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Abstract

Existing In-context Learning (ICL) typically
assumes the retrieval dataset contains demon-
strations for all output label spaces. However,
in real-world scenarios, delays in dataset up-
dates or incomplete data annotation may re-
sult in the retrieval dataset containing labeled
demonstrations for only a subset of the out-
put space. We refer to this phenomenon as an
incomplete retrieval dataset and define the in-
context learning under this condition as Incom-
plete In-context Learning (IICL). To address
IICL, we propose Iterative Judgments and In-
tegrated Prediction (IJIP), a framework with
train-free and train-based variants. For classi-
fication, the iterative judgments stage of IJIP
reformulates an m-class problem into m binary
tasks, converting IICL into standard ICL. The
integrated prediction stage of IJIP then refines
results using both the input and initial predic-
tions. We further extend IJIP to text regres-
sion and generation, and introduce lightweight
variants that reduce computation and token
costs. Across six LLMs, seven tasks, and eight
datasets, IJIP achieves state-of-the-art results
under two incompleteness settings and even
outperforms standard ICL with complete labels.
IJIP also supports a semi-supervised variant
and can serve as a plug-and-play enhancement
for existing ICL and zero-shot methods.

1 Introduction

Large language models (LLMs) achieve strong
downstream performance through in-context learn-
ing (ICL) (Bertsch et al., 2025; Nafar et al., 2025;
Ho et al., 2024), using demonstrations (Li et al.,
2025e; Purohit et al., 2025) retrieved from the re-
trieval dataset (Pham et al., 2025; Peng et al., 2025).
The effectiveness of ICL relies critically on the
availability of labeled demonstrations covering all
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Figure 1: Comparison of complete vs incomplete re-
trieval dataset and ICL vs IICL scenarios. In the in-
complete 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.

possible output classes (Kossen et al., 2024; Li
et al., 2025a).

Prior work commonly assumes retrieval datasets
contain annotated demonstrations for all la-
bels (?Momeni et al., 2025), an assumption fre-
quently violated in practice. For example, new
labels may emerge before database updates (Bell
et al., 2025; Kumaravelu et al., 2025); extreme
class imbalance (Haixiang et al., 2017) (Li et al.,
2025c; Mildenberger et al., 2025) can leave cer-
tain labels without demonstrations; or Positive-
Unlabeled (PU) learning (Li et al., 2009) (Kuma-
gai et al., 2025; Mansouri et al., 2025) settings
may lack full annotations. These issues yield a
retrieval dataset covering only a subset of the full
label space (Fig. 1), a condition we term the incom-
plete retrieval dataset. In-context learning under
this setting is referred to as Incomplete In-context
Learning (IICL). Empirical results (Section 2.1)
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3-label Classification
Dog & Not Dog Cat & Not Cat Fish & Not FishDog & Cat & Fish

A sequence of binary classifications

Figure 2: Comparison of m-label classification and a
sequence of binary classifications. We transform a three-
class classification task, “What’s this? Choose from dog,
cat, and fish.” into a sequence of binary classifications
consisting of the following sub-questions based on the
input image: (1) “Is this a dog?” (2) “Is this a cat?” and
(3) “Is this a fish?”.

show IICL performance degrades as the proportion
of missing labels increases, yet consistently ex-
ceeds zero-shot prompting. Notably, performance
drops significantly even with one missing label,
underscoring the importance of addressing incom-
plete retrieval scenarios in IICL.

To address IICL and the incomplete retrieval
dataset, we propose Iterative Judgments and Inte-
grated Prediction (IJIP) method, which includes
both training-free and training-based variants (Liu
et al., 2024a; Zhu et al., 2024). The training-free
IJIP operates in two stages: Iterative Judgments
Stage and Integrated Prediction Stage. In Iterative
Judgments Stage, we first retrieve the top-k most
semantically similar demonstrations from the re-
trieval dataset for the test text. As Tab. 1 shows,
if a data is labeled as Cj , it is also implicitly not
C1, C2, · · · , Cj−1, Cj+1, · · · , Cm. This can be
formally expressed as: C1, C2, · · · , Cj−1, Cj+1,
· · · , Cm. This reformulates an m-class classifica-
tion into m binary tasks (see Fig. 2), where the j-th
task determines whether the input belongs to Cj or
Cj . To implement this, we modify the prompt in
the LLMs as follows:

“Based on this image, answer m sub-questions.
Is the label of this image C1? Is the label of this
image C2? · · · Is the label of this image Cm? For
example, input data: , labels: Dog, Not cat, Not
fish; Input data: , labels: Not dog, Cat, Not fish;
Input data: ... ”

We assume the incomplete retrieval dataset con-
tains annotated data for w labels, where w < m,
meaning data for m − w labels is missing in the
original m-class setting. This issue is resolved in
the binary classification formulation: ① For j ≤ w,
both Cj and Cj demonstrations exist. ② For j > w,
at least Cj demonstrations are available. Thus, for
missing m−w labels, binary classification still pro-

Table 1: The ground-truth label and other labels.

Ground-truth Label Other Labels

Dog Not cat, Not fish
Cat Not dog, Not fish
Fish Not dog, Not cat

Cj C1, C2, · · · , Cj−1, Cj+1, · · · , Cm

Fish Not dog or cat

vides Cj-annotated demonstrations, mitigating la-
bel absence in incomplete retrieval datasets. More-
over, decomposing m-class classification into m
binary tasks simplifies the learning problem. Deter-
mining presence/absence (e.g., “is this a cat?”) is
inherently easier than fine-grained discrimination
among m alternatives (e.g., identifying specific an-
imal species).

In Integrated Prediction Stage, we refine the
test text’s classification based on the test text
and predictions from the iterative judgments
stage. The final decision falls into one of
three scenarios: ❶ All Negative: All predic-
tions are negative (C1, C2, . . . , Cm). We directly
perform m-label ICL classification. ❷ Single
Positive: Exactly one positive prediction (e.g.,
C1, C2, . . . , Cj , . . . , Cm). The data is classified as
Cj . ❸ Multiple Positive: Multiple positive predic-
tions (e.g., C1, C2, · · · , Cj−1, Cj , Cj+1, · · · , Cm).
We perform additional ICL classification among
the positive labels (e.g., as a three-class task for
three positives).

The training-free IJIP suffers from computa-
tional inefficiency for large m, producing lengthy
prompts that raise token costs and even impair per-
formance. To mitigate this, we propose aggregating
fine-grained labels into coarse-grained categories,
thereby reducing prompt length and token cost. For
instance, as shown in Tab. 1, the label “Fish” can
be represented as “Not dog or cat” (i.e., a non-
mammal) instead of separate “Not cat” and “Not
dog” labels. These coarse-grained labels are con-
structed by semantically clustering the original la-
bel set. Then, we develop a training-based IJIP
variant with a cluster-number selector. This mod-
ule adaptively selects the cluster number for per
test text by predicting expected LLM performance
across different cluster numbers.

The proposed IJIP framework is further extended
to regression tasks with continuous scores and text
generation tasks with infinite outputs. Regression
and generation tasks inherently involve incomplete
retrieval datasets, as their output spaces are infinite
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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 ICL methods in the classification task. Subfigure (c) shows the empirical
study of IICL with different ICL methods in the regression task (translation quality assessment task).

and cannot be fully covered by any retrieval dataset.
We also introduce a semi-supervised variant of IJIP
to handle scenarios where only partial annotations
are available. Comprehensive technical details are
provided in Section 4.

