, which serve as the anchor for identifying
samples to be updated through different selection strategies. By
leveraging untapped samples from the support set, we update the
keys of selected coreset samples, enabling the randomly initialized
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coreset to evolve into a more informative coreset under low com-
putational cost. Through extensive experiments on coarse-grained
and fine-grained image classification benchmarks, we demonstrate
that KeCO effectively enhances ICL performance for image clas-
sification task, achieving an average improvement of more than
20%. Notably, we evaluate KeCO under a simulated online scenario,
and the strong performance in this scenario highlights the prac-
tical value of our framework for resource-constrained real-world
scenarios.

CCS Concepts
• Computing methodologies → Knowledge representation
and reasoning; Computer vision; Natural language process-
ing.

Keywords
In-context Learning; Large Vision-Language Model; Coreset

ACM Reference Format:
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1 Introduction
In-context learning (ICL) has emerged as a powerful paradigm [4, 7]
that enables Large Language Models (LLMs) to solve novel tasks
by conditioning on a few in-context examples (ICEs), without ad-
ditional training. This paradigm is particularly appealing in real-
world scenarios where fine-tuning is costly or infeasible. Recently,
ICL has been extended to the multi-modal setting, where Large
Vision-Language Models (LVLMs) leverage a few image-text pairs
as ICEs to perform downstream tasks [1, 16, 20, 39].

Prior studies have shown that ICL performance is highly sensi-
tive to the selection of ICEs [3, 5]. Compared to conventional ran-
dom selection, recent works adopt more effective strategies, such as
similarity-based retrieval, to select informative ICEs [23, 32, 33, 50].
However, as illustrated in Figure 1 (a), these methods require stor-
ing and traversing the entire support set, resulting in significant
computational and memory overhead. To mitigate this issue, re-
cent studies in Natural Language Processing (NLP) have explored
coreset selection techniques, which aim to identify a small yet rep-
resentative subset of the support set [26, 38]. For example, [26] use
language model feedback to identify samples whose influence on
model predictions surpasses that of other samples in the support
set. As shown in Figure 1 (b), this approach substantially reduces
retrieval costs while maintaining comparable ICL performance.

Despite these advances, coreset-based strategies still face several
limitations in ICL. First, identifying a coreset typically involves
complex selection mechanisms and time-consuming evaluations of
all support set samples. Second, applying sample-level coreset selec-
tion to image classification is inherently challenging. Unlike textual
data, which is often composed of compact discrete tokens, visual
inputs are inherently richer and more diverse [11]. For example,
images of a ‘hen’ may vary significantly in pose, background, and
other category-irrelevant factors, making it harder to adequately

represent the underlying feature space within a fixed small subset.
Third, fixed coresets inevitably discard a large portion of the sup-
port set. Although these samples are evaluated during selection, the
information they contain remains unused in downstream inference,
leading to unnecessary information loss.

Given these limitations, we propose a novel coreset construc-
tion framework for image classification tasks, termed Key-based
Coreset Optimization (KeCO). Instead of relying solely on sample
selection, KeCO leverages untapped data to update coreset repre-
sentations at the feature level, yielding a compact yet informative
coreset for effective ICL with LVLMs. Specifically, KeCO consists
of three steps: (1) we begin by randomly sampling an initial coreset
from the support set. Although simple, this initialization proves
effective when followed by our feature-level refinement procedure.
We extract visual features from coreset samples as keys, which serve
as anchors for subsequent selection and update processes. (2) The
remaining untapped samples are then used to update the coreset.
For each incoming query sample from the untapped set, we retrieve
a target sample from the coreset to be updated. We investigate var-
ious selection strategies (e.g., diversity-based selection) at this step
to examine their impact on coreset optimization. (3) Once a target
sample is selected, its key is updated by incorporating information
from the query sample via linear interpolation.

After iteratively running steps (2) and (3) to refine the coreset
with untapped samples, we obtain a compact coreset that signifi-
cantly enhances ICL performance. To further demonstrate its prac-
ticality, we extend KeCO to a simulated online scenario, where
samples are no longer available all at once but instead arrive in
a streaming fashion. KeCO naturally adapts to this setting with
minimal adjustments, enabling LVLMs to continuously benefit from
incoming samples under constrained memory resources.

We evaluated KeCO on three datasets spanning both coarse-
grained and fine-grained image classification datasets. Compared
to the fixed coreset, KeCO improves the ICL performance by 20%
for OpenFlamingo-3B (OF-3B) [2] and 10% for IDEFICS-8B (IDE-
8B) [16]. Remarkably, KeCO even outperforms the ICL using the
full support set, which is five times larger than the coreset, by
approximately 10% for OF-3B and 4% for IDE-8B.We further demon-
strate that target sample selection plays a crucial role in our frame-
work, with diversity-based selection yielding the best results. In
addition, KeCO achieves larger gains on fine-grained datasets, high-
lighting its effectiveness in capturing subtle visual distinctions. In
the simulated online scenario, KeCO maintains strong and stable
performance. For instance, it enables Qwen2-VL [40] to exceed the
baseline by approximately 5% on CUB-200. Our main contributions
are summarized as follows:

• We propose a novel coreset optimization framework, KeCO,
which constructs a compact and effective coreset from a large
support set. To the best of our knowledge, this is the first attempt
to introduce coreset optimization into the ICL paradigm.

