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Abstract

Considering the high cost of labeling demon-
strations for in-context learning (ICL), many
works propose synthesizing demonstrations us-
ing LLMs. However, the quality of the demon-
strations synthesized is limited by the capabil-
ities and knowledge of LLMs themselves. To
address this, inspired by transfer learning, we
propose In-Context Transfer Learning (ICTL),
which synthesizes target task demonstrations
by transferring labeled demonstrations from
similar source tasks. ICTL consists of two
steps: source sampling and target transfer. First,
we define an optimization objective that mini-
mizes transfer error to sample source demon-
strations similar to the target task. Then, we
employ LLMs to transfer the sampled source
demonstrations to the target task. The results
on 8 datasets of 4 mainstream tasks show that
ICTL has achieved 1.7% relative performance
improvement compared with the existing meth-
ods, achieving the state-of-the-art (SOTA) per-
formance of demonstration synthesis.

1 Introduction

In-context learning (ICL) is an effective approach
for large language models (LLMs) to adapt to vari-
ous tasks based on the brilliant generalization abil-
ity of LLMs (Xun et al., 2017; Song et al., 2023b;
Luo et al., 2024b). During the inference with ICL,
input not only includes user questions but also
several demonstrations to guide LLMs in gener-
ating answers correctly. Considering the high cost
of demonstration labeling, many methods utilize
LLMs to synthesize demonstrations without human
involvement (Kim et al., 2022; Jin and Lu, 2024,
Wang et al., 2025a). For instance, Self-ICL (Chen
et al., 2023b) employs LLMs to synthesize demon-
strations based on the task definition, while Su et al.
(2024) improves the synthesis quality through it-
erations, where each iteration uses the synthesis
results of previous iterations.

However, the synthesis using LLMs is con-
strained by the capabilities and knowledge of
LLMs, limiting the quality of the synthesized
demonstrations (Yu et al., 2023). For example,
a model not trained on coding tasks cannot synthe-
size code demonstrations well (Roziere et al., 2024,
Luo et al., 2024c). To solve this issue, thereby im-
proving ICL performance while reducing human
involvement, motivated by transfer learning (Pan
and Yang, 2010; Iman et al., 2023), we propose to
synthesize demonstrations for the target task by
transferring the labeled demonstrations of similar
tasks. The idea of transfer learning is inspired by
the fact that previous works show that given similar
source tasks, the performance of the target task can
be enhanced by learning from the similar source
task (Sun et al., 2020; Wang et al., 2024b; Nam
et al., 2024). For example, as shown in Figure 1,
the model can combine the context and the input of
the source demonstration as the synthesized demon-
stration, which is then used for the target task.

Based on the above discussion, we present In-
Context Transfer Learning (ICTL), which obtains
the demonstrations of the target task by transfer-
ring the demonstrations of the source tasks. ICTL
consists of two steps: sample the demonstrations
similar to the target task, and transfer the sampled
demonstrations for the target task, as shown in Fig-
ure 1. First, we present an optimization objective to
measure the transfer error, based on which we min-
imize the transfer error to sample demonstrations
that are highly similar to the target task. Then, tak-
ing the sampled results and the target task definition
as input, we transfer the sampled demonstrations
to the target task using LLMs.

To validate ICTL, we conduct experiments
using five mainstream LLMs on eight datasets
across four mainstream tasks. Experimental re-
sults demonstrate that ICTL achieves a relative
performance improvement of 1.7% over existing
baselines, which establishes a new state-of-the-art
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Figure 1: Comparison between previous demonstration synthesis methods (top) and our method (bottom). The blue
part denotes the definition of the target task. The previous method synthesizes the demonstration from scratch, while
the model misinterprets the definition and generates a demonstration with the wrong answer, where the answer
is not explicit mentioned by the sentence. In contrast, our method synthesizes demonstrations by transferring the
sampled demonstrations, reducing the capability reliance of LLMs. The corresponding parts between the source and
the target demonstrations of our method are marked in bold.

(SOTA) among demonstration synthesis methods,
verifying the effectiveness of ICTL. Further exper-
iments demonstrate that, compared to single-task
settings, leveraging demonstrations from multiple
tasks enhances the performance of ICTL further,
validating the effectiveness of the transfer learning
employed in our method.
Our contributions are as follows:

* We propose synthesizing demonstrations by
transferring labeled demonstrations of similar
tasks, overcoming the constraint by the capabili-
ties and knowledge of LLMs;

* We introduce an optimization objective to guide
the source sampling, ensuring the similarity be-
tween the sampled results and the target task;

* ICTL achieves 1.7% improvement compared
with existing baselines, achieving new SOTA re-
sults on the demonstration synthesis.