We evaluate IJIP on six LLMs, seven tasks, and
eight datasets, achieving considerable performance
with a peak accuracy of 98.6% and a peak MSE of
0.62. Even when the incomplete retrieval database
contains data for only a single label, IJIP maintains
a peak accuracy of 89.2%. As a plug-and-play
framework, IJIP can also be seamlessly integrated
with zero-shot prompt learning and other ICL meth-
ods, yielding an average accuracy improvement
4.9%. Furthermore, under the standard ICL set-
ting with complete retrieval datasets, IJIP achieves
SOTA performance with an accuracy of 86.4%.
Finally, we demonstrate the generality of IJIP by
extending it to the image modality.

Our contributions are summarized as follows: ❶

We introduce the concepts of the incomplete re-
trieval database and Incomplete In-context Learn-
ing (IICL) and conduct an empirical study to assess
their impact. Our findings reveal that IICL perfor-
mance deteriorates as the number of missing labels
increases. ❷ We propose the Iterative Judgments
and Integrated Prediction (IJIP) method. By re-
formulating the IICL problem into a standard ICL
scenario, IJIP effectively addresses the challenges
posed by incomplete retrieval dataset and IICL. ❸

IJIP achieves SOTA performance across multiple
datasets, tasks and LLMs. We also extend IICL to
the image modality and generalize IJIP to zero-shot
prompt learning and other ICL methods.

2 Problem Formulation

Definition 2.1 (Incomplete Retrieval Dataset).
Let the label space of the test dataset be {C1, C2,

· · · , Cm}, and let the incomplete retrieval dataset
be Din = {(xin

i , y
in
i )}ni=1. The dataset Din contains

data corresponding only to a subset of labels, with
certain labels lacking associated data. Formally:

yin
i ∈ {C in

1 , C
in
2 , . . . , C

in
w},

s.t. C in
w ∈ {C1, C2, . . . , Cm}, and w < m,

(1)

where {C in
1 , C in

2 , · · · , C in
w} is label space of Din.

Definition 2.2 (Incomplete In-context Learning
(IICL)). Let the k demonstrations retrieved from
Din be Dd = {xin

i , y
in
i }ki=1, test dataset be Dtest =

{xi}hi=1, and the LLMs with m classification task
be denoted as fm

LLMs, respectively. Given a test
input xtest

i from Dt, then IICL predicts the label

ŷt
i = fm

LLMs(Dd, xi) ∈ {C1, C2, · · · , Cm}. (2)

2.1 Empirical Study of IICL
We evaluate the impact of incomplete retrieval
dataset on IICL performance. Experiments em-
ploy CIFAR-10 (Abouelnaga et al., 2016) dataset
and InternVL 2.5-8B (Chen et al., 2024) LLM.
To simulate varying degrees of incompleteness,
we progressively reduce the number of avail-
able labels from 10 to 1. Multiple ICL meth-
ods are evaluated—including Static, Random,
Clustering-retrieval (Li and Qiu, 2023b), Kate (Liu
et al., 2022), CD (Naik et al., 2023), and ICL-
rerank (Zhou et al., 2024)—with 10 demonstrations
per method. We further examine the effect of in-
complete retrieval datasets in translation quality
assessment, where the output space spans the con-
tinuous interval [0, 100]. Specifically, the retrieval
set is restricted to examples with scores in [0, 20],
and LLM performance is measured using Mean
Squared Error (MSE).

(1) IICL performance declines with increas-
ing missing labels, yet remains superior to zero-
shot prompting. As shown in Subfigure (a) of
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Figure 4: The overview of train-free Iterative Judgments and Integrated Prediction (IJIP). Train-free IJIP retrieves
the top k most similar data from the incomplete retrieval dataset as demonstrations based on their similarity to the
test data. In the iterative judgment stage, train-free IJIP first queries the LLMs to classify the test data using the
retrieved demonstrations. Then, train-free IJIP identifies labels receiving positive responses as candidate labels.
If no labels receive positive judgments, train-free IJIP requests the LLMs to perform a full-label classification.
Conversely, if multiple labels receive positive judgments, train-free IJIP initiates a second inquiry limited to these
positively judged labels to refine the decision. Therefore, train-free IJIP queries LLMs at most twice and at least
once, depending on the initial judgments.

Fig. 3, when data corresponding to more labels
become missing, IICL performance gradually de-
creases. Notably, even with only one available la-
bel, IICL achieves 88.5% accuracy, outperforming
the zero-shot prompt (86.7%). The removal of just
one label causes a substantial accuracy drop from
93.7% to 88.5%. (2) All methods experience accu-
racy degradation with missing labels. Subfigure
(b) of Fig. 3 shows that all six methods decline
in the one-label-missing scenario, though all main-
tain superiority over the zero-shot baseline (86.7%).
(3) Complex tasks exhibit more severe perfor-
mance degradation. In translation quality evalua-
tion (WMT EN-CS dataset, GLM4 9B), using an
incomplete retrieval dataset leads to substantially
higher MSE, indicating significantly poorer infer-
ence quality compared to classification tasks. Con-
clusion: Empirical results confirm that incomplete
retrieval dataset significantly degrade IICL perfor-
mance. This persistent performance gap highlights
the critical need for developing missing-label ro-
bust methods.

3 Method

The IJIP framework includes two variants: training-
free and training-based approaches. Both are de-

signed to convert the IICL scenario with an in-
complete retrieval dataset into a standard ICL with
complete retrieval capability.

3.1 Train-free IJIP

3.1.1 Iterative Judgment Stage

Inspired by methods such as KATE (Liu et al.,
2022), we retrieve the k most semantically sim-
ilar labeled demonstrations from the incomplete
retrieval dataset Dr for the test text. Specifically:
❶ Vectorization: Encode the test text x and each
labeled text xin

i from the retrival dataset Din into
vector representations using a pre-trained model
fpre, yielding ex = fpre(x), ei = fpre(x

in
i ), and

the embedding set E = {e1, e2, . . . , en}. ❷ Simi-
larity Computation: Compute the cosine similarity
si = ex·ei

∥ex∥·∥ei∥ between x and each xin
i , forming

the similarity set S = {s1, s2, . . . , sn}. ❸ Demon-
stration Selection: Select the top k labeled texts
with the highest similarity scores, sort them in de-
scending order, and form the demonstration dataset
Dd = {(xd

i , y
d
i )}ki=1.

As illustrated in Fig. 4, the m-class classifi-
cation task is transformed into m binary sub-
classification tasks. In the j-th sub-classification
task, the objective is to determine whether the
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label of the input data is Cj or Cj . Conse-
quently, the demonstration format is updated as
Dnew

d = {xd
i , y

d
i,1, y

d
i,2, · · · , yd

i,m}ki=1, where yd
i,j ∈

{Cj , Cj} and 0 ≤ j ≤ m. Then, the binary classi-
fication results ŷ1, ŷ2, · · · , ŷm are obtained using
the sequential binary classifier f2

LLMs. Formally:

ŷ1, · · · , ŷm = f2
LLMs(D

new
d , x), where ŷj ∈ {Cj , Cj}.

(3)

Remark: In the iterative judgment stage, we re-
formulate the m-class classification task into a se-
ries of binary classification tasks. Although this re-
formulation comprises m sub-questions, the LLMs
are queried only once during this stage. Specifi-
cally, all m sub-questions and their corresponding
retrieved demonstrations are integrated into a single
consolidated prompt.

3.1.2 Integrated Prediction Stage
As the integrated prediction stage in Fig. 4 shows,
the final classification integrates the test text x with
binary predictions {ŷ1, ŷ2, . . . , ŷm} from Equa-
tion 3. Let Ijx indicate whether ŷj = Cj , and
Ix =

∑m
j=1 I

j
x count the total positive predictions.