• KeCO leverages untapped data to aggregate category-relevent
information into the coreset via feature-level updates. Notably,
KeCO achieves strong performance in a simulated online scenario,
demonstrating its practical applicability.

• Extensive experiments show that KeCO significantly boosts ICL
performance for image classification task. We further identify
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that diversity-based selection outperforms other target sample
selection strategies, shedding light on better update mechanisms.

2 Related Work
2.1 Large Vision-Language Model
Large Vision-Language Models (LVLMs) [27] are generally built
on a vision encoder, a pre-trained Large Language Model (LLM),
and an alignment module between the vision encoder and the LLM.
The level of performance of these models has started to approach
those of LLMs, especially after multimodal instruction tuning [6, 12,
13, 28, 45–47]. Although there are numerous LVLMs available, it is
important to note that not all of these models support in-context
learning (ICL). For example, mPLUG-Owl [44], BLIP-2 [22] and
MiniGPT-4 [51] lack the capabilities for ICL because they have
not undergone dedicated few-shot pre-training and cannot handle
the input distribution associated with ICL. In contrast, models like
Flamingo [1] and IDEFICS [16] are specifically designed to support
this task. In this work, we mainly focus on two open-source models
with ICL capabilities (OpenFlamingo [2] and IDEFICS [16]) for our
main experiments. Additional experiments are also performed on a
high-performance commercial model, Qwen2-VL [40].

2.2 Multimodal In-context Learning
ICL enables LLMs to tackle novel tasks by leveraging a few demon-
strations from a support set [4, 7]. Building on this success, ICL
has been extended to LVLMs [1, 2, 8, 17, 19, 21, 39]. To further
enhance ICL in LVLMs, several works have focused on improv-
ing the construction strategies of in-context sequences, such as
similarity-based selection [25, 30, 32, 33, 43] and diversity-based
selection [18, 23]. Despite its effectiveness, it faces challenges in
resource-limited scenarios, requiring large storage and significant
computational resources for computation [14, 42]. Therefore, in the
NLP domain, some works focus on selecting samples from an unla-
beled pool for annotation to reduce annotation costs [31, 34], while
others attempt to explore a representative coreset for ICL [26, 38].
However, identifying such a coreset requires complex computation
strategies and time-consuming evaluations of all samples in the
support set. Additionally, a small coreset may not adequately rep-
resent the diverse semantics of the dataset in vision domain, and
discarded data from the support set remains untapped. To overcome
these limitations, we randomly sample a coreset and then integrate
feature-level information from the untapped data to enhance the
information contained within this coreset.

3 Method
3.1 Preliminaries
The conventional In-context learning (ICL) within Large Vision-
Language Model (LVLMs) is to construct an in-context sequence
D by retrieving 𝑛 samples from a given support set. Specifically,
given a support set S = {(𝑰𝑖 ,𝒚𝑖 )}𝑁𝑖=1, where 𝑰𝑖 represents an image
and 𝒚𝑖 is its corresponding label, the in-context sequence is formed
as follows:

D = {(𝑰1,𝒚1), (𝑰2,𝒚2), . . . , (𝑰𝑛,𝒚𝑛), (𝑰 )}. (1)

Here, the first 𝑛 image-label pairs serve as demonstrations, while
𝑰 is the test image whose label 𝑦 needs to be predicted. The con-
structed sequence D is then fed into the LVLM, which generates
the predicted label𝑦 based on the following probability distribution:

𝑦 = argmax
𝑦∈𝑌

𝑃 (𝑦 | D), (2)

where 𝑌 is the label space.
The selection of in-context examples {(𝑰1,𝒚1), . . . , (𝑰𝑛,𝒚𝑛)} plays

a crucial role in the performance of ICL, as it directly affects the
contextual understanding and generalization capability of LVLMs.
A common approach is similarity-based retrieval, where samples
most similar to the test image 𝑰 are selected based on a feature
extractor 𝜙 (·), such as CLIP:

sim(𝑰 , 𝑰𝑖 ) = 𝜙 (𝑰 )⊤𝜙 (𝑰𝑖 ), where 𝑰𝑖 ∈ D . (3)

However, this method becomes computationally expensive for a
large support set. To improve efficiency, coreset-based methods first
select a compact and representative subset C ⊂ S, then retrieve
samples from C instead of the whole support set S. The coreset can
be constructed by samples with high diversity or large information
gain, ensuring a more representative selection for ICL. However,
due to the nature of the feature spaces in NLP and vision domain
are fundamentally different, coreset methods in the NLP domain
still struggle to successfully apply to the vision domain.