2 Methodology

In this section, we present ICTL, which synthe-
sizes the demonstrations of the target task by trans-
ferring the labeled source demonstrations. The
illustration of ICTL is shown in Figure 2, which
consists of two steps: source sampling (§2.1) and
target transfer (§2.2). Following the previous meth-
ods (Wang et al., 2024a; Yang et al., 2024), we
synthesize demonstrations for each target task of-
fline, where we do not synthesize for each target
question since we want to ensure high efficiency of
the inference. The prompts we used can be seen in
Appendix B.1. The computational efficiency analy-
sis of ICTL is shown in §3.5 and Appendix C.1.

2.1 Source Sampling

The source sampling step is designed to sample
demonstrations that are highly similar to the target
task from the labeled source demonstrations. In
this paper, we define demonstration similarity as
minimizing the target task error after transferring.
We first present an optimization objective to guide
the source demonstration sampling by minimizing
the transfer error. Then, we discuss how to sample
the source task demonstrations similar to the target
task using our objective specifically, ensuring the
quality of the synthesized results.

2.1.1 Optimization Objective for Source
Sample

Supposing S and 7" represent the source and tar-
get tasks, respectively. To mitigate the embedding
space gap, we employ the same embedding model
to encode all demonstrations and task definitions.
Let the embedding space be R?, and let Dg =
{s|s; € R%} denote the set of embedding vectors
for all source task demonstrations. We define the
probability measure is(X) = W for
any X C RY. The definition of /i is analogous to
the definition of fig.

Let ¢(h) denote the task error of the hypothe-
sis h, W be the Wasserstein distance (Rabin et al.,
2012) measuring the divergence between two dis-
tributions, N denote the sample scale for each task,
and ¢ be a negligible function. Redko et al. (2017)
proves that the error upper bound of the transfer
learning satisfies that:

er(h) < es(h) + W(is, fir) + ¢(Ns, Nr) (1)
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Figure 2: The illustration of ICTL, taking the target task definition “If the provided sentence contains an explicit
mention that answers the given question” as an example. ICTL consists of two steps: (i) Source Sampling:
sample demonstrations similar to the target task from the source tasks; (ii) Target Transfer: transfer the sampled
demonstrations to the target task. The blue indicates the task definitions and demonstrations similar to the target

task, and the

Further details of Equation 1 are discussed in Ap-
pendix A. From Equation 1, we can see that the
upper bound of the error for the target task is mainly
determined by the error of the source task and the
divergence between the source and target tasks. It
is hard to reduce the source task error since the
source demonstrations cannot be modified. There-
fore, we aim to optimize to minimize the target
error by minimizing the divergence between the
source tasks and the target task W (jig, fi).

However, directly minimizing the upper bound
results in i = [ig could make the transferred
demonstrations irrelevant to the target task xr.
Therefore, giving x as the representation vector
of the task definition, we ask the target demonstra-
tions fi7 to satisfy that:

fir = arg min W (i1, jis) + W(,a1)  (2)
f

In Equation 2, the first term minimizes the diver-
gence between the target and source demonstra-
tions, ensuring similar knowledge and capability
in the target task. The second term ensures that
the target demonstrations are consistent with the
target task definition. We discuss how to calculate
the Wasserstein distance in Appendix B.2. We fur-
ther discuss the effectiveness of Equation 2 with
experiments in Appendix D.3.

Given a series of source tasks {S;}, suppose
N is the sampling scale of demonstrations from
multiple source tasks {/ig,}, Ng, is the sampled
number of S; and [ is the empirical distribution
of all possible sampled demonstrations across all
source tasks. Based on Equation 1 and Equation 2,
we can derive the following optimization objective

part indicates the dissimilar. The green denotes the transferred demonstrations.

to sample the source demonstrations:

Ng,
N (6W (A, o7)

fls = arg min Z
s 3)

+ Wi(zs,, 21))

The proof of Equation 3 is provided in Appendix A.
It can be observed that the first term in the summa-
tion ensures that the sampled source task demon-
strations are similar to the target task definition,
and the second term ensures that the definitions of
the sampled source tasks are similar to the target
task definition. Using Equation 3, we can sam-
ple demonstrations highly similar to the target task
from the give source tasks, thereby lowering the
error during the transfer and ensuring the quality
of the transferred demonstrations.