The final prediction is then determined as:

ŷ =





fm
LLMs(Dd, x), if Ix = 0 or m,

Cj , if Ix = 1 (where Ijx = 1),

fu
LLMs(Dd, x), if Ix = u, 1 < u < m,

(4)
where Dd denotes demonstrations from Equation 2.
When only one binary task predicts a positive label
(Ix = 1), that label Cj is directly assigned. For
multiple positives (Ix = u > 1), a u-class IICL
selects among the candidate labels.

3.2 Train-based IJIP

The training-free IJIP faces a key limitation: its
computational inefficiency with large class num-
bers m leads to prohibitively long prompts that
both increase token costs and even degrade LLM
performance. To address this, we introduce la-
bel aggregation, which groups fine-grained labels
into coarse-grained labels to reduce prompt length
and token cost. These coarse-grained labels are
generated through semantic clustering of the orig-
inal label set. A central challenge involves deter-
mining the optimal number of clusters. Assign-
ing an XL-sized shirt to all individuals is clearly
unreasonable; instead, shirt sizes should be adap-
tively selected based on individual measurements.
Similarly, we argue that the number of clusters

should be adaptively determined for each test text.
Thus we develop a training-based IJIP variant
equipped with a cluster-number selector. This
module adaptively determines the suitable num-
ber of clusters for each test text by predicting LLM
performance score across different cluster num-
bers. We construct (text, in-context, label
space, performance score) tuples to train a deep
learning model (cluster-number selector) with three
inputs and one output (performance score). We
select the label space with the greatest predicted
performance score at each test text. The procedure
comprises three stages: training dataset construc-
tion, model training, and cluster-number selection.

Training dataset construction: The training
data for the cluster-number selector consists of
(text, in-context, label space, performance
score) tuples. ❶ text and in-context construc-
tion: We partition the incomplete retrieval dataset
Dr into a text dataset Dt (20%) for training and a
context dataset Dc (80%) for retrieval:

Dr = Dt∪Dc, Dt∩Dc = ∅, {xt
i, y

t
i} ∈ Dt (5)

For each text xt
i ∈ Dt, corresponding in-context

Din,t
i is retrieved from Dc using Section 3.1.1’s

method. ❷ label space construction: For the
label space, we define w as the maximum num-
ber of clusters. The label space undergoes K-
means (Ullah et al., 2024) clustering with cluster
counts varying from 2 to w. Denoting the original
fine-grained label space as Y , the 2-clustering la-
bel space is defined as Y(2) = {C(2)

1 , C
(2)
2 }, where

C
(2)
1 comprises all original fine-grained labels be-

longing to the first cluster (e.g., in Tab. 1, cluster
label 1 may represent both “cat” and “dog”). Sim-
ilarly, the l-clustering label space is expressed as
Y(l) = {C(l)

1 , C
(l)
2 , . . . , C

(l)
l }. ❸ performance

score construction To construct the performance
score, we input the text xti , its corresponding
in-context, and label spaces with different
cluster numbers into the LLM and employ the
training-free IJIP to obtain the predicted label ŷti .
The performance score is assigned a value of
1 if the predicted label matches the ground-truth
label yti of xti , and otherwise it is recorded as 0.
Formally:

Performance Score =

{
1, ŷti = yti ,

0, ŷti ̸= yti .
(6)

Model training: When training the cluster-number
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selector P , we adopt a classifier with a three-input,
single-output architecture. The inputs correspond
to the text, in-context, and label space, while
the output is the performance score. Model ar-
chitecture and training details are provided in Sec-
tion B. Cluster-number selection: For a test text x,
we retrieve its in-context using the method in Sec-
tion 3.1.1 and generate candidate label spaces with
varying cluster numbers via Section 3.2. These in-
puts are then processed by the classifier P obtained
during model training. The label space achieving
the highest predicted probability for predicted label
1 becomes the final label space for x, with its corre-
sponding cluster number serving as the adaptively
determined cluster number.

4 Scalability to Other Downstream Tasks,
Other Scenario

❶ Building on the IICL, we introduce a semi-
supervised IICL variant, referred to as semi-
supervised IICL. In this setting, the incomplete re-
trieval dataset contains both labeled and unlabeled
data, analogous to the semi-supervised learning
paradigm. ❷ Beyond classification tasks, NLP also
includes regression tasks with numerical scores
and generation tasks with free-form text outputs.
IJIP is extended to both scenarios. For continu-
ous score-based tasks, the output range [q, p] is
discretized into u equal-width intervals—thereby
transforming regression into classification—where
∆ = (p− q)/u. The i-th interval is:
[
q+ i∆, q+(i+1)∆

]
, for i = 0, 1, . . . , u−1.

(7)
In training-free IJIP, u is a fixed hyperparameter,
while training-based IJIP employs a neural network
to adaptively determine u per test text with MSE
as the performance score. For text generation
tasks, we also adapt the two-stage IJIP method-
ology: first constructing a candidate set (Iterative
Judgment Stage), then refining the prediction (In-
tegrated Prediction Stage). Specifically, the LLM
generates a top-k candidate set and selects the most
appropriate response from it.

5 Experiments

5.1 Experimental Setup
Tasks, datasets and metrics. We evaluate IJIP
on seven tasks: (1) image classification on CIFAR-
10 (Krizhevsky et al., 2009) (Accuracy); (2) text
classification on SST-5 (Socher et al., 2013) (Ac-
curacy); (3) natural language inference (NLI) on

SNLI (Bowman et al., 2015) (Accuracy); (4) se-
mantic textual similarity (STS) on STS-B (Mean
Squared Error MSE); (5) machine translation on
WMT19 En-Zh (?) ; (6) text expansion on Gigatiny
(ROUGE-1); and (7) text summarization on Giga-
word (ROUGE-1). Tasks, datasets, and metrics are
detailed in Sections J, K, and I, respectively. Lower
MSE indicates better performance, while higher
values are preferred for other metrics.

LLMs and baseline. For text-based tasks, we em-
ploy the following LLMs: GLM4 9B (?), LLaMA
3.1 8B (Touvron et al., 2024), and Qwen2.5
7B (Team, 2024). For image-based tasks, we uti-
lize InternVL 2.5: 4B, 8B, and 26B. Baseline in-
clude BM25 (text only), Kate (Liu et al., 2022),
Cluster-diversity (CD) (Naik et al., 2023), TTF (Liu
et al., 2025a) (text only), DKNN (Li et al., 2025b),
ICCL (Liu et al., 2024b), PPL (Gonen et al., 2023)
(text only), and ICL-Rerank (Zhou et al., 2024)
(image only).

Other setup. We employ CLIP (Radford et al.,
2021b) as our pre-trained model. On CIFAR-10,
SST-5, and SNLI, we consider two incomplete re-
trieval settings: single-label available and single-
label missing. For STS-B, we use retrieval datasets
with scores in [0, 1] or [0, 4]. All ICL methods use
10 demonstrations. STS-B is divided into five inter-
vals to align with the IJIP classification framework.
In training-free IJIP, the maximum cluster count is
3, while for STS-B, the maximum interval number
u in Equation 7 is 5. In generation tasks, the value
of k in Top-k is set to 4.

5.2 Main Results

IJIP demonstrates strong performance across di-
verse tasks, model backbones, and incomplete-
retrieval settings. As shown in Tab. 2, either the
training-free or the training-based variant achieves
the best result on every task, showing clear advan-
tages over existing ICL baselines. Notably, even
in the extreme setting where only a single label is
available in the retrieval dataset, IJIP still attains
a peak accuracy of 98.6%, a peak MSE of 0.65,
a peak ROUGE-1 of 0.271, and a peak BLEU of
0.736. This trend suggests that IJIP is effective
not only for classification, but also for regression
and generation tasks. Overall, these results verify
the effectiveness and robustness of IJIP in handling
incomplete retrieval scenarios.
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Table 2: Comparison of IJIP with other ICL methods. The best results are highlighted in bold. The second-best
results are underlined. In generation tasks, only the training-free IJIP variant is employed.