3.2 Key-based Coreset Optimization (KeCO)
To address the aforementioned issues, we propose a straightfor-
ward but effective framework to obtain a compact and effective
coreset, termed Key-based Coreset Optimization (KeCO), as shown
in Figure 2. Given a support set S of size 𝑛, we select a initial subset,
referred to as the Key-based Coreset, denoted by C, with a size of
𝑚, where𝑚 < 𝑛. The untapped samples in S form the untapped set
S′ = S − C. S′ will be used to update C, and the updated coreset
is denoted as C′. As shown in Figure 2, this framework consists of
three stages:
• Key-based Coreset Initialization: A coreset C is first selected
from the entire support set S. The visual feature of the samples
in C are extracted using a vision encoder, which serves as their
corresponding keys for retrieval and updates.

• Target Sample Selection: Given a query sample 𝑠 from un-
tapped set 𝑆 ′, a corresponding target sample 𝑡 from C will be
selected using different selection strategies.

• Key-based Sample Update: An update strategy is applied to
incorporate the information from the untapped query samples
into each 𝑡 , resulting in more informative coreset C′.

In the following subsections, we detail each stage of KeCO.

3.3 Key-based Coreset Initialization
We adopt a simpleRandom initialization strategy to get the initial
coreset. Specifically, given a support set S = {(𝑰𝑖 ,𝒚𝑖 )}𝑛𝑖=1 with 𝑗

categories, we construct C by randomly selecting𝑚 samples while
ensuring class balance. That is, for each category 𝑐 ∈ {1, . . . , 𝑗}, we
select

C =

𝑗⋃
𝑐=1

C𝑐 , where C𝑐 = {(𝑰𝑖 ,𝒚𝑖 ) | 𝒚𝑖 = 𝑐, (𝑰𝑖 ,𝒚𝑖 ) ∈ S}, (4)
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Figure 2: Overview of the KeCO framework: First, a subset is randomly selected from the support set 𝑆 to initialize the Coreset
𝐶, with the remaining samples forming the untapped set 𝑆 ′. A vision encoder is then used to extract visual features for all
samples in 𝐶, which serve as their keys. Next, for each query sample 𝑠 in the untapped set, its extracted feature will be used to
select a corresponding target sample 𝑡 ∈ 𝐶 based on three different strategies (Random Selection, Similarity-based Selection,
Diversity Selection). Finally, the key of each 𝑡 in 𝐶 will be updated by aggregating the features of all associated query samples.

such that |C𝑐 | =𝑚/ 𝑗 , where C𝑐 denotes the subset of C belonging
to the category 𝑐 . For each selected sample, we extract its visual
feature 𝒌 using a vision encoder 𝜙 , which serves as its key and is
stored within C. These keys are later used for retrieval and updating
in subsequent stages. Thus, each element in C is represented as:

C = {(𝑰𝑖 ,𝒚𝑖 , 𝒌𝑖 ) | 𝒌𝑖 = 𝜙 (𝑰𝑖 ), 𝑖 = 1, . . . ,𝑚}. (5)

Beyond random initialization, we also explore two alternative
initialization strategies: K-center initialization and InfoScore
initialization. The K-center approach aims to maximize diversity
by selecting samples that best represent the overall distribution of
S, while the InfoScore method prioritizes samples with the high-
est information gain based on LVLM’s feedback. Implementation
details of these strategies are provided in Appendix A.1.

3.4 Target Sample Selection
After Initialization, we use the untapped set S′ to update C. For
each query sample 𝑠 = (𝑰𝑠 , 𝑐) ∈ 𝑆 ′, we need to determine which
sample in C could be updated by 𝑠 . We refer to this sample in C
as the target sample 𝑡 . To effectively select the best 𝑡 for 𝑠 , we
first retrieve all samples in 𝐶 with the same class label 𝑐 , denoted
as 𝐶𝑐 , then explore the following selection strategies to choose the
corresponding target sample 𝑡 from 𝐶𝑐 :
• Random Selection (RS): The simplest approach is to randomly
select a target sample from 𝐶𝑐 . While easy to implement, this
method does not prioritize samples that may benefit most from
updates.

• Similarity-based Selection (SS): In this strategy, we select the
sample that is most similar to 𝑠 from𝐶𝑐 . To measure similarity, we
compute the cosine similarity between feature representations:

𝑡 = arg max
𝑒∈𝐶𝑐

𝑘𝑒 · 𝜙 (𝑰𝑠 )
∥𝑘𝑒 ∥∥𝜙 (𝑰𝑠 )∥

, (6)

where 𝑘𝑒 denotes the key of the sample 𝑒 in 𝐶 . This method
ensures that the keys in 𝐶 are updated only by the most similar
samples from the newly incoming data.