2.1.2 Sampling with Equation 3

Based on Equation 3, we then discuss how to sam-
ple source demonstrations specifically. First, we
embed the definitions and demonstrations of all
source tasks, as well as the definition of the tar-
get task, into vectors using an embedding model.
Following Wang et al. (2024b), we then filter the
source tasks to select those most similar to the
target task, reducing the overhead of subsequent
calculations while ensuring performance. The fil-
tering is done by ranking the Wasserstein distance
between the embedding vectors of the source and
target task definitions. From the filtered source
tasks, we sample a fixed number of demonstrations
using Equation 3. We employ a randomized algo-
rithm for the source demonstration sampling, with
details provided in the Appendix B.3.



2.2 Target Transfer

After sampling the source demonstrations, the tar-
get transfer step focuses on transferring the sam-
pled demonstrations to the target task while en-
suring that the transferred demonstrations are con-
sistent with both the target task and the sampled
demonstrations, transcending the limitations of the
inherent capabilities and knowledge of LLMs. The
target transfer consists of: Transfer and Sample.

Transfer The transfer step is designed to trans-
fer the sampled demonstrations of source tasks to
match the target task definition and format. We
employ LLMs for the transfer, where the input in-
cludes the definitions of both the source and target
tasks, the source demonstration to be transferred,
and a human-labeled example of the target task to
specify the input and output formats.

Sample The sample step aims to sample the trans-
ferred target demonstrations with Equation 2, en-
suring that the sampled transferred demonstration
is consistent with the target task while staying sim-
ilar to the sampled source demonstrations, thereby
transcending the limitations of the capabilities and
knowledge of LLMs. The sampling algorithm used
for the transferred demonstration sampling is the
same as the source sampling in §2.1.2, with the
optimization objective defined by Equation 2. The
sampled demonstrations are considered as the fi-
nal output of our demonstration transfer method,
which is then used for the target task.

3 Experiments

3.1 Experiment Setup

Dataset To comprehensively evaluate the ef-
fectiveness of ICTL, we conduct experiments
on eight datasets across four mainstream tasks,
including: (i) Math: GSMS8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021); (ii) Rea-
soning: ARC-Challenge (Clark et al., 2018),
MMLU-Pro (Wang et al., 2024c); (iii) Code: Hu-
manEval (Chen et al., 2021), MBPP (Austin et al.,
2021); (iv) Tool: MetaTool (Huang et al., 2024),
NesTools (Han et al., 2025). Detailed descriptions
of these datasets are provided in Appendix B.4.
Since each task contains two datasets, for each task,
when evaluating one dataset, we utilize another
dataset as the source for synthesis. We employ
pass@1 as the evaluation metric for Code datasets
and Exact Match (EM) for all other tasks. Fur-
thermore, to validate the generalizability of ICTL

across a broader range of tasks, we also conduct
experiments on Super-NI dataset in Appendix D.1.

Model We evaluate ICTL on Llama-3.1-8B/70B-
Instruct (Llama-3.1) (Meta, 2024), DeepSeek-
R1-Distill-Llama-8B (Llama-R1) (DeepSeek-Al
et al., 2025), Qwen3-8B (Yang et al., 2025), and
gpt-5-nano (OpenAl, 2025). Given that these
models cover different families, scales, and closed-
source architectures, they comprehensively validate
the effectiveness of ICTL.

Baseline To verify the effectiveness of ICTL,
we compare it with existing demonstration syn-
thesis methods, including DAIL (Li et al., 2023),
DDG (Wang et al., 2025¢), and SynAlign (Ren
et al., 2025). To ensure a fair comparison with
ICTL, when evaluating on one task, we provide
the demonstrations of all datasets to the given task
as the demonstration pool for these baselines.

Setup We use BGE-EN-ICL (Chen et al., 2023a)
to embed task definitions and demonstrations for
sampling. For each target task, we sample 128
demonstrations from the source tasks to be trans-
ferred. For the transferred results, we sample 256
demonstrations for the inference. We employ the
3-shot inference, selecting demonstrations for each
test question based on the BM-25 similarity, as
demonstration selection is not the main topic of
this paper. Our experiment is on two A100-80G,
and each setting takes about 2 hours to run. All
implementations are based on Transformers (Wolf
et al., 2020) and vLLM (Kwon et al., 2023).

