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In-context Learning
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Incomplete In-context Learning

Complete Retrieval Database
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(a) Comparison of complete vs incomplete retrieval databases and VICL
vs IICL scenarios. In the incomplete retrieval database, *“fish” images are
absent; thus, IICL fails to retrieve suitable demonstrations but retrieves “cat”
images when the input is “fish”, limiting IICL’s performance.

ParN,

BIURAISHE T EARE

and NEwral Computt

FAttern Recognition a

2



At RRISHBEZ I ETRT
| Motivation ParN [ “mmsmsimmss

Empirical Study of lICL
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Figure 3. Subfigure (a) shows the empirical study of IICL with
different missing label numbers. Subfigure (b) shows the empirical

study of IICL with different VICL methods. Subfigure (c¢) shows
the empirical study of I[ICL with different demonstration numbers.
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Overview
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Iterative Judgment Stage

Retrieve k labeled images from the incomplete retrieval database that are most
semantically similar to the input image and use them as demonstrations.
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The m-class classification problem is transformed into a sequence of binary
classification tasks, with each task corresponding to one of the m subclassification

problems. In the j-th sub-classification task, the goal is to determine whether the label
of the given image is C; or C;.
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Integrated Prediction Stage

Specifically, we first determine the number of predictions among {7}, 72, - -

In the Integrated Prediction Stage, we refine the clas-
sification of the input image by leveraging both the im-
age itself and the predictions obtained from the lterative
Judgments Stage. The final decision-making process falls
into one of three distinct scenarios. @ All predictions
are negative (C1,C5,...,C,,). In this case, no class has
been positively identified. We directly perform m-label
VICL for classification. @ Exactly one positive predic-
tion is made (e.g., Cr; CZ,...,CJ-,...‘C,,,) The image
is classified as Cj, and we assign C; as the final pre-
dicted label. ® Multiple positive predictions are made (e.g.,
Ci,Ca, -+ ,Cj-1,Cj,Cj41, - ,Cp). Since multiple can-
didate labels exist, we perform an additional in-context learn-
ing classification among the positively predicted labels. For
instance, if the predictions suggest the image could belong
to Cj_1,C}, or 11, we refine the classification by treating
it as a three-class classification problem.
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Experimental Setups

Datasets: conduct experiments using the CIFAR-10 and Fashion-MNIST
datasets.

Metrics: employ accuracy as the metric, with higher accuracy reflecting greater
performance.

Baselines: perform experiments using various ICL and VICL methods, including
Static, Random, Clusteringretrieval, Kate, Cluster-Diversity, and Viclrerank.

Vision-language models and other setup: The Vision language model chosen for
their experiments is InternVL2.5-8B and InternVL 2.5-4B. The pre-trained model
employed in this study is CLIP (ViT-Base-Patch32) . Each experiment is
conducted three times, and the average result is reported.



I Experiment

Comparsion UJIP with other VICL methods.

Table 2. Comparsion JIP with other VICL methods. We evaluate
performance primarily using accuracy(%)T under varying propor-
tions of missing labels. The experiments are conducted with label
missingness levels of 10%, 40%, and 90%. Each experiment is

conducted three times, and the average result is reported.

| IntemVL258B | InternVL 2.5-4B

Data Methods
| 90% 40% 10% | 0% 40% 10%
Cluster-diversity | 86.8 887 883 | 787 804 832
Random 874 889 886 | 798 817 837
Cluster-retrieval | 880 887 898 | 756 854 877
CIFAR-10 Static 867 878 878 | 763 822 843
Vicl-rerank | 88.1 889 882 | 740 800 908
Kate B8O 887 898 | 750 803 90.1
Jw | 892 915 923 | 885 888 939
Cluster-diversity | 524 538 540 [ 526 542 529
Random 522 557 545|518 541 533
Cluster-retrieval | 46.6 566 578 | 467 516 496
Fashion-MNIST Static 499 531 546|514 528 503
Vicl-rerank | 432 609 757 | 41.1 613 724
Kate 423 607 746 | 429 633 736
e | 528 689 789 | 475 641 774
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Effects of Different Demonstration Numbers
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Figure 4. The accuracies(%)T of different demonstration numbers.
Each experiment is conducted three times, and the average result is
reported.
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Effects of Different Missing labels

Table 6. Performance of IJIP using InternVL 2.5-4B and InternVL
2.5-8B on CIFAR-10 and Fashion-MNIST under varying propor-

tions of missing labels.

3 CIFAR10  Fashion MINIST
Class Nums
4B 8B 4B 8B
90% 88.5 899 475 52.8
80% 88.5 88.5 48.0 55.2
T0% 88.2 88.6 50.0 59.0
60% 894 89.0 524 61.0
50% 87.8 883 564 63.8
40% 88.8 915 64.1 68.9
30% 90.5 908 679 72.7
20% 90.0 926 719 72.2
10% 92.1 923 774 78.9
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Effects of Different LVLMSs' sizes
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Table 7. The performance of JIP with different LVLMS’ sizes.
We use InternVL 2.5-2B, IntemVL 2.5-4B, InternVL 2.5-8B, and
InternVL 2.5-26B. We evaluate performance primarily using accu-
racy(%)T under varying proportions of missing labels. The experi-
ments are conducted with label missingness levels of 10%, 40%,

and 90%.

LVLMs | 90% 40% 10% | Average
2B 872 875 90.6 88.4
4B 88.5 88.8 939 90.4
8B 899 915 923 91.2

26B 954 98.1 983 97.3
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Expanding UIP from ICL to Prompt Learning
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Figure 5. The ellectiveness ol LJIP in improving zero-shot prompt
learning performance. Each experiment is conducted three times,

and the average resull 1s reported.
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