• Diversity-based Selection (DS): In this strategy, we select the
sample that is least similar to 𝑠 . While this may initially appear
counterintuitive, it has been shown to be the most effective strat-
egy as demonstrated and discussed in our Section 4.4:

𝑡 = arg min
𝑒∈𝐶𝑐

𝑘𝑒 · 𝜙 (𝑰𝑠 )
∥𝑘𝑒 ∥∥𝜙 (𝑰𝑠 )∥

, (7)

Once the target sample 𝑡 is selected, it will undergo the key-based
update process described in the next section.

3.5 Key-based Sample Update
We utilize untapped set 𝑆 ′ to update the keys in the coreset, dividing
it into mini-batches for smooth updates:

𝑆 ′ =
(𝑛−𝑚)/𝑏⋃

𝑖=1
𝑆 ′𝑖 , (8)

where each batch 𝑆 ′
𝑖
= {𝑠𝑖1 , 𝑠𝑖2 , . . . , 𝑠𝑖𝑏 } contains 𝑏 samples.

For each sample 𝑠 ∈ 𝑆 ′
𝑖
, we select a corresponding target sam-

ple 𝑡 ∈ C from the coreset, based on the strategy introduced in
Section 3.4. Since multiple samples in 𝑆 ′

𝑖
may select the same target

𝑡 𝑗 , we group all such samples together:

𝑆 ′𝑖, 𝑗 = {𝑠 ∈ 𝑆 ′𝑖 | target(𝑠) = 𝑡 𝑗 }, (9)

where target(𝑠) denotes the selected target sample for 𝑠 . This de-
fines 𝑆 ′

𝑖, 𝑗
as the subset of samples in batch 𝑆 ′

𝑖
that share 𝑡 𝑗 as their

target.
Then, we update the key 𝑘𝑡 𝑗 of 𝑡 𝑗 using:

𝑘′𝑡 𝑗 = 𝑘𝑡 𝑗 − 𝛼 · 1
|𝑆 ′
𝑖, 𝑗
|
∑︁
𝑠∈𝑆 ′

𝑖,𝑗

(𝑘𝑡 𝑗 − 𝜙 (𝑰𝑠 )), (10)

where |𝑆 ′
𝑖, 𝑗
| is the number of samples associated with 𝑡 𝑗 , and

𝛼 is a update rate that controls the size of the update step, which
ranges from 0 to 1. This update strategy encourages each key to
move toward the averaged features of its associated samples in a
controlled manner, and the update process is repeated for 𝑒 epochs.
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3.6 Simulated Online Scenario
In addition to the general coreset update using a fixed support set,
we also explore a scenario that is more aligned with realistic and
practical considerations: the simulated online scenario, where
the untapped samples arrive in a streaming pattern. Specifically,
we consider a data streamSstream = {(𝑰1,𝒚1), (𝑰2,𝒚2), . . . , (𝑰𝑛,𝒚𝑛)}
of size 𝑛, where each sample arrives sequentially. Our framework
adapts naturally to this online scenario with minor modifications to
the three core steps: key-based coreset initialization, target sample
selection, and key-based sample update.

Online Key-based Corese Initialization. Unlike the general
scenario where the coreset C is initialized all at once, the online sce-
nario requires a Filling-based initialization due to the sequential
data stream. To maintain class balance, we allocate a quota of𝑚/ 𝑗
samples per class for a total coreset size𝑚 over 𝑗 classes. For each
incoming sample (𝑰𝑠 ,𝒚𝑠 ), if class 𝒚𝑠 has fewer than𝑚/ 𝑗 samples in
C, it is directly added. Otherwise, it updates C via our key-based
strategy.

Online Target Sample Selection.
To determine the target sample to update, we adopt the same

selection strategies as in the general scenario: RS, SS, and DS, as
described in Section 3.4.

Online Key-based Sample Update. After selecting the target
sample 𝑡 from the coreset, the incoming sample (𝑰𝑠 ,𝒚𝑠 ) is used
to update the key of 𝑡 using the same update rule introduced in
Equation (10). Since data arrives one sample at a time, the update
is applied immediately upon the arrival of each new sample:

𝑘′𝑡 = 𝑘𝑡 − 𝛼 (𝑘𝑡 − 𝜙 (𝑰𝑠 )) = (1 − 𝛼)𝑘𝑡 + 𝛼 · 𝜙 (𝑰𝑠 ), (11)

where𝜙 (𝑰𝑠 ) is the visual representation of the incoming sample and
𝛼 is the update rate that ranges from 0 to 1. This online update strat-
egy enables the coreset to continually integrate new information
without storing the entire data stream.