3.2 Main Experiment

The main experimental results are presented in Ta-
ble 1. As shown in the table, ICTL achieves a rela-
tive performance improvement of 1.7% compared
to other baselines. This establishes a new SOTA
for demonstration synthesis methods, demonstrat-
ing the effectiveness of our method. We present
the results of ICTL transferring with cross-task
demonstrations in §3.4, which achieve better per-
formance. Furthermore, we observe the following
conclusion from the table:

Model As the capability of the base model in-
creases, the performance gains yielded by ICTL
diminish. This observation aligns with findings in
Wang et al. (2025b), as models become more capa-
ble, they can sufficiently understand and solve the
given tasks on their own, reducing their reliance on
guidance from demonstrations.



Model Method Math Reason Code Tool
ode ¢9% | GSMSK MATH | ARC-C MMLU-Pro | HumanEval MBPP | NesTools MetaTool
Zero 83.6 49.0 | 821 50.4 65.9 54.9 50.2 57.2
DAIL 83.3 492 | 828 51.0 66.8 54.9 50.7 58.0
Llama-3.1-8B  DDG 84.5 9.4 | 825 50.6 66.9 56.1 49.8 57.2
SynAlign | 84.1 50.6 | 823 52.6 67.1 57.0 51.6 57.8
ICTL | 87.2  51.2 | 85.2 53.7 | 69.7 58.4 | 52.2 59.9
Zero 83.7 63.4 | 85.6 54.9 75.4 65.7 55.0 82.5
DAIL 84.5 63.0 | 87.2 55.8 76.4 65.5 56.8 84.8
Llama-3.1-70B  DDG 84.3 63.0 | 85.6 54.5 76.8 66.4 55.1 85.5
SynAlign | 84.8 65.8 | 878 57.1 7.2 67.7 56.4 87.9
ICTL | 86.7  66.8 | 888 580 |  79.0 69.0 | 58.0 89.2
Zero 83.8 700 | 88.0 58.7 84.8 82.2 59.2 70.4
DAIL 85.3 70.6 | 89.9 59.5 86.1 83.2 59.0 71.2
Llama-R1-88  DDG 83.3 69.8 | 886 59.7 84.3 81.8 60.0 74.9
SynAlign | 85.4 1.6 | 885 61.1 87.2 82.7 59.8 1.7
ICTL | 865  73.0 | 90.9 61.7 |  88.0 85.3 | 62.0 78.7
Zero 89.7 762 | 894 61.5 88.3 86.1 61.2 70.5
DAIL 90.4 780 | 90.8 63.2 89.1 87.7 62.5 72.3
Qwen3-8B DDG 89.2 776 | 90.9 61.6 89.7 87.3 60.8 70.7
SynAlign |  89.9 76.6 | 9L7 63.3 90.1 87.2 61.9 72.3
ICTL | 922  79.0 | 924 644 | 913 88.8 | 63.8 73.6
Zero 91.4 85.0 | 923 66.8 92.5 90.4 64.0 84.4
DAIL 92.4 86.8 | 923 66.1 93.4 90.5 64.1 84.1
gpt-5-nano  DDG 91.3 85.0 | 921 66.2 92.4 90.6 64.4 84.9
SynAlign | 92.9 86.0 | 924 66.5 93.1 90.9 64.3 86.0
ICTL | 93.8  87.6 | 93.1 67.4 | 934 91.2 | 64.5 87.3

Table 1: Performance of ICTL against other demonstration synthesis baselines across various datasets and models.
Zero denotes the zero-shot setting. ARC-C denotes ARC-Challenge. Due to API costs, we evaluate gpt-5-nano on
a random sample of 128 instances per dataset. The best performance in each setting is marked in bold.

Dataset Under the same task setting, compared
with a more challenging dataset, ICTL achieves
a more pronounced performance gain over Zero
when applied to the other easier dataset (+3.3% vs.
+2.6%). This is because, for the same task, demon-
strations from a harder dataset typically contain
richer domain knowledge or more sophisticated rea-
soning patterns, which can better guide the solution
of simpler problems. In contrast, since solving the
easier dataset generally requires simpler reasoning,
its guidance effect on more complex problems is
relatively weaker. Notably, however, even transfer-
ring from an easier dataset to guide the solving of
a harder dataset still brings performance improve-
ments. This suggests that even simple data can
contain knowledge or reasoning strategies that the
model lacks, thereby enhancing its ability to solve
more challenging datasets to some extent.

