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Abstract

Large language models (LLMs) perform in-context learn-
ing (ICL) with minimal supervised examples, which bene-
fits various natural language processing (NLP) tasks. One of
the critical research focus is the selection of prompt demon-
strations. Current approaches typically employ retrieval mod-
els to select the top-K most semantically similar examples
as demonstrations. However, we argue that existing methods
are limited since the label consistency is not guaranteed dur-
ing demonstration selection. Our cognition derives from the
Bayesian view of ICL and our rethinking of ICL from the
transductive label propagation perspective. We treat ICL as a
transductive learning method and incorporate latent concepts
from Bayesian view and deduce that similar demonstrations
guide the concepts of query, with consistent labels serving as
estimates. Based on this understanding, we establish a label
propagation framework to link label consistency with propa-
gation error bounds. To model label consistency, we propose
a data synthesis method, leveraging both semantic and la-
bel information, and use TopK sampling with Synthetic Data
(TopK-SD) to acquire demonstrations with consistent labels.
TopK-SD outperforms original TopK sampling on multiple
benchmarks. Our work provides a new perspective for under-
standing the working mechanisms within ICL.

Code — https://github.com/Cauchy2001/TopK SD

Introduction
Large language models (LLMs) (Min et al. 2023; Liu et al.
2023) demonstrate remarkable generative capabilities and
achieve superior performance across a wide spectrum of
traditional NLP tasks (Mann et al. 2020), including senti-
ment analysis, text classification, and machine translation.
The efficacy of these models is significantly enhanced by in-
context learning (ICL) (Dong et al. 2022; Bai et al. 2024),
which enables task execution through in-context inference
with minimal supervised prompts. Compared to conven-
tional fine-tuning approaches (Devlin 2018), ICL accom-
plishes comparable task performance while substantially re-
ducing data annotation costs (Lester, Al-Rfou, and Con-
stant 2021), primarily by eliminating the need for exten-
sive parameter updates. For instance, by providing only 4-
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Query Demonstrations Consistency Accuracy Selection

P
PPPPPPNN 75% ↑ ✓
PPNNNNNN 25% ↓ ✗

Table 1: On SST-2, for a query with the label ”positive”,
our method selects demonstrations with the same label to
improve ICL performance.

8 labeled examples as demonstrations, ICL allows models
like GPT (Radford et al. 2019; Floridi and Chiriatti 2020;
Achiam et al. 2023) and Llama (Touvron et al. 2023a,b;
Dubey et al. 2024) to generalize to unseen tasks without ex-
plicit parameter updates and accomplishes comparable task
performance while substantially reducing data annotation
costs (Lester, Al-Rfou, and Constant 2021). For instance,
by providing only 4-8 labeled examples as demonstrations,
ICL allows models like GPT (Radford et al. 2019; Floridi
and Chiriatti 2020; Achiam et al. 2023) and Llama (Touvron
et al. 2023a,b; Dubey et al. 2024) to generalize to unseen
tasks without explicit parameter updates and accomplishes
comparable task performance while substantially reducing
data annotation costs (Lester, Al-Rfou, and Constant 2021).

The performance of ICL critically hinges on demonstra-
tion selection (Sorensen et al. 2022; Zhang, Feng, and Tan
2022; Li and Qiu 2023), their ordering (Lu et al. 2022; Liu
et al. 2024), and formatting (Kim et al. 2022; Hao et al.
2022); hence, selecting appropriate demonstrations for ICL
in large models is paramount. Consequently, the research
community has introduced a wealth of methods for select-
ing demonstrations while also selecting demonstrations at
the corpus or instance level with key factors such as diver-
sity and similarity (Luo et al. 2024; Dong et al. 2022). A
common retrieval approach generates embeddings (Reimers
2019), calculates Euclidean distance or cosine similarity,
and selects the top-K most similar demonstrations (Liu et al.
2021). The nearest-neighbor examples’ labels enhance the
generative model’s final prediction. Subsequent work has
extended TopK method, including MDL (Wu et al. 2022)
and ConE (Peng et al. 2024). The effectiveness of these
methods is dependent on TopK retrieval.