3.7 Inference and Evaluation
Once we obtain the final coreset C′ by updating C via KeCO, we
can evaluate a test image 𝑰 by retrieving the top-𝑘 most relevant
samples from C′, based on the similarity between 𝜙 (𝑰 ) and all
stored keys 𝒌 . These retrieved samples constitute the in-context
sequence D, which is concatenated with the test image and fed
into the frozen LVLM for prediction, as defined in Equation (2).

4 Experiments
4.1 Models
LVLMs Given the limited number of LVLMs supporting multi-
modal ICL, we employ OpenFlamingo-3B (OF-3B) [1] and IDEFICS-
8B (IDE-8B) [16] to evaluate the ICL performance.
Vision Encoder We choose to use CLIP/ViT-L-14 (CLIP) [35] and
google/siglip-so400m-patch14-384 (Siglip) [48] to extract visual
feature of sample’s image, serving as the key for each sample. They
are the corresponding visual language models (VLMs) for OF-3B
and IDE-8B, respectively. This is done to align the representation
space of LVLMs.

4.2 Baselines
To evaluate the effectiveness of KeCO, we compare our method
with two traditional ICL baselines.
Fewshot in Coreset (FS-IC). We evaluate the coreset 𝐶 that is
constructed solely through key-based initialization from the sup-
port set 𝑆 , without any refinement using the untapped samples
𝑆 ′. During ICL inference, demonstrations are selected from this
unrefined coreset 𝐶 to form ICEs for prediction.
Fewshot in Support Set (FS-IS). To evaluate the performance on
the entire support set 𝑆 , demonstrations are selected directly from
𝑆 to form ICEs for ICL inference, with no updates applied to the
data.

4.3 Implementation Details
We utilize three image classification datasets, which include both
coarse-grained and fine-grained categories. Specifically, they are
CUB-200 [41], Stanford Dogs [15], and ImageNet-100 [37](details
of these datasets are provided in Appendix A.2). We evaluate the in-
context image classification capability of OF-3B, IDE-8B andQwen2-
VL [40] in different methods. For OF-3B, due to its limited context
length, we employ probabilistic inference for it. Specifically, for
each class name, we compute the probability of the class name given
the image and the prompt, denoted as prob(class name|image, ICE
sequences), and select the class name with the highest probability as
the prediction. Since class names can consist of multiple tokens (e.g.,
"tiger shark" consists of two tokens), we average the probabilities
of all tokens [4]. For IDE-8B and Qwen2-VL [40], we provide a list
of candidate choices in the prompt, and we follow [9] to formulate
image classification as a multiple-choice problem. In addition to
the correct label, three other options are randomly selected from
the classes excluding the correct label. Every in-context example is:
"<image> Which of these choices is shown in the image? Choices:
A.<class name A>, B.<class name B>, C. <class name C>, D. <class
name D> Answer with the letter from the given choices directly."

We use top-1 accuracy as the metric to evaluate the performance
due to its clarity and common usage. In general, each category in
the coreset 𝐶 contains 5 or 10 samples (depending on the dataset),
and the size 𝑛 of the support set 𝑆 is five times the size 𝑚 of 𝐶 .
Therefore, for CUB-200, 𝑛 = 5000 and𝑚 = 1000; for Stanford Dogs,
𝑛 = 6000 and 𝑚 = 1200; and for ImageNet-100, 𝑛 = 5000 and
𝑚 = 1000. Since 𝑆 ′ = 𝑆 −𝐶 , the sizes of 𝑆 ′ are respectively 4,000,
4,800 and 4,000. Unless otherwise specified, the update rate 𝛼 is set
to 0.2, the epoch 𝑒 is set to 10, and the batch size 𝑏 is set to 1,000
(ablation study on 𝛼 , 𝑒 and 𝑏 are provided in Appendix A.3).

4.4 Results and Key Findings.
Incorporating Information from Untapped Data into the
Coreset Improves LVLM’s ICL Performance. Table 1 clearly
shows the ICL performance comparisons across three datasets and
Figure 5 illustrates two cases comparing FS-IC with three KeCO
methods (RS, SS, and DS) in selecting demonstrations and mak-
ing predictions for ICL. The results in Table 1 indicate that OF-3B
and IDE-8B, when using most KeCO methods (except KeCO-SS),
consistently outperform FS-IC, despite identical coreset sizes. The
primary difference lies in the KeCO methods’ utilization of keys
as carriers for the information of untapped data. For instance, in a
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Dataset CUB-200 Stanford Dogs ImageNet-100

Method OF-3B IDE-8B OF-3B IDE-8B OF-3B IDE-8B
2-shot 4-shot 2-shot 4-shot 2-shot 4-shot 2-shot 4-shot 2-shot 4-shot 2-shot 4-shot