Task ICTL yields more significant performance
gains on Tool datasets compared to other datasets.
This is attributed to the fact that, according to
model training reports (DeepSeek-Al et al., 2025;
Yang et al., 2025), Math and Code data account
for a larger proportion of the post-training data
compared to Tool data. Furthermore, Tool datasets

involve distinct tool-specific characteristics, neces-
sitating demonstrations to guide the model in learn-
ing how to utilize different tools effectively. Con-
sequently, ICTL delivers more substantial perfor-
mance improvements on Tool tasks.

3.3 Ablation Study

To verify the effectiveness of each component in
ICTL, we conduct ablation studies of our method.
The experimental results are shown in Table 2. The
experimental results show that ablating any compo-
nent leads to performance degradation, demonstrat-
ing the effectiveness of each part to ICTL. Besides,
based on the table, we can see that:

Transfer Directly using sampled source demon-
strations without transferring leads to the most se-
vere performance degradation to our method. This
is because, even when dealing with the same task,
data from different datasets can differ in format
or domain. Such differences can mislead the in-
ference, causing ICL performance to drop, and it
could even fall below zero-shot performance. This
indicates that adapting source-task demonstrations
to the target task through transfer is necessary to
ensure the performance of ICTL.



Method | GSMSK MATH ARC-C MMLU-Pro HumanEval MBPP NesTools  MetaTool |  Total
ICTL 87.2 51.2 85.2 53.7 69.7 58.4 52.2 59.9 64.7
- Transfer 84.4_p8) 50.0(_1.2) 82.0(_3.2) 50.6(_3.1) 66.8(_2.9) 55.8(_2.6) 48.7(_35) 56.1(_338) | 61.8(_2.9)
- Source Sample 85.1(,2.1) 49»4(—1.8) 82.8(,214) 51.8(,1,9) 67.5<,2,2) 56.7(,1_7) 50.2(,2‘0) 57.6(,23) 62.7(,2,0)
- Target Sample 86.4(,048) 50.0(,1_2) 84.3(,0_9) 52.7(,140) 68.4(,1.3) 57.7(,0_7) 51.5(,0.7) 59.2(,047) 63.8(,0_9)

Table 2: The ablation experiments using Llama-3.1-8B on all experimental datasets. Total denotes the average
performance on all datasets. (i) - Transfer: directly use the sampled source demonstration without transferring;
(ii) - Source Sample: sample source demonstrations randomly without Equation 3; (iii) - Target Sample: use all

transferred demonstrations without target sampling.

Source \Target \ Math Reason Code Tool
Zero | 64.6 66.2 60.4 504
Math 67.7 67.0 61.5 51.0
Reason 65.5 69.5 62.5 52.0
Code 66.0 68.0 64.1  53.0
Tool 66.5 68.5 63.0 53.8
All 68.0 70.2 64.5 54.5

Table 3: The performance of ICTL when using cross-
task demonstrations with Llama-3.1-8B. We present the
average performance on all datasets of each task. The
row name denote the source dataset and the column
name denote the target dataset. Zero denotes the per-
formance of the zero-shot setting. All denotes synthesis
with demonstrations from all other datasets.

Source Sample Removing source sampling also
causes a sharp performance drop of 2.0% on aver-
age. This is because, without source sampling,
ICTL uses random sampling of source demon-
strations, which leads to many dissimilar source
demonstrations being sampled, thereby decreasing
performance. This result proves the necessity of
sampling the source demonstrations according to
their similarity to the target task before the transfer.

Target Sample Removing target sampling has
the least impact on performance, causing only a
0.9% decrease. This is because, considering that
ensuring the similarity between the demonstration
and the question can effectively ensure the perfor-
mance of ICL (Shum et al., 2023; Yang et al., 2024),
during the evaluation, we also select the demon-
stration corresponding to each question based on
BM-25, which overlaps with the transfer sampling
of ICTL to a certain extent.