Task & Data & Metric Image classification: CAFIR-10 (Accuracy %↑) NLI: SNLI (Accuracy %↑)

Label Space 1 label 9 label 1 label 2 label

LLMs VL 4B VL 8B VL 26B VL 4B VL 8B VL 26B GLM Llama Qwen GLM Llama Qwen

BM25 - - - - - - 55.6 46.0 39.0 66.2 48.2 42.4
CD 78.7 86.8 95.2 83.2 88.3 96.3 67.5 33.6 83.2 79.6 55.2 88.0

ICCL - - - - - - 70.4 39.2 83.3 75.0 51.2 87.4
Kate 75.0 88.0 96.5 90.1 89.8 97.4 73.4 43.6 83.6 75.6 60.1 86.4
PPL - - - - - - 69.4 44.0 81.8 72.9 76.3 88.8

DKNN 77.4 84.8 91.9 81.2 85.9 92.1 74.7 38.0 79.6 71.2 68.4 81.7
TTF 76.5 86.4 93.3 84.4 87.9 94.0 54.1 32.8 58.6 58.4 56.0 64.3

ICL-rerank 74.0 88.1 96.1 90.8 88.2 96.9 - - - - - -

Train-free IJIP 88.5 89.2 97.4 93.9 92.3 98.6 75.6 47.8 88.5 82.4 72.1 92.5
Train-based IJIP 87.7 89.0 96.3 92.4 94.5 97.8 74.5 49.5 89.6 84.3 78.5 90.4

Task & Data & Metric Text classification: SST5 (Accuracy %↑) STS: STS-B (MSE↓)

Method 1 label 4 label [0-1] [0,4]

LLMs GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen

BM25 36.7 34.8 46.3 35.3 35.3 47.1 1.62 3.70 2.64 0.74 1.04 0.69
CD 42.3 34.4 43.9 47.3 41.6 51.1 1.07 4.87 3.79 0.68 1.43 0.89

ICCL 42.0 32.7 44.4 50.4 40.4 48.9 1.27 2.38 1.85 0.75 1.04 0.67
Kate 38.5 31.0 42.8 50.0 36.4 43.3 1.59 3.65 2.63 0.73 1.04 0.70
PPL 41.6 35.3 46.8 46.3 36.7 45.2 1.26 4.21 1.26 0.81 1.41 0.81

DKNN 39.9 33.4 41.9 39.0 34.1 43.5 - - - - - -
TTF 35.7 31.4 38.1 36.2 36.2 48.3 - - - - - -

Train-free IJIP 51.3 49.2 51.7 54.1 53.6 56.0 1.04 1.40 0.83 0.65 1.01 0.67
Train-based IJIP 49.7 48.4 49.9 51.4 51.7 53.2 0.91 1.23 0.77 0.66 0.97 0.62

Task & Data & Metric Gigatiny (ROUGE-1↑) Gigaword (ROUGE-1↑) En-Zh (BLEU ↑) Zh-En (BLEU ↑)

LLMs GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen

BM25 0.132 0.128 0.135 0.022 0.020 0.108 0.002 0.033 0.040 0.584 0.235 0.046
CD 0.100 0.102 0.240 0.023 0.025 0.134 0.005 0.134 0.250 0.675 0.250 0.461
Kate 0.122 0.125 0.253 0.041 0.032 0.106 0.051 0.137 0.104 0.696 0.253 0.518

DKNN 0.096 0.107 0.237 0.025 0.028 0.114 0.001 0.138 0.174 0.611 0.201 0.528
TTF 0.087 0.099 0.264 0.054 0.036 0.114 0.001 0.146 0.008 0.755 0.128 0.130
ICCL 0.116 0.115 0.230 0.034 0.032 0.106 0.002 0.139 0.111 0.387 0.193 0.069
PPL 0.074 0.110 0.249 0.056 0.037 0.115 0.002 0.144 0.165 0.680 0.184 0.500

Train-free IJIP 0.130 0.133 0.271 0.067 0.040 0.138 0.068 0.223 0.254 0.736 0.286 0.638

5.3 Ablation study

Ablating the Iterative Judgment stage causes sub-
stantial performance degradation. As shown in
Figure 5, removing this component reduces aver-
age accuracy by 10.7% on CIFAR-10, 10.0% on
SNLI, and 12.4% on SST-5, while increasing MSE
by 0.87 on STSB.

Removing the Integrated Prediction stage also
significantly harms performance. Since valid pre-
dictions cannot be obtained without this module on
other datasets, evaluation is limited to CIFAR-10,
SST-5, and SNLI. Subfigure (b) of Figure 6 shows
that excluding Integrated Prediction lowers average
accuracy by 13.5% on CIFAR-10, 13.2% on SST5,
and 22.1% on SNLI.

6 Analysis and Discussion

6.1 Different Missing Label Proportions
We examine how IJIP performance correlates with
missing label proportions. Using 10 demonstra-
tions and progressively reducing label availabil-
ity, results show accuracy declines with increased
missing labels—for instance, on CIFAR-10 with
InternVL 2.5-4B, accuracy drops from 92.1% to
88.5% (Fig. 6 subfigure (a)). Additional results are
in Section E (Appendix).(2)

6.2 Expanding IJIP to Standard ICL,
Semi-Supervised IICL, and Prompt
Learning

We observe that the strategy of compressing the
probabilistic output space to improve inference per-
formance in IJIP can be extended to standard ICL,
semi-supervised IICL, and prompt learning. De-
tailed procedures and corresponding experimental
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Figure 5: Results of IJIP with and without Iterative Judgments. “W/O” denotes without this component.
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Figure 6: Subfigures (a) The results of Train-free IJIP with different missing label proportions. and (b) The results
of with and without Integrated Prediction

results are provided in Section G, Section F, and
Section H, respectively.

6.3 Robustness Analysis

Variations in pre-trained models, and similarity
metrics introduce stochastic rather than system-
atic effects on IJIP’s performance. The detailed
results are presented in Section C (Appendix). This
demonstrates that IJIP is robust, as minor modifi-
cations to its components do not lead to significant
performance degradation.
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Figure 7: The results of Train-free IJIP with different
demonstration numbers.

6.4 Non-Uniform Effect of Demonstration
Number on IJIP Performance

We further study how the demonstration numbers
affects IJIP. As shown in Fig. 7, its effect is task-
dependent and non-uniform. On CIFAR-10, the
accuracy improves noticeably when the demonstra-
tion numbers increases from a small value, but the
improvement gradually saturates as more demon-
strations are added. This suggests that additional
demonstrations are most helpful when contextual
information is insufficient, while their marginal
benefit becomes limited beyond a moderate scale.

By contrast, on STS-B, the MSE exhibits clear
fluctuations before stabilizing, rather than monoton-
ically decreasing with more demonstrations. This
implies that regression tasks are more sensitive to
the specific composition of demonstrations, and
that more demonstrations do not necessarily yield
better predictions. Overall, these findings indicate
that the optimal demonstration number should be
chosen with respect to both task characteristics
and efficiency considerations, instead of being in-
creased indiscriminately.
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Table 3: Average runtime (seconds per text) and average token usage (tokens per text) on SST5 dataset.