FS-IC 48.11 34.88 84.65 90.36 49.80 50.22 74.42 82.25 65.26 62.92 90.52 94.98
FS-IS 61.04 58.61 85.62 93.09 61.42 62.55 76.89 87.23 71.88 71.98 90.48 95.50

KeCO-SS 49.65 32.22 84.60 90.58 56.60 51.54 75.59 82.27 70.66 63.60 90.78 95.88
KeCO-RS 72.90 72.66 85.45 94.34 72.20 73.04 79.66 90.45 77.50 79.30 91.14 96.12
KeCO-DS 74.20 76.99 87.38 94.75 73.75 75.13 79.72 91.72 78.22 80.28 91.68 96.22

Online Scenario
KeCO-SS 46.41 30.88 83.51 88.70 54.63 50.89 73.39 82.33 67.48 62.46 90.22 94.76
KeCO-RS 65.90 58.73 85.69 93.41 67.06 67.52 78.38 88.45 74.94 75.26 90.58 95.78
KeCO-DS 70.61 67.81 85.91 93.77 69.62 72.37 78.87 90.06 76.96 77.64 90.88 95.94

Table 1: Performance accuracy (%) of OF-3B and IDE-8B on CUB-200 (coreset size = 1,000, support set size = 5,000), Stanford
Dogs (coreset size = 1,200, support set size = 6,000) and ImageNet-100 (coreset size = 1,000, support set size = 5,000). Results are
evaluated under different shot conditions (2-shot and 4-shot) across three KeCO methods and compared against two baselines
(FS-IC and FS-IS).
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Figure 3: T-SNE visualization of the samples’ keys of selected
class in (a) the pre-update coreset and (b) the updated coreset
using the KeCO-DS method.

4-shot setting compared to FS-IC, KeCO-RS and KeCO-DS enable
OF-3B to achieve improvements of 37.78% and 42.11% in the CUB-
200, 22.82% and 24.91% in the Stanford Dogs, and 16.38% and 17.36%
in the ImageNet-100. Even for the already robust IDE-8B, these
methods lead to an increase of 3.98% and 4.39% in the CUB-200,
8.2% and 9.47% in the Stanford Dogs, and 1.14% and 1.24% in the
ImageNet-100.

When the coreset keys are updated with untapped data, each
update integrates new information into coreset, enhancing the
category-relevant information of each sample’s key. As illustrated
in Figure 3, in the original coreset, the keys or visual features of sam-
ples within the same category are quite dispersed. However, after
updates with KeCO-DS, these keys become more clustered, making
the distinction between different categories more pronounced. This
clustering effect facilitates the retrieval of samples belonging to the
same category as the test sample, thereby providing more precise
and relevant knowledge to the LVLM when conducting ICL.

While a larger support set can accommodate more information,
as shown by FS-IS outperforming FS-IC, KeCO-RS and KeCO-DS
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Figure 4: When blending keys from dissimilar samples in (d)
Diversity-based selection, the updated key are encouraged
to preserves shared, category-relevant information, while
suppressing category-irrelevant or misleading attributes. In
contrast, when blending similar samples in (e), all informa-
tion, including misleading information, is retained in the
updated key.

show superior performance over FS-IS across three datasets, even
though the support set size of FS-IS is five times larger than the
coreset size of the KeCO methods. For instance, in a 2-shot setting,
the ICL performance of OF-3B using the KeCO-DS achieves 74.02%,
compared to 61.04% using FS-IS. Similarly, IDE-8B improves from
85.62% with FS-IS to 87.38% with the KeCO-DS on the CUB-200.
This further validates the effectiveness of KeCO in enhancing the
ICL performance of LVLMs.

The KeCO framework also offers a novel perspective for coreset
selection in resource-constrained ICL scenarios, highlighting the
potential benefits of optimizing the coreset with untapped data.
While current research on retrieval of in-context examples primarily
focuses on selecting representative subsets without updates or set
the full training dataset as the support set, our findings suggest
that even a simple randomly initialized subset can be an effective
coreset after updated using untapped data.
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Target Sample Selection is Important for KeCO. From the
experimental results, it is clear that the selection of target samples
plays a crucial role in the effectiveness of KeCO. Both KeCO-RS
and KeCO-DS lead to performance improvements, with KeCO-DS
exhibiting the best results. As we can see from Equation 11, 𝛼 is a
parameter that ranges from 0 to 1, which determines that 𝑘′𝑡 will
lie somewhere between 𝑘𝑡 and 𝜙 (𝑰𝑠 ). Therefore, when a sample
least similar to the query sample in untapped set 𝑆 ′ is selected for
update, both keys are averaged with a weight of 𝛼 . This effectively
maintains the invariant class features while blurring the attribute
differences. As illustrated in Figure 4 (d), the invariant part between
the keys of the target (b) and query samples (a), such as ‘red feather’
or ‘crest’ related to the ‘Cardinal’ category, are category-relevant
information. They exist in both target and query samples, so they
will still be preserved in the updated key after merge dissimilar
samples in this class. However, category-irrelevant attributes, such
as background information (‘green grass’ vs. ‘snowy’), are blended
during the update process, because they only appear in one im-
age. This blurs unnecessary distinctions and enables KeCO-DS to
focus more effectively on category-relevant features essential for
classification.