3.4 Cross-Task Transfer

In this section, we investigate the effectiveness of
ICTL in cross-task transfer scenarios. We conduct
experiments using Llama-3.1-8B, and the results
are presented in Table 3. From the table, we can
observe the following: (i) When performing ICL
with demonstrations transferred from other tasks,
the performance is consistently lower than when

Method \ EM T(s)
Zero 49.0 -
DAIL 49.2  0.771
DDG 49.4 0.815
SynAlign | 50.6 0.693
ICTL 51.2 0.623

Table 4: The performance and time cost on MATH us-
ing Llama-3.1-8B cross different method. T denotes the
average time required to synthesize one single demon-
stration of each method.

using demonstrations derived from the task’s own
data. This reflects the impact of inter-task simi-
larity on synthesis quality, where a more similar
source task leads to greater performance gains on
the target task. (ii) The performance improvement
achieved by the All setting surpasses that of any
other individual task. This indicates that ICTL
effectively selects source task data relevant to the
target task from the combined pool, thereby obtain-
ing higher-quality demonstrations through transfer
compared to using a single source task. (iii) Across
all settings, the performance of ICTL is superior to
the zero-shot baseline, suggesting that even source
task data with low relevance can provide a certain
degree of guidance for the target task.

3.5 Efficiency Comparison Cross Different
Methods

To better compare the efficiency of ICTL against
existing demonstration synthesis methods, we com-
pare the average time required to synthesize a sin-
gle demonstration on the same device. The experi-
mental results are shown in Table 4. From the table,
we can observe that ICTL achieves better perfor-
mance with a comparable time cost compared with
existing demonstration synthesis methods, demon-
strating the efficiency of ICTL.

3.6 Impact of Different Parameter

To better guide the practical application of ICTL,
in this section and shad the light of the future re-
search, in this part, we analyze the impact of differ-
ent parameters in ICTL based on Llama-3.1-8B.
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Figure 3: The performance change of ICTL with differ-
ent source data scales using Llama-3.1-8B. The doted
line denotes the zero-shot performance.

3.6.1 Source Scale

The scale of source demonstrations available for
different practical applications varies, so we ana-
lyze the impact of different scales of source demon-
strations on the performance of our method, as
shown in Figure 3. From the figure, we can see that:
(i) When the scale of the source demonstration sam-
pling is smaller than 128, the overall experimental
results exhibit an upward trend, demonstrating that
increasing the amount of source demonstrations
can effectively enhance the performance of our
method; (ii) When the sampling scale exceeds 128,
there is a slight decrease in performance, indicating
that further addition of new source demonstrations
does not continue to improve performance, as the
number of demonstrations similar to the target task
is limited. Therefore, when obtaining demonstra-
tions of source tasks, it is necessary to acquire as
many demonstrations as possible to ensure that
there are enough different abilities and knowledge
for the target task during ICL.

Notably, compared to not using transfer learning,
even transferring with one source demonstration
can effectively improve the performance of the tar-
get task. This is because: (i) Even by using a single
source demonstration, we can synthesize numer-
ous demonstrations of the target task, resulting in
a high-quality demonstration pool and, thus, bet-
ter performance than without transfer learning; (ii)
Previous research (Kim et al., 2022; Wang et al.,
2024a) and the Synthesis setting of Table 1 show
that even without source demonstrations, LLMs
can still synthesize demonstrations based on their
inherent knowledge, thereby enhancing the infer-
ence performance of ICL.

3.6.2 Source Similarity

Considering there could be many new tasks emerg-
ing in future research and applications, to explore
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Figure 4: The performance change of ICTL with differ-
ent source data similarity using Llama-3.1-8B. The x-
axis represents transfer using source task data with simi-
larity ranks in [1, 64], [65, 128], [129, 192], ... from left
to right, which implies that the similarity of the source
task data gradually decreases from left to right. The
doted line denotes the zero-shot performance.
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Figure 5: The performance change of ICTL with dif-
ferent target scales using Llama-3.1-8B. The doted line
denotes the zero-shot performance.

the adaptability of ICTL to new tasks, we conduct
experiments to examine the impact of the simi-
larity between the source and target tasks on per-
formance. The experimental results are shown in
Figure 4, from which we can observe the follow-
ing: (i) As similarity decreases, the performance of
ICTL shows an overall downward trend, indicat-
ing the importance of the similarity between source
task data and the target task when using ICTL. (ii)
Even when using source data with very low sim-
ilarity, the performance of ICTL remains higher
than that of the zero-shot baseline, demonstrating
the robustness of the low-quality source data.