Method BM25 CD Kate DKNN TTF ICCL PPL
Train-free

IJIP
Train-based

IJIP
Train-free

IJIP (5 shot)

Accuracy ↑ 39.3 40.2 37.4 38.4 35.1 39.7 41.2 50.7 49.3 49.5
Token ↓ 195.9 202.3 189.3 203.8 182.5 196.2 178.6 266.5 244.2 174.3

Time (s) ↓ 1.95 0.26 0.27 0.22 0.27 0.36 0.32 0.43 0.49 0.38

6.5 Cost

IJIP requires two LLM queries per input, increas-
ing computational costs. Fig. 7 shows that reducing
demonstrations from 10 to 5 has minimal perfor-
mance impact. Fewer demonstrations lower token
usage and costs. Tab. 3 shows that on SST-5, re-
ducing to 5 demonstrations decreases accuracy by
only 1.2%, while cutting tokens to 174.3 and time
to 0.38 s.

6.6 Performance Comparison Between IJIP
and Zero-Shot Classification

In image classification, using CLIP models for sim-
ilarity computation represents a commonly adopted
zero-shot baseline, achieving 88.7% accuracy. As
shown in Tab. 5, IJIP achieves higher accuracy
compared to this zero-shot classification.

6.7 IJIP as a Plug-and-Play Enhancement for
Existing ICL Methods

We further evaluate whether IJIP can improve ex-
isting ICL methods in a plug-and-play manner.
Specifically, we augment CD and DKNN with
training-free IJIP on SST5 using LLaMA 3.1 8B.
As shown in Tab. 4, this integration consistently
improves both methods across incomplete-label set-
tings. For CD, the accuracy increases from 33.6%
to 35.3% in the 1-label setting and from 55.2% to
62.8% in the 9-label setting, yielding an average
gain of 4.6%. For DKNN, the corresponding im-
provements are from 38.0% to 41.7% and from
68.4% to 75.1%, with an average gain of 5.2%.
These results show that IJIP is not limited to a stan-
dalone design, but can also complement existing
retrieval-based ICL methods and further enhance
their robustness under incomplete retrieval settings.

7 Conclusion

We introduce the concepts of incomplete retrieval
dataset and IICL, empirically analyzing their ef-
fects and proposing IJIP as a solution. IJIP main-
tains strong performance even with 90% missing
labels and can be adapted to various scenarios

Table 4: Experimental Results of Training-Free IJIP as
a Plug-and-Play Module. We augment CD and DKNN
methods by incorporating training-free IJIP. Experi-
ments are conducted using the LLaMA 3.1 8B LLM
on the SST5 dataset.

With Train-free IJIP Without Train-free IJIP

Method 1 Label 9 Label 1 Label 9 Label

CD 35.3 62.8 33.6 55.2
DKNN 41.7 75.1 38.0 68.4

Table 5: The results of zero-shot classification by Clip
in CAFIR-10 dataset.

Clip Train-free IJIP (9 Label) Train-based IJIP (9 Label)

Clip VL 4B VL 8B VL 26B VL 4B VL 8B VL 26B
88.7 93.9 92.3 98.6 92.4 94.5 97.8

through task reformulation (Section 4). The frame-
work extends to standard ICL, semi-supervised
IICL, prompt learning, and includes a specialized
variant for text generation, demonstrating broad
versatility. Related work, extended discussions,
and more results are provided in the appendix.

Limitations

The training-free IJIP increases token usage,
whereas the training-based variant requires addi-
tional training time, storage, and inference over-
head. For instance, on SST5, training takes 20.3
minutes and 468 MB of storage. While these
computational and storage overheads are non-
negligible, they represent a worthwhile trade-off
given the substantial performance gains achieved
by IJIP.
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Overview of the Appendix

This appendix includes our supplementary materi-
als as follows:

• A review of related work in Section A.

• Details of the model architecture and training
setup in Section B.

• Results of various pre-trained models and sim-
ilarity computation in Section C.

• Descriptions of baseline methods in Sec-
tion D.

• Analysis under different missing-label propor-
tions in Section E.

• Experiments on semi-supervised IICL in Sec-
tion F.

• Experiments on standard ICL in Section G.

• Experiments on prompt learning in Section H.

• More detailed descriptions of the evaluation
metrics in Section I.

• Formal definitions of the tasks in Section J.

• More details about the dataset in Section K .

• Model access information and URLs in Sec-
tion L.

A Related Work

In-context learning (ICL) (Bertsch et al., 2025;
de Wynter, 2025; Dherin, 2025; Yin, 2025; Yu
et al., 2025) has become a cornerstone technique
in enabling large language models (LLMs) to per-
form a variety of downstream tasks using only a
handful of example pairs, all without the need for
gradient-based parameter updates. This inference-
time adaptability has spurred a broad spectrum of
studies examining key determinants of ICL effec-
tiveness, such as the choice of in-context exam-
ples (Min et al., 2022; Cheng et al., 2024; Fei et al.,
2023; Gupta et al., 2023; Li and Qiu, 2023a; Lyu
et al., 2023; Wei et al., 2023b,a), their structural
presentation (Min et al., 2022), sequencing (Lu
et al., 2022; Wu et al., 2023), and associated la-
beling strategies (Wang et al., 2023). Recent in-
novations have increasingly incorporated retrieval-
based mechanisms into the ICL framework, giving
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rise to retrieval-augmented in-context learning (Ret-
ICL) (Luo et al., 2024), wherein demonstrations
are dynamically sourced from external repositories
to enrich task performance. Techniques employed
for retrieval enhancement include embedding sim-
ilarity measures (Rubin et al., 2022), diversity-
promoting heuristics (Li et al., 2023), and retrievers
fine-tuned via contrastive learning (Dai et al., 2023).
A comprehensive overview by Luo et al. (Luo et al.,
2024) underscores the efficacy of these strategies
in bolstering both model robustness and general-
ization. Notably, prior studies commonly assume a
shared label space between retrieved examples and
target instances—an assumption often violated in
practical scenarios such as domain adaptation or
multilingual classification. To confront this over-
looked challenge, we propose the Disjoint Out-
put Spaces In-Context Learning (DOSICL) frame-
work, designed to rigorously assess the capacity of
LLMs to generalize across label-divergent source
and target distributions. Building on similar prin-
ciples, visual in-context learning (VICL) extends
the paradigm to multimodal settings. The VICL
methodology involves three components: retriev-
ing relevant visual demonstrations, summarizing
intent-specific visual information, and composing
demonstrations tailored to the target query. Re-
trieval leverages both visual and textual modalities
via pretrained encoders like ViT (Dosovitskiy et al.,
2021; Bertsch et al., 2025; Li et al., 2024a), while
relevance is further refined through cross-modal
matching with models such as CLIP (Radford et al.,
2021a; Pan et al., 2023; Lin and Lee, 2024), en-
suring semantic and contextual alignment (Zhou
et al., 2023). VICL capitalizes on the emergent
abilities of LLMs to perform new tasks simply by
conditioning on adapted prompts, without model
retraining (Radford et al., 2018, 2019; Raffel et al.,
2020a; Wei et al., 2022a,b; Fu et al., 2023; Xie
et al., 2021; ?; Mao et al., 2024; Garg et al., 2022;
Li et al., 2025f, 2026; Li and Ma, 2026; Li et al.,
2024b; Huang et al., 2026, 2025; Ying et al., 2026).