On the other hand, KeCO-SS performs the worst, sometimes
even underperforming FS-IC. This occurs when the query samples
in 𝑆 ′ select the most similar sample for update, potentially retaining
not only useful but also category-irrelevant information, such as
background information, in the updated key. As depicted in Fig-
ure 4 (e), this is the case when the category-irrelevant information
(‘snowy’ and ‘branches’) is also preserved in the updated key. Con-
sequently, samples with the same category-irrelevant information
but from different categories are more likely to be retrieved as ICE
when retrieving from the coreset. This could mislead the LVLMs,
negatively affecting their ICL performance.
KeCO Methods Perform Better on Fine-grained Classifica-
tion Dataset than on Coarse-grained Dataset. In fine-grained
classification datasets, the similarity between categories is higher
compared to coarse-grained classification, making it more chal-
lenging to distinguish between samples of different sub-classes.
Table 1 shows that KeCO-RS and KeCO-DS improvements over
the baselines are more pronounced on fine-grained classification
datasets (CUB-200 and Stanford Dogs) compared to the coarse-
grained dataset (ImageNet-100). For instance, for OF-3B, the 2-
shot ICL on CUB-200 improves from 61.04% to 74.20%, an increase
of 13.16%, whereas on ImageNet-100, it improves from 71.88% to
78.22%, an increase of 6.34%. This discrepancy is due to the fact that
the pre-training corpus of LVLMs is unbalanced, with a majority
being coarse-grained knowledge [24, 29]. Therefore, LVLMs inher-
ently possess sufficient knowledge about coarse-grained categories
but lack knowledge of subordinate-level categories. This can be
evidenced from Table 1 where OF-3B and IDE-8B’s FS-IC and FS-IS
performance on CUB-200 and Stanford Dogs are lower than those
on ImageNet-100.

After we optimzie the keys in the coreset, we can retrieve bet-
ter demonstrations, which supplements useful knowledge when
LVLMs perform ICL inference, thereby having a larger impact on
fine-grained datasets. However, despite the larger improvement on

Dataset FS-IC FS-IS Online Δ

CUB-200 92.95 93.11 98.30 5.35

Stanford Dogs 96.92 97.78 97.93 1.01

Table 2: 2-shot ICL Performance accuracy (%) of Qwen2-VL
on CUB-200 and Stanford Dogs. Results are evaluated under
KeCO-DS in online scenario and two baselines (FS-IC and
FS-IS).

fine-grained datasets compared to ImageNet, the in-context classifi-
cation accuracy still does not surpass that on ImageNet, suggesting
a need for more balanced pre-training corpora for training LVLMs.
KeCO Methods Retain a Strong Performance in a Simulated
Online Scenario. From Table 1, it can be observed that the ICL
performance of LVLMs using KeCO-RS and KeCO-DS consistently
outperforms two baselines (FS-IC and FS-IS) in a simulated online
scenario. For instance, when using KeCO-DS, in the 4-shot setting,
the ICL performance of OF-3B on the Stanford Dogs is about 22.15%
and 9.82% higher than FS-IC and FS-IS, respectively. Similarly, for
IDE-8B, there is an improvement of 7.81% and 2.83%, respectively.
In reality, systems usually receive a continuous stream of data,
rather than having access to large amounts of data at once that can
be reused. Therefore, the improved performance of LVLMs using
KeCO-RS and KeCO-DS in the simulated online scenario holds
more practical significance, as it is more reflective of real-world
situations.

Furthermore, we performed an additional experiment on the
high-performance commercial model Qwen2-VL [40], applying
KeCO-DS to update coreset in an online scenario. This approach
aligns with real-world applications where data typically arrives
in a stream, necessitating models that can continuously adapt. As
shown in Table 2, in the online scenario, the 2-shot ICL perfor-
mance on the CUB-200 improved from 92.95% to 98.30%. On the
Stanford Dogs, the performance improved by 1%, from an already
high baseline of 96.92%, after updating the coreset. This highlights
KeCO’s efficacy in enhancing the adaptability and responsiveness
of high-performance LVLMs like Qwen2-VL to online data with
minimal computational overhead.