To understand the mechanisms of ICL, some studies
have focused on influential factors, including data distri-
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bution (Wies, Levine, and Shashua 2024), training pro-
cess (Ding et al. 2023), and diversity (An et al. 2023), among
others. Currently, there is no clear explanation for why ICL
works. Existing principled explanations for ICL include the
Bayesian veiw (Xie et al. 2021; Wies, Levine, and Shashua
2023), which suggests that demonstrations of ICL are used
to activate the latent concepts learned during pretraining, and
the gradient descent view (Dai et al. 2022; von Oswald et al.
2023), which posits that the effects of ICL are equivalent to
those of fine-tuning. The work (Wang et al. 2023) interpret
ICL’s working principle via transformers’ attention mecha-
nism, arguing that label words anchor demonstration infor-
mation to form final predictions.

Based on the existing research on the interpretability of
ICL, most studies consider that ICL is not conventional
learning (Kossen, Gal, and Rainforth 2023). However, if
we rethink from the perspective of learning paradigms, ICL
should be considered transductive learning, rather than in-
ductive learning. From Bayesian view, we introduce the la-
tent concepts into the transductive optimization objective of
ICL. Under the assumptions of Bayesian inference frame-
work, we deduce the working principle of latent concepts in
ICL. Latent concepts help map sentences to labels. More-
over, we derive that similar demonstrations can effectively
guide the latent concepts corresponding to the query, and
consistent labels can estimate whether the guided concepts
related to the query. Therefore, we establish a transductive
label propagation framework to explain how demonstrations
in ICL propagate concepts to query and use label consis-
tency as a lower bound for evaluating propagation error. The
derivation reveals why label consistency is important.

Since we do not have sufficient prior knowledge of the
query labels during demonstration selection, and existing
methods do not incorporate labels into the selection, we
designed a data synthesis method to synthesize new em-
beddings with label information. We sample from the syn-
thesized embeddings with TopK method called TopK with
Synthetic Data (TopK-SD). This method can better se-
lect demonstrations with consistent labels. Compared with
TopK with original embeddings, TopK-SD shows signifi-
cant improvement on multiple benchmarks. The reason is
that TopK-SD maintains semantic similarity and greatly im-
proves label consistency. Some methods based on TopK also
conducted ablation studies, replacing the TopK module with
the TopK-SD module, and it demonstrates the effectiveness
of TopK-SD. It has verified the importance of label consis-
tency and corroborated derivation of Bayesian transduction.

Briefly, the contribution of this study can be summa-
rized as follows: (1) We rethink ICL as a form of transduc-
tive learning, derive the roles of demonstrations and labels
through Bayesian view, model transductive label propaga-
tion framework, and highlight the importance of label con-
sistency. (2) We propose a data synthesis method using se-
mantic and label information, apply TopK-SD sampling to
get consistent-label demonstrations. Experiments show that
TopK-SD outperforms TopK with higher accuracy.

Related Works
In-Context Learning As an emerging learning paradigm,
In-Context Learning (ICL) (Dong et al. 2022; Bai et al.
2024) has attracted significant attention in the field of nat-
ural language processing (NLP) in recent years (Mann et al.
2020). ICL enables models to perform inference directly us-
ing a small number of labeled examples (i.e., demonstra-
tions) provided in the context, without requiring large-scale
parameter updates (Devlin 2018). Compared to traditional
fine-tuning methods, ICL achieves comparable task perfor-
mance while substantially reducing the cost of data anno-
tation (Lester, Al-Rfou, and Constant 2021). It makes ICL
particularly advantageous in low-resource scenarios.
Interpretability of ICL Despite ICL’s remarkable perfor-
mance in practice, its underlying mechanisms remain un-
clear. Some studies have approached ICL from Bayesian
view, suggesting that demonstrations activate latent concepts
learned during pretraining (Xie et al. 2021; Wies, Levine,
and Shashua 2023). Others have explained ICL through the
view of gradient descent, positing that its effects are equiva-
lent to fine-tuning (Dai et al. 2022; von Oswald et al. 2023).
The work (Wang et al. 2023) have explored the attention
mechanisms of transformers, arguing that labels aggregate
demonstration information for label prediction. While these
studies offer different perspectives on understanding mech-
anisms, many questions still remain open for investigation.
Demonstration Selection of ICL ICL critically hinges on
the demonstration selection (Sorensen et al. 2022), their or-
dering (Lu et al. 2022), and formatting (Kim et al. 2022).
Base above factors, demonstration selection methods can
generally be divided into corpus-level and instance-level ap-
proaches. Corpus-level methods include Votek (Su et al.
2022),Q-Learning (Zhang, Feng, and Tan 2022), and others.
However, corpus-level methods often perform worse than
instance-level methods, which is why most researchers fo-
cus more on the latter. Instance-level methods include TopK,
which select the top-K most similar demonstrations by cal-
culating cosine similarity (Liu et al. 2021). Subsequent work
has extended the TopK method, such as MDL (Wu et al.
2022) and ConE (Peng et al. 2024). These methods signif-
icantly improve ICL’s performance by optimizing the re-
trieval process and demonstration selection strategies. How-
ever, their effectiveness heavily relies on TopK retrieval.