Class-Incremental Learning (CIL) (Zhang
et al., 2025; Cao et al., 2025; Liu et al., 2025b;
Li et al., 2025d; Jodelet et al., 2025; Nori et al.,
2025; Kim et al., 2025; Liu et al., 2025c; Gao et al.,
2025) enables models to learn new categories from
sequential data while retaining knowledge of previ-
ous ones. The model initially learns from a subset
of classes and adapts as new classes are introduced,
without forgetting the earlier ones. CIL represents
a scenario where the dataset does not include all po-

tential categories during training. Extreme Class-
Imbalance Learning occurs when class distribu-
tions are highly imbalanced, with the minority class
containing very few or no samples (Attenberg and
Provost, 2010; Akhbardeh et al., 2021). This situ-
ation is more severe than typical class imbalance
problems, where the minority class is underrepre-
sented but still present.

In summary, prior research on ICL and ICL has
primarily focused on the selection of demonstra-
tions and their integration into an appropriate con-
text. However, these studies have largely over-
looked potential anomalies in the context retrieval
database. For example, in Class-Incremental Learn-
ing scenarios, the context retrieval database may
lack data for newly introduced classes. Addition-
ally, in cases of extreme class imbalance, certain
labels may not have corresponding datasets. Fur-
thermore, due to data labeling issues, some labels
may lack annotated data altogether. These real-
world challenges underscore the importance of ex-
ploring context learning in scenarios where data
corresponding to specific labels is missing.

B Model Architecture and Training
Details

Built upon the BERT-base-uncased architecture,
our model incorporates five additional hidden lay-
ers. Training proceeds for 10 epochs with an initial
learning rate of 1× 10−3, optimized via AdamW
alongside a linear warmup scheduler to ensure sta-
ble convergence. To prevent overfitting, we apply
dropout regularization at a rate of 0.2 within the
classification layers.

C The Results of Different Pre-trained
Models and Similarity Computation

To discuss the factors affecting IJIP’s performance,
we conduct a series of ablation studies focusing on
critical design components: different pre-trained
models, the method for computing semantic sim-
ilarity, and the number and ordering of demon-
strations. For the pre-trained model, we evaluate
CLIP (Radford et al., 2021b), T5 (Raffel et al.,
2020b), and BERT (Devlin et al., 2019). To com-
pute semantic similarity, we compare Euclidean
distance, cosine similarity, and Manhattan dis-
tance (Singhal et al., 2014). We vary the demon-
stration numbers from 1 to 10 and examine the
impact of their ordering based on ascending and
descending similarity.
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As Figure 9 shows, employing cosine similar-
ity, Euclidean distance, and Manhattan distance
leads to average accuracies of 74.1%, 73.9%, and
73.8%, respectively, while the corresponding MSEs
are 0.93, 0.90, and 0.95. Variations in pre-trained
models, similarity metrics, and the ordering of sim-
ilarity scores appear to introduce stochastic rather
than systematic effects on IJIP’s performance. As
shown in Figure 8 and discussed, the average accu-
racies obtained using CLIP (Radford et al., 2021b),
T5 (Raffel et al., 2020b), and BERT (Devlin et al.,
2019) are 71.0%, 71.0%, and 71.5%, respectively.
For the STS task, the MSE are 1.09, 1.07, and 1.10.

D Baselines

We perform experiments using various ICL and
ICL methods, including Zero-shot Prompt, which
is without in-context demonstrations; Static, where
the top-k demonstrations are selected from the re-
trieval database; Random, where demonstrations
are randomly chosen for each test input from the
retrieval database; Clustering-retrieval (Li and Qiu,
2023b) organizes all demonstrations into k clus-
ters, aiming to group similar examples, and sub-
sequently chooses the most representative demon-
stration from each cluster, resulting in a final set
of k demonstrations; Kate (Liu et al., 2022) iden-
tifies the most similar examples based on their
sentence-level embeddings; and CD (Naik et al.,
2023), where all demonstrations are clustered into
k groups, and the demonstration closest to each
cluster’s center is selected to serve as the context
demonstration. ICL-Rerank uses a ’Retrieval &
Rerank’ approach by first selecting the top-k most
similar samples and then re-ranking them based
on the image-text matching score with the query
caption to improve relevance.

E The Results of Different Missing Label
Proportions

Since the SNLI dataset comprises only three dis-
tinct labels, Tab. 2 already captures the effects of
varying degrees of label omission on the exper-
imental outcomes. Due to time limitations, the
majority of our experiments are conducted using
the CIFAR-10 dataset. To improve the reliability
and generalizability of our results, we also incorpo-
rate the Fashion-MNIST dataset, a complementary
ten-class image classification benchmark.

We investigate the relationship between the per-

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

2*Class Nums CIFAR10 Fashion MNIST

4B 8B 4B 8B

90% 88.5 89.9 47.5 52.8
80% 88.5 88.5 48.0 55.2
70% 88.2 88.6 50.0 59.0
60% 89.4 89.0 52.4 61.0
50% 87.8 88.3 56.4 63.8
40% 88.8 91.5 64.1 68.9
30% 90.5 90.8 67.9 72.7
20% 90.0 92.6 71.9 72.2
10% 92.1 92.3 77.4 78.9

formance of IJIP and the proportion of missing
labels. The experimental results are presented in
Tab. 6. The accuracy of IJIP decreases as the pro-
portion of missing labels increases, dropping from
77.4% to 47.5% on the Fashion-MNIST dataset
using the InternVL 2.5-4B model.

F Semi-supervised IICL

The experimental setup for the semi-supervised
IICL scenario is presented in Tab. 7, where IJIP con-
tinues to demonstrate considerable performance.

G Standard ICL

In the Standard ICL setting, where the retrieval
dataset encompasses the complete set of target
labels, our experiments are limited to the SST5,
SNLI, and STS-B benchmarks due to time con-
straints. Within this aligned configuration, the pro-
posed IJIP framework continues to leverage Inte-
grated Prediction Stage to enhance inference accu-
racy. As shown in Tab. 8, IJIP demonstrates strong
performance in the Standard ICL scenario, achiev-
ing a peak classification accuracy of 88.92% and a
Mean Squared Error (MSE) of 0.62 on regression
tasks, underscoring its robustness in contexts with
consistent label semantics between demonstrations
and queries.

H Prompt learning

In addition to context-based learning, prompt learn-
ing is a widely used method that leverages LVLMs.
We integrate our method into prompt learning. The
experimental results are provided in Figure 10. Our
findings reveal that applying our method enhances
the performance of prompt learning. Specifically,
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Figure 8: The performance of different pre-trained model.

VL 4B
1 label

VL 8B
9 label

VL 26B
9 label

VL 4B
9 label

VL 8B
9 label

VL 26B
9 label

80.0

82.5

85.0

87.5

90.0

92.5

95.0

97.5

100.0

A
C

C
(

)

CIFAR-10 Accuracy

GLM
1 label

Llama
2 label

Qwen
2 label

GLM
2 label

Llama
2 label

Qwen
2 label

40

50

60

70

80

90

100

A
C

C
(

)

SNLI Accuracy

GLM
1 label

Llama
1 label

Qwen
1 label

GLM
1 label

Llama
4 label

Qwen
4 label

46

48

50

52

54

56

58

60

A
C

C
(

)

SST-5 Accuracy

GLM
[0-1]

Llama
[0-1]

Qwen
[0-1]

GLM
[0-4]

Llama
[0-4]

Qwen
[0-4]

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

1.4

1.5

M
SE

(
)

STS-B MSE
Cosine Euclidean Manhattan

Figure 9: The performance of different similarity computation.

prompt learning experiences an average improve-
ment of 4.8%. Due to time constraints, our experi-
ments primarily focus on image classification tasks.
To enhance the feasibility and diversity of the eval-
uation, we additionally incorporate three image
classification datasets: Fashion-MNIST, WikiArt
Genre, and WikiArt Artist.
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Figure 10: The effectiveness of IJIP in improving zero-
shot prompt learning performance. Each experiment is
conducted three times, and the average result is reported.