5 Further Analyses
5.1 Analyses of Different Coreset Initialization
The K-center-greedy (k-center) approach aims to maximize diver-
sity by selecting samples that best represent the overall distribution
of the support set. The Infoscore approach prioritizes samples with
the highest information gain based on LVLM. After initializing the
coreset with these approaches, we used KeCO-RS and KeCO-DS
for optimization. As shown in Table 3, the ICL performance of two
LVLMs with coresets initialized using the k-center is inferior to
those initialized using Infoscore and random methods. This sug-
gests that the k-center-greedy algorithm, despite its popularity in
active learning, might not suit ICL. The primary goal in active learn-
ing is to diversify the labeled data to enhance the robustness of the
trained model [36]. However, in the context of ICL, the model relies
on the in-context examples (ICE) to quickly adapt to downstream
tasks. Therefore, it is crucial for these ICE to be closely related to
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Figure 5: Case study on comparing FS-IC with three KeCO methods (RS, SS and DS) in selecting demonstrations and predicting
for in-context learning.

Method OF-3B IDE-8B
k-center info random k-center info random

FS-IC 39.88 47.56 50.22 73.82 81.38 82.25
FS-IS 62.55 62.55 62.55 87.23 87.23 87.23

KeCO-RS 73.26 73.10 73.04 90.64 90.54 90.45
KeCO-DS 75.06 75.22 75.13 91.52 91.38 91.72

Online Scenario
KeCO-RS 55.07 66.67 67.52 87.51 88.72 88.45
KeCO-DS 58.82 69.81 72.37 89.38 89.64 90.06

Table 3: 4-shot ICL performance accuracy (%) of OF-3B and
IDE-8B on Stanford Dogs under different coreset initializa-
tion. Results are evaluated across two KeCO methods (KeCO-
RS and KeCO-DS) and two baselines (FS-IC and FS-IS).

the test input’s label to furnish the model with pertinent knowledge.
If the data in the coreset is overly diverse, it may encompass nu-
merous samples with images filled with irrelevant and misleading
information, such as images with overly conspicuous background.
This could potentially interfere with the LVLM’s inference process
and diminish its ICL performance.

Furthermore, the ICL performance of LVLMs with a coreset
initialized using Infoscore is inferior to that with a coreset ini-
tialized randomly. This can be attributed to the inadequate align-
ment of vision encoder and LLM in LVLMs, typically caused by
the LLM’s larger scale and the scarcity of high-quality multimodal
datasets [10]. As a result, even the seemingly ‘useful’ samples se-
lected via Infoscore may not function effectively in Multimodal ICL.
Moreover, studies such as [3, 49] have demonstrated that Multi-
modal ICL primarily focuses on text, overshadowing the role played
by images. Therefore, the Infoscore obtained by LVLMs is likely to
rely more on text information rather than visual information, lead-
ing to a deficiency in the evaluation of samples in terms of visual
information. Consequently, the Infoscore metric, while applicable
in NLP tasks, may not be as effective in more complex multimodal
scenarios.

Despite the varying effectiveness of coresets initialized with dif-
ferent methods in the FS-IC setting, the use of the KeCO framework
to update coreset leads to substantial improvements, even in the
online scenario. For example, with coresets initialized using the k-
center-greedy method, OF-3B sees improvements and 35.18% in the
common setting and 18.94% in the online scenario after applying
KeCO-DS, compared to the results with FS-IC. Similarly, IDE-8B
experiences improvements of 15.56% and 17.7% in the common and
online settings, respectively. These results further underscore the
efficacy of the KeCO framework.

5.2 Analyses of the Size of Additional Data and
Coreset

From Table 6 in Appendix A.4, it can be observed that as the amount
of untapped data increases, there is an improvement in the FS-IS,
KeCO-RS, and KeCO-DS settings. For instance, when the ratio of
coreset size to untapped data size increases from 1:2 to 1:6, the
performance of OF-3B under the FS-IS setting improves from 58.67%
to 63.42%, and IDE-8B under the same setting improves from 75.68%
to 77.45%. Similarly, under the KeCO framework, when the ratio
changes from 1:2 to 1:6, OF-3B’s ICL performance under the KeCO-
DS setting improves from 69.99% to 74.58%, and IDE-8B under the
same setting improves from 79.02% to 79.92%. The analysis of the
coreset size can be found in the Appendix A.4.

6 Conclusion
In our paper, we propose a novel coreset optimization framework,
KeCO, which effectively constructs a compact and effective coreset
from a large support set. KeCO everages untapped data to aggre-
gate category-relevent information into the coreset via feature-level
updates. KeCO achieves larger gains on fine-grained datasets, high-
lighting its effectiveness in capturing subtle visual distinctions. In
addition, our results indicate that diversity-based selection consis-
tently outperforms other strategies, shedding light on better update
mechanisms. Our experiments also demonstrate the effectiveness of
KeCO in both conventional ICL settings and the proposed simulated
online scenario, which better reflects practical use cases.
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