Problem Formulation
In-context learning is a training-free paradigm that enables
LMs to learn downstream tasks using only a few demon-
strations. Therefore, ICL can also be regarded as few-shot
learning in such scenarios (Mann et al. 2020). Formally,
for an input query x, there is a label candidate set Y =
{y1, · · · , yM}. The likelihood of a candidate label y is de-
rived from a scoring function f computed by LM within the
context C = {x1, y1, . . . , xk, yk} (Dong et al. 2022).

P (y | x) ≜ fLM (y | C, x) = fLM (y | X,Y, x) (1)

Context C is a prompt constructed via k-shot learning,
where each pair (xi, yi) represents the sentence and label of
the i-th selected example. The sentences of demonstrations
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in context is X = {xi}ki=1 and the labels Y = {yi}ki=1. Ob-
viously, C = {X,Y }. The final predicted label ŷ is the label
with highest probability.

ŷ = argmax
y∈Y

P (y | x) (2)

The task is to select demonstrations {(xi, yi)}ki=1 that en-
hances ICL and improves the prediction performance.

Methodology
In this section, we rethink ICL from the perspective of trans-
ductive learning and argue that it can be modeled as label
propagation. We explain the role of labels within ICL. Build-
ing on these insights, we introduce a data-synthesis method
that leverages both demonstration semantics and label infor-
mation to synthesis new embeddings and employ TopK for
sampling on them. This method is referred to as TopK with
Synthesis Data (TopK-SD).

Rethink Learning Paradigms of ICL
ICL, as a capability of LMs, can learn from only a few ex-
amples. While the learning mechanism behind it is still not
fully understood by researchers, many views have been pro-
posed to view ICL, such as the Bayesian view (Xie et al.
2021; Wies, Levine, and Shashua 2023) and gradient descent
view (Dai et al. 2022; von Oswald et al. 2023). In existing
research work, it is considered that ICL is not conventional
learning (Kossen, Gal, and Rainforth 2023). From the per-
spective of learning paradigms, we update the view that ICL
is regarded as transductive learning, rather than inductive
learning in traditional sense.
Transductive Learning Transductive learning uses the
training set Dtrain = {(xi, yi)}ni=1 and the unlabeled test set
Xtest = {xj}mj=1 to directly infer test labels without learn-
ing a generalizable function. It focuses on local optimization
rather than generalization, unlike inductive learning which
aims to predict unseen data. Mathematically:

ŷ1:m = arg max
y1:m∈Ym

P (y1:m | Dtrain,Xtest) (3)

Revisiting Equation 1, it’s significant that the goal of
demonstration selection should be to optimize the function
fLM . And while m = 1, the form of Equation 4 is iden-
tical to that of the function fLM . Accordingly, we provide
the optimization of ICL with the definition of transductive
learning.

ŷ = argmax
y∈Y

P (y | X,Y, x) (4)

Reconsidering the nature of ICL, it should be fundamentally
regarded as a transductive learning paradigm.

Bayesian Transduction
We derive the transductive learning objective of ICL. Ex-
press the transductive learning optimization Function 4 in
terms of conditional probabilities as Equation 5. It shows
that P (y | X,Y, x) is proportional to P (Y, y | X,x).

P (y | X,Y, x) =
P (Y, y | X,x)

P (Y | X,x)
∝ P (Y, y | X,x) (5)

Combining the Bayesian inference framework hypothesis,
make further deduction for ICL transductive learning.
Bayesian Inference Framework In the Bayesian frame-
work, ICL is explained as implicit Bayesian inference shown
as Equation 6 (Xie et al. 2021).