I Metrics

In this section, we provide detailed definitions and
computational procedures for the four evaluation
metrics adopted in our experiments, namely BLEU,
ROUGE-1, Mean Squared Error (MSE), and Accu-
racy. These metrics are selected to cover different
natural language processing tasks, including ma-
chine translation, summarization, semantic textual
similarity, and text classification. Higher BLEU,
ROUGE-1, and Accuracy scores indicate better per-
formance, whereas lower MSE values correspond
to stronger results.

I.1 BLEU

The Bilingual Evaluation Understudy (BLEU)
score is a precision-oriented metric widely used
in machine translation. It evaluates the overlap be-
tween a candidate sentence and one or more refer-
ence sentences based on n-gram matching. Specifi-
cally, BLEU is defined as

BLEU = BP · exp
(

N∑

n=1

wn log pn

)
,
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Table 7: The results of semi-supervised IICL scenario

SNLI(Accuracy↑)

1 label 2 label

GLM4 9B Llama3.1 8B Qwen2.5 7B GLM4 9B Llama3.1 8B Qwen2.5 7B

BM25 37.4% 38.4% 35.2% 58.8% 58.8% 57.3%
CD 80.3% 32.5% 87.6% 76.3% 76.3% 76.5%
Kate 76.0% 20.2% 80.4% 76.4% 76.4% 72.9%

DKNN 73.8% 20.0% 86.5% 72.3% 72.3% 73.9%
TTF 73.2% 23.8% 81.6% 73.0% 73.0% 73.0%

Train-free IJIP 82.9% 27.4% 86.4% 82.0% 79.6% 77.4%

SST5(Accuracy↑)

1 label 4 label

GLM4 9B Llama3.1 8B Qwen2.5 7B GLM4 9B Llama3.1 8B Qwen2.5 7B

BM25 31.7% 32.8% 45.3% 31.2% 39.4% 46.6%
CD 37.6% 35.1% 48.9% 45.9% 37.1% 43.9%
Kate 46.6% 30.5% 53.0% 45.9% 35.3% 50.2%

DKNN 46.2% 36.9% 48.2% 45.5% 40.7% 45.0%
TTF 36.7% 20.6% 43.4% 39.6% 47.7% 49.1%

Train-free IJIP 48.2% 32.9% 55.9% 46.1% 37.1% 53.4%

Table 8: The results of standard ICL scenario

SNLI(Accuracy↑) SST5(Accuracy↑) STS-B(MSE↓)

GLM4 9B Llama3.1 8B Qwen2.5 7B GLM4 9B Llama3.1 8B Qwen2.5 7B GLM4 9B Llama3.1 8B Qwen2.5 7B

BM25 56.8% 45.8% 45.6% 34.2% 36.0% 46.8% 1.54 4.03 1.55
CD 76.4% 33.6% 84.3% 43.9% 36.4% 45.9% 0.85 1.20 0.99
Kate 75.1% 49.1% 83.6% 49.8% 35.8% 51.8% 0.66 1.28 0.63

DKNN 61.9% 28.1% 75.0% 43.0% 40.1% 42.8% 0.73 2.56 0.91
TTF 64.4% 20.4% 37.9% 43.4% 33.0% 43.9% 1.05 2.72 0.70
ICCL 75.6% 47.5% 83.7% 48.3% 37.0% 52.4% 0.67 1.11 0.69
PPL 74.9% 49.6% 81.1% 47.0% 36.3% 48.6% 0.65 1.76 0.68

Train-free IJIP 77.6% 52.8% 88.9% 54.2% 43.2% 54.0% 0.62 1.23 0.65

where pn denotes the modified n-gram precision,
wn are weights (typically uniform), and BP is the
brevity penalty introduced to penalize translations
that are too short. A higher BLEU score reflects
closer alignment with the reference translation.

I.2 ROUGE-1

Recall-Oriented Understudy for Gisting Evalua-
tion (ROUGE) is a family of metrics frequently
applied to summarization and text generation tasks.
ROUGE-1 measures the unigram-level overlap be-
tween the generated text and a reference. It is de-
fined in terms of recall as

ROUGE-1 =
∑

unigram∈Ref min(CountGen(unigram),CountRef(unigram))∑
unigram∈Ref CountRef(unigram)

where CountGen and CountRef denote the unigram
counts in the generated and reference texts, respec-
tively. ROUGE-1 thus captures the proportion of
reference unigrams successfully covered by the sys-
tem output.

I.3 Mean Squared Error (MSE)
Mean Squared Error (MSE) is employed to eval-
uate semantic textual similarity (STS) tasks by
comparing predicted similarity scores against gold-
standard labels. The metric is defined as

MSE =
1

N

N∑

i=1

(yi − ŷi)
2,

where yi represents the ground-truth similarity
score, ŷi denotes the model prediction, and N is
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the total number of samples. Smaller MSE val-
ues indicate higher fidelity of predicted scores to
human-annotated similarities.

I.4 Accuracy
Accuracy is the most widely used evaluation metric
in classification tasks, measuring the proportion of
correct predictions. It is formally defined as

Accuracy =
# correct predictions

# total samples
.

A higher accuracy value implies that the model
consistently assigns the correct label to input sam-
ples, thereby reflecting stronger classification per-
formance.

J Task

This section of the appendix provides concise
overviews of the benchmark tasks employed in our
experiments, spanning both vision and language
understanding domains. These tasks cover core
capabilities such as classification, inference, simi-
larity evaluation, summarization, and translation.

J.1 Image Classification
Image classification is a core task in computer vi-
sion that involves assigning a predefined category
label to an entire image based on its visual content.
It underpins a wide range of applications, such
as medical diagnostics, autonomous driving, and
product recognition.

J.2 Text Classification
Text classification is a cornerstone task in the field
of Natural Language Processing (NLP), aimed at
categorizing textual instances into a set of prede-
fined labels. This task underpins a variety of real-
world applications, including sentiment detection,
spam filtering, intent classification, and topic iden-
tification. Performance is generally assessed using
classification metrics such as accuracy, precision,
recall, and the F1-score, depending on the specific
task requirements.

J.3 Natural Language Inference
Natural Language Inference (NLI) is a foundational
challenge in NLP that requires identifying the in-
ferential relationship between two textual inputs: a
premise and a hypothesis. The task involves assign-
ing one of three relational labels: entailment (the
hypothesis necessarily follows from the premise),
contradiction (the hypothesis conflicts with the

premise), or neutral (the truth of the hypothesis
is indeterminate given the premise).

J.4 Semantic Textual Similarity

Semantic Textual Similarity (STS) evaluates the
extent to which two textual segments convey equiv-
alent meaning. Unlike classification-oriented tasks,
STS is typically modeled as a regression prob-
lem, where the goal is to assign a real-valued
score—commonly ranging from 0 (no semantic
overlap) to 5 (identical meaning)—that reflects
the semantic closeness of the input pair. STS is
pivotal in a broad spectrum of downstream NLP
applications, including paraphrase detection, in-
formation retrieval, question answering, and sum-
marization. Accurate modeling of STS requires
proficiency in understanding lexical semantics, syn-
tactic constructs, contextual information, and often
real-world knowledge.

J.5 Text Expansion

Text expansion refers to the task of extending a
given short text fragment into a longer, semanti-
cally consistent, and contextually appropriate pas-
sage. This task can be seen as the inverse of sum-
marization and serves applications such as dialogue
generation, story completion, and content creation.
It requires a model to preserve the semantic intent
of the original input while generating additional
coherent content, thereby testing the model’s cre-
ativity and control in text generation.