3.6.3 Target Scale

Due to the limitations of computational resources
in practical applications, the scale of the transferred
demonstrations could be restricted. Therefore, we
evaluate the performance of ICTL under different
scales of transferred demonstrations, as shown in
Figure 5. From the figure, we can observe the fol-
lowing: (i) Even if only 10 demonstrations are ob-
tained through transfer, our method achieves better



performance than it does without transfer. As the
scale of transferred demonstrations increases, the
performance improves accordingly, demonstrating
the necessity of sufficient transferring; (ii) How-
ever, after the transferred demonstrations reach a
certain scale, the model performance plateaus since
the information contained in the sampled source
demonstrations is fully represented with 256 trans-
ferred demonstrations. Further increasing the scale
does not yield new high-quality demonstrations,
thereby lowering performance as a result of mixing
in low-quality demonstrations.

4 Related Works

4.1 Demonstration Synthesis

Demonstrations are of great importance in ICL,
which can effectively help LLMs adapt to vari-
ous target tasks (Brown et al., 2020; Dong et al.,
2024). Considering the high cost of human label-
ing, many methods present to synthesize demon-
strations using LLMs from scratch, lowering the
human involvement (Kim et al., 2022; Chang and
Fosler-Lussier, 2023; Jin and Lu, 2024). Some
methods focus on ensuring the correctness of the
synthesized demonstrations, meeting the task def-
initions by filtering out low-quality synthesized
results (Chen et al., 2023b; Su et al., 2024; Yang
et al., 2024). Another type of method aims to in-
crease the diversity of the synthesized demonstra-
tions, creating demonstrations dissimilar to syn-
thesized results (Zhang et al., 2023; Shum et al.,
2023; Wang et al., 2024a). Recent studies further
enrich synthesis: Wang et al. (2025d) propose a
distillation-based framework that generates stable
target-specific demonstrations, while task-agnostic
pipelines promote diversity and consistency (Wang
et al., 2025a; Kothapalli et al., 2025).

However, the demonstrations synthesized by the
current methods are constrained by the knowl-
edge and capabilities of LLMs themselves, lim-
iting their performance on the tasks unseen in their
pre-training (Yu et al., 2023). Although human-
labeled demonstrations for new task scenarios can
help LLMs generalize to these new tasks, label-
ing demonstrations for any new task or domain is
costly (Wang et al., 2013). To address these issues,
we present ICTL, which synthesizes demonstra-
tions for new target scenarios by transferring la-
beled demonstrations of the source tasks similar
to the target task, addressing the limitation of the
knowledge and capabilities of LLMs.

4.2 Deep Transfer Learning

Transfer learning is a widely researched direction
aimed at helping models acquire the ability to solve
target tasks based on their existing capabilities from
the source tasks (Pan and Yang, 2010; Zhuang et al.,
2020). With the impressive performance demon-
strated by deep learning methods, deep transfer
learning has become an important approach within
the field of transfer learning (Iman et al., 2023).
Some methods focus on transferring and freezing
model parameters to retain and learn features of
different tasks (Scialom et al., 2022; Song et al.,
2023a; Wang et al., 2023; Rostami et al., 2023;
Du et al., 2024; Somerstep et al., 2025; Tahir et al.,
2025). Other transfer learning methods enhance the
performance from the data perspective, studying
how to adjust the training sequence of tasks, mix
source task data with target task data, or modify
the source task format to improve transfer learning
performance (Xu et al., 2023; Wang et al., 2024b;
Madine, 2024; Ju et al., 2025).

However, current transfer learning methods rely
on the labeled data of the target task and the model
training, leading to the high cost of the adaption
considering the high cost of labeling and LLM
training. Therefore, in this paper, we present em-
ploying transfer learning to enhance ICL by syn-
thesizing demonstrations using the labeled source
demonstrations, lowering human involvement and
training costs, meanwhile helping LLMs adapt to
various target tasks with high performance.