P (y | X,Y, x) =

∫
θ

p(y | θ,X, Y, x) p(θ | X,Y, x) dθ

=

∫
θ0,θ1,...,θk

p(y | x1, y1, θ1, . . . , xk, yk, θk, x, θ0)

·p(θ0, θ1, , . . . , θk | X,Y, x) dθ0 dθ1 · · · dθk
(6)

The role of demonstrations is to activate the latent concept θ
which characterizes the relationship between sentences and
labels and helps LM to better understand the task intentions.
Further research indicates that there is a latent concept θi
related to ith demonstration, θ0 is raleted to query x. More-
over, θ represents the shared concept of all θi and θ0 and
characterizes the overall mapping relationship in ICL. The
mechanism of ICL is to activate the knowledge concepts
learned during the pre-training stage based on the demon-
strations in the context, and to generate answers y for the
problem x according to these concepts.

Incorporating the Bayesian inference framework, latent
concept θ is introduced to determine the mapping fθ :
X→Y . The mapping fθ is also applicable from x to y,
which is referred to as ICL. So P (Y, y | X,x) character-
izes such a mapping fθ. Applying the Bayesian inference
framework to P (Y, y | X,x), Equation 7 can be described
by introducing the latent concept θ as follows:

P (Y, y | X,x) =

∫
θ

p (Y, y | θ,X, x) p (θ | X,x) dθ (7)

Latent Optimization Objective Substituting Equation 7
into Equation 5 yields Equation 8. Since the denominator
is a normalization constant, while the numerator represents
the exploration of the latent concept θ, the fundamental ob-
jective of ICL should be to find suitable θ related to query x
and its label y.

P (y | X,Y, x) =

∫
θ
p (Y, y | θ,X, x) p (θ | X,x) dθ∫

θ

∫
y
p (Y, y | θ,X, x) p (θ | X,x) dydθ

(8)

Label Propagation Framework
Based on Bayesian transduction, the learning mechanism of
ICis elaborated and a label propagation framework is estab-
lished to explain ICL.
Bayesian Belief for Concept θ From Bayesian view, the se-
lection of demonstrations X is an update to the concept θ.
Equation 9 express p (θ | X,x) in the form of Bayes’ theo-
rem. Here, it reveals that LM has a prior probability p (θ | x)
regarding θ while x is known. As X is introduced as ev-
idence for the likelihood estimation of θ, LM updates the
posterior probability p (θ | X,x). Since query x is known,
and demonstrations X need to be selected, if X is highly
similar to x, it can help the model better estimate the shared
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Figure 1: TopK sampling is performed on the synthesized embeddings with semantic and label information.

concept θ related to x. This explains from Bayesian belief
why similarity is important for ICL (Liu et al. 2021).

p (θ | X,x) =
p (X | θ, x) p (θ | x)

p (X | x)
(9)

In addition, p (Y, y | θ,X, x) in Equation 7 can be re-
garded as the likelihood estimate of the shared concept θ
given demonstrations’ labels Y and query’s label y, while
X and x are known. When Y and y are as consistent as pos-
sible, p (Y, y | θ,X, x) can offer a better estimate of θ. If the
consistency between Y and y is higher, it can better reflect
that the shared concept θ is more strongly associated with
x. From this view, the goal of ICL should be intrinsically
linked to the concept associated with the query,and we in-
troduce label propagation to explain the update of concepts.
Transductive Label Propagation Transductive label prop-
agation is a semi-supervised learning approach that uses the
labels of labeled data to infer the labels of unlabeled data.
Based on Equation 7, the similarity of demonstrations for
guiding latent concepts and the consistency of labels for es-
timating latent concepts align with the smoothness assump-
tion of label propagation: similar data tend to have the same
label. Base on this, we propose the view that ICL is a label
propagation framework to update the concept θ.
Update of Concept θ The feature propagation in label prop-
agation, as shown in Equation 10, represents the update of
original concept θ0 of x with the incorporation of {θi}ki=1,
resulting in shared concept θ. si represents propagation co-
efficient, which is related to factors such as the semantic
similarity between x and xi, the position of the xi in order
of the context and other relevant factors. Therefore, Equa-
tion 10 can be regarded as further updating information of
input query by incorporating in-context demonstrations.