J.6 Text Summarization

Text summarization involves generating a concise
and coherent summary that captures the essential
information of a source document while potentially
using novel phrasing not present in the original
text. Formally, given a document D, the goal is
to produce a shorter sequence S that preserves the
salient semantic content of D. Unlike extractive
approaches that rely on selecting existing sentences,
abstractive summarization requires the model to
demonstrate generative linguistic capabilities and
semantic abstraction.

J.7 Translation

Machine translation (MT) is the task of automati-
cally converting text from a source language into
a target language while preserving the original
meaning and fluency. Formally, given a sequence
x = (x1, . . . , xn) in the source language, the goal
is to generate a target sequence y = (y1, . . . , ym)
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in another language. Translation remains one of
the most established benchmarks for evaluating
sequence-to-sequence models and has served as a
cornerstone for advances in neural language mod-
eling.

K Datasets

This section provides an overview of the bench-
mark datasets used in our experiments, cover-
ing both vision and natural language processing
tasks. These datasets are employed to evaluate the
model’s performance across diverse domains and
task types.

K.1 CIFAR-10
The CIFAR-10 dataset is a widely used small-scale
image collection comprising 60,000 32x32 color
images distributed across 10 categories, with 6,000
images per category. These images are divided
into 50,000 training samples and 10,000 test sam-
ples. The dataset presents a range of challenges,
including variations in angles, poses, lighting, and
backgrounds, making it difficult for both machine
learning and deep learning algorithms. Due to its
manageable size and pixel value normalization dur-
ing preprocessing, CIFAR-10 is commonly used
for benchmarking image classification tasks in com-
puter vision.

K.2 Stanford Sentiment Treebank - 5-way
The Stanford Sentiment Treebank (SST-5) is a
widely-adopted benchmark for fine-grained sen-
timent classification. It extends the original binary
SST dataset by providing human-annotated senti-
ment labels for phrases and sentences parsed from
movie reviews. Each data instance is assigned one
of five labels: “Very Negative, Negative, Neutral,
Positive, or Very Positive”. The task is framed as
a single-sentence classification problem, making
it a challenging test for models to discern subtle
semantic differences and compositional meaning.
Performance is measured using classification “Ac-
curacy”.

K.3 Stanford Natural Language Inference
The Stanford Natural Language Inference (SNLI)
dataset (Bowman et al., 2015) stands as a foun-
dational corpus in the study of natural language
inference. It includes 570,000 sentence pairs, each
consisting of a premise and a hypothesis, labeled
as either entailment, contradiction, or neutral. The
premises are derived from image captions in the

Flickr30k dataset, while hypotheses were crafted
and annotated by human annotators. SNLI’s scale
and linguistic richness have made it a cornerstone
for training and evaluating deep learning models
in textual entailment, particularly those focused on
understanding relational semantics.

K.4 STS Benchmark

The Semantic Textual Similarity (STS) Benchmark
is a canonical dataset for evaluating models on the
task of Textual Similarity Estimation. It comprises
sentence pairs drawn from multiple sources, in-
cluding image captions, news headlines, and user
forums. Each pair is annotated with a similarity
score ranging from “0 (no semantic relation) to
5 (semantic equivalence)”. The STS Benchmark
provides a standardized training, development, and
test split, enabling fair comparison across differ-
ent models. The standard evaluation metric is the
Pearson correlation between predicted and gold
scores, while “Mean Squared Error (MSE)” is also
commonly reported to quantify prediction errors.

K.5 STS 2014, 2015, 2016

The STS datasets from the SemEval 2014, 2015,
and 2016 shared tasks on Semantic Textual Simi-
larity are collections of test sets used for evaluation.
Unlike the STS Benchmark, these datasets are typi-
cally used “exclusively for testing”, as they do not
have official training splits. They contain sentence
pairs from diverse domains such as news headlines,
forum discussions, and glossaries. Each pair is an-
notated with a gold similarity score. These datasets
are instrumental for evaluating the cross-domain
generalization and robustness of models trained on
other STS data (e.g., STSB). Performance is evalu-
ated using the “Pearson correlation” coefficient.

K.6 Gigaword

The Gigaword dataset is a large-scale summariza-
tion corpus extensively used for training and evalu-
ating models on “Abstractive Summarization”. It
consists of over 4 million news articles and their
corresponding headlines from various news sources
(e.g., Reuters, AFP). The standard task is to gener-
ate a concise headline given the first sentence (or
the first few sentences) of the article. This task tests
a model’s ability to identify the most salient infor-
mation and compress it into a very short summary.
Model performance is primarily evaluated using
the “ROUGE” metric suite, particularly “ROUGE-
1” F1 score.
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K.7 Gigatiny
Gigatiny is a curated and reduced version of the
massive Gigaword dataset, designed to facilitate
faster experimentation and prototyping in summa-
rization research. It retains the same structure and
objective as its parent dataset—generating a head-
line from an article’s first sentence—but contains
a significantly smaller subset of examples. This
makes it a valuable resource for efficient hyper-
parameter tuning and initial model testing before
scaling to the full Gigaword corpus. Evaluation is
likewise performed using “ROUGE” metrics.

K.8 WMT19 Chinese-English Validation Set
The wmt19-valid-only-zh_en dataset, serves as
a validation set for Chinese-to-English (zh→en)
translation within the WMT19 news translation
domain. It contains 3,981 parallel sentence pairs,
where each entry provides a Chinese source sen-
tence and its corresponding English reference trans-
lation. This dataset focuses on news-related content
and is designed primarily for model validation and
performance benchmarking rather than large-scale
training. Translation quality on this benchmark is
typically evaluated using automatic metrics such
as the “BLEU” score against the provided human
references.

K.9 WMT19 English-Chinese Validation Set
To obtain an English-to-Chinese (en→zh) valida-
tion set, we reversed the language direction of the
wmt19-valid-only-zh_en dataset by swapping the
source and target fields in each parallel sentence
pair. This process preserves the original sentence
alignment and translation quality while converting
the translation direction from Chinese-to-English to
English-to-Chinese. The resulting dataset therefore
shares the same content and size (3,981 sentence
pairs) as the original validation set but provides a
complementary benchmark for evaluating English-
to-Chinese translation models under the WMT19
news domain.

L THE URL OF Models
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Table 9: NLP Tasks, Datasets, and Their URLs

Task Dataset URL

Image Classifica-
tion

CIFAR-10 https://huggingface.co/datasets/uoft-cs/cifar10

Text Classification SST5 https://huggingface.co/datasets/SetFit/sst5

Natural Language
Inference

SNLI https://huggingface.co/datasets/stanfordnlp/snli

Semantic Textual
Similarity

STS14 https://huggingface.co/datasets/mteb/sts14-sts

STS15 https://huggingface.co/datasets/mteb/sts15-sts
STS16 https://huggingface.co/datasets/mteb/sts16-sts
STSB https://huggingface.co/datasets/SetFit/stsb

Text Summa-
rization / Text
Expansion

gigaword https://huggingface.co/datasets/Gabriel/
gigaword_swe

gigatiny https://huggingface.co/datasets/SpeedOfMagic/
gigaword_tiny

Translation WMT19 En–Zh https://huggingface.co/datasets/WillHeld/
wmt19-valid-only-zh_en

Table 10: Large Language Models and Their URLs

Model URL

LLAMA-3.1-8b https://huggingface.co/meta-llama/Llama-3.1-8B
Qwen2.5 7b https://huggingface.co/Qwen/Qwen2.5-7B
GLM4 9B https://huggingface.co/zai-org/glm-4-9b
LLAMA-3.2-3b https://huggingface.co/meta-llama/Llama-3.2-3B
GPT-4o https://platform.openai.com/docs/models/gpt-4o
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