There are apparently errors, so it is necessary to introduce
an error term into the feature propagation Equation 10. ϵ de-
notes the propagation error within the LM in ICL.

θ =
k∑

i=0

siθi + ϵ (10)

The update of θ also signifies the update of the label y, in
an effort to characterize the propagation error using y.

L-Lipschitz Constraint The mapping of ICL fθ : X→Y is
smooth and satisfies the L-Lipschitz constraint as follow:

|y1 − y2| = |fθ (x1)− fθ (x2)| ≤ L ∥x1 − x2∥2 (11)

The propagation error can be characterized by the constraint.∣∣∣∣∣y −
k∑

i=0

siyi

∣∣∣∣∣ ≤ L∥ϵ∥2 + o
(

k
max
i=1

∥x− xi∥2
)

(12)

Estimation of Propagation Error The L-Lipschitz con-
straint provides a lower bound for the error estimate. L∥ϵ∥2
represents the noise caused by propagation error ϵ. Noise
L∥ϵ∥2 is proportional to the magnitude of error ϵ, and phys-
ical significance can be understood as an amplification of
error ϵ. o(maxki=1 ∥x− xi∥2) represents the asymptotic up-
per bound of the maximum difference between x and xi, re-
flecting semantic similarity. In addition, |y−

∑k
i=0 siyi| de-

scribes the discrepancy between the label obtained through
propagation and the ground-truth label. It is worth noting
that y0 describes the initial label assigned to x by LM.

Noise’s lower bound is determined by both semantic sim-
ilarity and label consistency. Combining Equation 7 and
Equation 12, the similarity demonstrations are intended to
reduce the propagation error, while label consistency is
aimed at estimating the error. This provides the two guiding
principles for demonstration selection. The process should
take into account both of these factors. In other words, base
on the label propagation framework, ICL should focus more
on demonstrations, which should have a high semantic sim-
ilarity to the query and share the same label.

Label Consistency of Data Synthesis
In ICL, no substantial prior knowledge is available for the
labels of input queries and most methods do not consider
the utilization of label information of demonstrations. To
address this, we design a data synthesis method based on
semantic similarity measured by embedding models, which
facilitates sampling demonstrations with high semantic sim-
ilarity and the same label from the synthesized embeddings.
Embedding Interpolation To obtain demonstration with
consistent label, we employ an interpolation method to force
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vectors of the same category to converge towards a central
vector. Let D = {(xi, yi)}ni=1 denote candidate demonstra-
tion set and Y as the label set. Vi denote the embedding of
the ith demonstration’s sentence. Uk denote the center vec-
tor for category k, which is defined as the mean-pooling of
all embedding vectors belonging to category k as follow:

Uk =

∑n
i=1 Vi · I [yi = k]∑n

i=1 I [yi = k]
(13)

Uk is the semantic center of category k, that is, the label
embedding representing the characteristics of the category.
I[A] is an indicator function such that when Boolean expres-
sion A is true, I = 1; otherwise, I = 0. We interpolate to
synthesize embedding using sentence and label embedding.

Wi = λVi + (1− λ)Uyi
(14)

The synthesized embeddings can better conform to the
smoothness theory. In this way, our method can utilize la-
bel information to enhance the original data features.

For each input query, interpolation is performed following
equation 14. Since query lacks label information, we select
an appropriate estimation equation to minimize the error be-
tween the estimated value and ground-truth value. Define U
as the reference vector, which be obtained through the mean-
pooling of all Uk.

U =

∑
k∈Y Uk

|Y|
(15)

Selecting reference vectors without any semantic informa-
tion can reduce bias towards any specific category. We per-
form the following interpolation transformation based on U.

Wi = λVi + (1− λ)U (16)

By employing such data synthesis method, the synthetic
embeddings of demonstrations from the same category can
achieve better clustering performance, and the nature of the
synthetic data better conforms to the smoothness theory.
Demonstration Selection TopK method samples K-Nearest
Neighbors (KNN) on the original embeddings to serve as
demonstrations for LM to perform ICL. The advantage of
this approach is that it allows for the selection of the K most
semantically similar samples as demonstrations, but the la-
bel consistency between demonstrations and the query is
not very good. We propose a new method, TopK with data
synthesis (TopK-SD), which selects KNN from the synthe-
sized embeddings to serve as demonstrations for ICL. This
method not only maintains semantic similarity but also im-
proves label consistency. The resulting labels from sampling
exhibit significantly improved consistency. The propagation
error of ICL can be better reflected through the labels of the
selected demonstrations.

Experiment
Datasets and Experiment Setting
Dataset We use widely-used datasets, comprising six clas-
sification tasks and three natural language inference (NLI)
tasks (Sun et al. 2023). The data includes SST-2 (Socher

et al. 2013), SST-5(Socher et al. 2013), AGNews (Zhang,
Zhao, and LeCun 2015), TREC (Voorhees and Tice 2000),
CR (Hu and Liu 2004), Subj (Pang and Lee 2004),
MNLI (Williams, Nangia, and Bowman 2017), QNLI (Ra-
jpurkar 2016) and RTE (Rajpurkar 2016).
Experiment Setting We employ a sentence-transformer
models as the retrieval model all-roberta-large-v1 (Reimers
2019), along with the inference models GPT-j-6b (Wang
and Komatsuzaki 2021), LlaMA2-7b (Touvron et al. 2023a),
deepseek-llm-7b-base (Bi et al. 2024) and LlaMA3-8b
(Grattafiori et al. 2024). We performed 8-shot experiments
using A800 with this training set for demonstration selec-
tion, randomly sampling 1,000 test instances thrice to com-
pute the average accuracy for three times.

Baseline Methods
We use TopK-SD method to generate embedding interpo-
lations and sample KNN to select demonstrations and com-
pare it with directly using prompt templates, evaluating their
impact on ICL.
Prompting Prompting without in-context demonstrations.
Random Selecting demonstrations randomly.
Votek (Su et al. 2022) Selection methods that are enlight-
ening for ICL at the corpus level with voting method.
BM25 (Robertson, Zaragoza et al. 2009) Using term
frequency and inverse document frequency to evaluate
document-query relevance and document length.
TopK (Liu et al. 2021; Gao, Fisch, and Chen 2020)
Choosing the top-K most semantically similar demonstra-
tions based on the embedding similarity.

In addition, for some methods based on the TopK ap-
proach, we replace the TopK module of the method with our
TopK-SD method and verify the effectiveness of TopK-SD.
MDL (Wu et al. 2022) Adopting a framework that first
ranks combinations of demonstrations based on the Mini-
mum Description Length (MDL) principle, and chooses the
combination with the best MDL scores.
ConE (Peng et al. 2024) Using a framework that
ranks demonstrations by Conditional Entropy (ConE), and
chooses the top k with the best ConE scores.
DPP (Ye et al. 2023) A method using Determinantal Point
Processes (DPP) to model demonstration-input interactions
and optimize via contrastive learning for selection.

Text Classification Results
Main Results In the experiments on LLaMA3, TopK-SD
tested ten different values of λ (i.e., λ = 0.0, 0.1, . . . , 0.9),
and the value that achieved the highest accuracy is se-
lected as the evaluation result. In the experiments on GPT-J,
LLaMA2, and DeepSeek, the parameter λ for TopK-SD is
set to 0.7. The results of the TopK-SD method compared to
the baseline method are shown in Table 2. It demonstrates
that in the experiments on the LLaMA3 model, selecting an
appropriate λ for data synthesis enables TopK-SD to achieve
the best performance on the validation set across different
benchmarks. When λ is set to 0.9 on RTE, 0.8 on SST-2 and
MNLI, 0.7 on SST-5 and Subj, 0.6 on TREC, 0.5 on AG-
News, and 0.3 on QNLI. Compared with TopK, the average
accuracy of TopK-SD has increased by 1.4%. Even on the
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Model Method SST-2 SST-5 AGNews TREC CR Subj MNLI QNLI RTE Avg. ∆

LlaMA3

Prompt 86.3 26.8 70.5 47.0 83.8 61.4 47.7 50.0 65.0 59.8 +21.3
Random 95.7 47.4 82.4 66.4 89.4 90.9 56.8 58.4 72.9 73.4 +7.8

Votek 96.5 50.3 85.8 64.2 83.2 94.3 63.0 53.1 70.4 73.4 +7.7
BM25 95.5 47.4 93.0 93.2 91.8 95.7 62.6 61.8 74.4 79.5 +1.6
TopK 96.0 52.7 93.5 91.0 91.5 96.7 63.4 62.7 70.4 79.8 +1.4

TopK-SD 96.5 53.7 93.9 92.6 92.8 96.3 64.7 67.0 72.6 81.1 -

GPT-j
Random 91.2 41.6 70.8 49.6 81.4 72.0 39.7 51.4 55.2 61.4 +12.6

TopK 93.8 49.2 90.1 88.6 89.6 92.0 43.0 52.8 53.8 72.5 +1.5
TopK-SD 94.6 50.1 90.6 91.6 90.7 92.3 44.2 55.3 57.0 74.0 -

LlaMA2
Random 92.1 46.1 82.6 63.2 90.7 47.1 50.3 56.5 69.7 66.5 +10.6

TopK 94.9 53.6 91.3 89.0 93.4 82.5 52.2 59.5 67.1 75.9 +1.2
TopK-SD 95.3 53.7 92.1 92.2 93.6 85.9 51.3 63.1 66.8 77.1 -

DeepSeek
Random 95.5 44.4 80.9 61.2 93.1 74.9 45.4 54.2 59.9 67.7 +9.2

TopK 95.8 51.8 92.1 87.8 93.4 93.5 50.6 58.4 66.1 76.6 +0.3
TopK-SD 95.8 52.6 92.1 90.4 93.9 94.1 48.4 61.1 63.5 76.9 -

Table 2: TopK-SD is compared with various baseline methods across four models and nine datasets. Best results are bold.
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Figure 2: Investigate the relationship between label consis-
tency and ICL accuracy on different datasets.

other three models, where λ is set to only 0.7, most bench-
marks and the average accuracy are improved. On three dif-
ferent models, the average accuracy of TopK-SD was im-
proved by 1.5%, 1.2%, and 0.3% compared to TopK, respec-
tively. If appropriate values of λ are selected for the datasets,
the accuracy of TopK-SD can be further improved.
Ablation Study Results In MDL, ConE, and DPP methods,
retrieval involves two stages: Stage 1 uses TopK or TopK-SD
(λ = 0.7) to narrow down to 30 candidates, and Stage 2 em-
ploys three strategies to select 8 final demonstrations. We re-
placed TopK with TopK-SD and tested on LLaMA3. Results
in Table 3 show that TopK-SD outperformed TopK with av-
erage accuracy gains of 0.9%, 0.6%, and 0.4% across strate-
gies, though the improvement is not significant, possibly due
to the effective strategy in Stage 2 and the only choice of
λ = 0.7. Even so, it demonstrates that the narrowed can-
didate set by TopK-SD enhances label consistency, thereby
improving performance across various scenarios.
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Figure 3: Using different numbers of demonstrations, com-
pare TopK-SD (λ = 0.7) and other methods on TREC.

Analysis of Label Consistency in ICL

Label Consistency Since the propagation coefficient si is
hard to characterize, label consistency is therefore quantified
by the ratio of demonstrations with the same label. As de-
picted in Figure 2, the experimental outcomes demonstrate a
positive correlation between label consistency and accuracy:
as label consistency increases, the accuracy of ICL also im-
proves. Furthermore, when no demonstration labels are con-
sistent with y, it implies a lack of guidance on how to ex-
tract the latent concept θ that maps x to y. Consequently,
the accuracy significantly decreases. It is evident that label
consistency contributes to ICL.
Demonstrations with Consistent Label To ensure that the
improvement in ICL due to enhanced label consistency is
not from biased distribution of demonstration labels but
from sufficient demonstrations providing necessary infor-
mation for inference, we conducted ablation studies by re-
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Stage1 Stage2 SST-2 SST-5 AGNews TREC CR Subj MNLI QNLI RTE Avg. ∆

TopK MDL 96.7 54.1 87.4 87.0 93.6 93.6 59.4 63.7 62.5 77.6 +0.9
TopK-SD 97.2 55.9 87.8 90.2 93.9 94.6 58.8 65.4 62.5 78.5 -

TopK ConE 95.8 46.0 92.2 93.6 91.5 96.8 58.9 66.4 67.1 78.7 +0.4
TopK-SD 96.1 46.1 91.9 94.2 92.6 96.5 58.7 65.8 70.4 79.1 -

TopK DPP 95.4 49.9 92.0 86.0 91.0 94.2 53.2 57.6 69.7 76.5 +0.6
TopK-SD 96.1 50.9 91.7 86.8 92.3 94.3 54.8 59.5 67.5 77.1 -

Table 3: Replace the TopK module in Stage 1 of three methods with TopK-SD and conduct comparisons. Best results are bold.

λ Method SST-2 SST-5 AGNews TREC

0.0 Vote 49.5 17.6 25.0 18.8
ICL 68.4 18.4 25.4 18.8

0.2 Vote 90.6 17.7 42.4 37.6
ICL 92.6 18.6 47.8 37.2

0.4 Vote 91.5 33.4 82.7 75.0
ICL 95.6 43.3 90.4 89.2

0.6 Vote 90.6 43.3 91.3 84.6
ICL 96.1 51.9 93.3 92.6

0.8 Vote 89.0 45.1 91.8 80.8
ICL 96.5 53.3 93.3 92.6

1.0 Vote 87.3 42.6 91.7 76.8
ICL 96.0 52.7 93.5 91.0

Table 4: In ablation study, inference process of LM is elimi-
nated. With the same demonstrations collected, ICL is com-
pared to label voting method. Best results are bold.

moving inference module. For different λ values, KNN al-
gorithm samples demonstrations on synthetic data. The vote
method selects query labels by label-voting (without in-
ference), while LM inferences for ICL based on the same
demonstrations. Results in Table 4 show that ICL signifi-
cantly outperforms the vote method. It indicates that more
demonstrations with the same label enable ICL to better
uncover query-related latent concepts for inference rather
than just copying labels. Additionally, we also compared
the performance of three methods with different numbers
of demonstrations, as shown in Figure 3. With few demon-
strations, random method in few-shot learning performs
worse than zero-shot learning. It often samples demonstra-
tions with the same label difficultly, making it hard for ICL
to classify accurately. Meanwhile, TopK-SD outperforms
TopK when demonstrations are three or fewer, showing that
label consistency is crucial with limited demonstrations.
Role of Parameter λ in Data Synthesis The efficacy of the
TopK-SD method is contingent upon the selection of λ. Op-
timal λ values yield demonstrations that excel in both se-
mantic similarity and label consistency. To elucidate this re-
lationship, we embarked on experiments to assess how vary-
ing λ influences these dual metrics as shown in Figure 4. In
Figure (a), we executed KNN sampling across a spectrum of
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(a) KNN Sampling (b) Selection of λ

Figure 4: Experiments (a) and (b) were both conducted on
the TREC dataset. Figure (a): KNN sampling with different
values of K; Figure (b): Synthetic embeddings using differ-
ent values of λ, with only 8 demonstrations selected.

K values. Specifically, different values of K, utilizing both
the original and synthetic embeddings (λ = 0.6). The syn-
thetic embedding, when subjected to KNN sampling, out-
performs the original embedding in procuring demonstra-
tions with congruent labels. As shown in the figure, con-
sistency has essentially improved by more than 10%. Fig-
ure (b) examines the average semantic similarity and label
consistency of demonstrations from KNN sampling on syn-
thetic embeddings with λ values from 0.0 to 1.0. λ = 1.0
is the original embedding. Semantic similarity, measured by
cosine similarity ([−1, 1] range, scaled by 100 for clarity),
increases with λ. Label consistency peaks at λ = 0.6. At
λ = 0.6, semantic similarity is high and stable, while la-
bel consistency surges. Our findings underscore the critical-
ity of dataset-specific λ optimization. Further substantiating
this point, Table 4 reveals that the quality of demonstrations
selected via different λ values markedly impacts subsequent
model inference.

Conclusion
This work rethinks the learning paradigm of ICL as trans-
ductive learning, establishing a transductive label propaga-
tion framework based on Bayesian view that highlights the
importance of semantic similarity and label consistency to
the shared concepts. We propose TopK-SD for demonstra-
tion selection. Experiments on multiple benchmarks show
significant improvements. It validates the importance of la-
bel consistency and confirmed the derivation of Bayesian
transduction. We hope this work not only provides a new
perspective on the essence of ICL but also offers a robust
mathematical foundation for future research.
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