5 Conclusion

In this paper, we mainly discuss how to synthe-
size ICL demonstrations with high quality. Mo-
tivated by transfer learning, we propose ICTL,
which synthesizes the demonstrations of the target
task by transferring similar labeled demonstrations,
addressing the constraint that synthesizing from
scratch with LLMs is limited by the capabilities
and knowledge of LLMs. We first present an opti-
mization objective to guide the source demonstra-
tion sampling, aiming to minimize transfer errors.
Subsequently, we transfer the sampled demonstra-
tions to the target task using LLMs without human
involvement, taking the sampled results and the
target task definition as the input. The experimen-
tal results show that ICTL achieves 1.7% relative
improvement compared with previous synthesis
methods, demonstrating new SOTA performance
in the demonstration synthesis.



Limitations

We only adapt the experiment on the English
datasets, where expanding to more languages can
better reflect the effectiveness of ICTL.

Ethics Statement

All datasets and models used in this paper are pub-
licly available, and our usage follows their licenses
and terms. We employ the LLM tools for coding
and writing polishing.
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A Proofs

In this section, we present the proof of Equation 3.
The proof includes three parts. First, we discuss
how to measure the transfer error when transferring
across multiple source tasks. Next, we address
how to measure the discrepancy between the source
tasks and the target task, denoted as W (g, fir).
Finally, we combine the existing results to derive
Equation 3.

er(ha) < Inhin er(h) +c1+

N
=1

Suppose a = {a;} represents the proportion of
each source task, c1, ¢ is dependenton n, Ng,, N7,
and \; = miny,(eg; (h) + er(h)) denotes the joint
error of each source task 5;. Based on Equation 1,
the previous work (Redko et al., 2017) has proved
that, for the transfer learning across multiple source
tasks, the error satisfies Equation 4.

€]
(fus;» fir) + Ai + c2)

N

[lg = arg mlnz a; W
{NS N i=1

MSi? /lT) (5)

To minimize the error, we aim to mini-
mize the upper bound of the error.  Since
miny er(h) < va L azer(hs;), and
Yiiahi < YL aer(hs,) + aes, (),
by replacing er(hs;) with Equation 1, and
ignoring the terms related to the error of source
tasks and constants unrelated to p, we can
obtain Equation 5. Equation 1 defines how to
sample the target demonstrations given the source
demonstrations. Then, we discuss the upper bound
of the value of Equation 1, where we can adjust
the source demonstrations to minimize the upper
bound, thereby lowering the transfer error.

Theorem A.1. Let xg, xT represent the represen-
tation vectors of the task definition of S and T.

If
fr = argAIninW(ﬂv fis) + W (j, xr),
i
then

W(ps, fr) < 6W (s, xr) + W(zs, z7).

Proof. Let [ig T represent the empirical distribu-
tion of the subset sampled from Xg, which has

the data most close to xp. It is obvious that

W(psr,zr) < W(is,xr).
Because i = argming W (i, fis)+W (i1, x1),
we can get:

W(pr, fts) + W (jir, zr)

(fus,s ivs) + WpsT, o)

(s, fis) +Wis, )

(fusr,x7) + 2W (fis, 1)

(fisrs for) + W (ir, xr) + 2W (fis, 27)

IAIA A IA
=TS =S

Erase W (fi7, 1) on both sides of the unequal
sign, we can get:

Wi, fis)

< W(ps, for) + 2W (fus, z7)

< Wi(asr,>r) + W(ir,rr) + 2W (15, v1)
< 3W(as,zr) + W(ir,zr) + W(ir, iis)

)
< 3W (s, zr) + Wgs,r, ts) + W (i, z7)
<5W(is,xr) + W(isr,zr)+ W (rr,25)
< 6W(is,z7) + W(xr,z5)

Thus, we conclude:

W(jr, rs) < 6W (s, x7) + W(zr, x3).
O

Theorem A.1 provides an upper bound for mea-
suring the difference between the demonstrations
of the target task and the source task in task transfer,
based on the discrepancy between the task defini-
tions of the source and target tasks. The reason
this measurement holds is that the demonstrations
for the target task are entirely transferred from the
source demonstrations and the target task defini-
tion, meaning they can describe its characteristics.
By substituting Theorem A.1 into Equation 5, we
can derive Equation 3.

B Additional Information

B.1 Prompts of ICTL

The prompts we used in ICTL are shown in Table 5
and Table 6.

B.2 Calculation of Wasserstein Distance

In our implementation, we approximate the sliced
Wasserstein distance between two empirical distri-
butions. First, high-dimensional samples from the
source and target are linearly projected onto one
or more directions collected in the matrix © (rows



The Prompt of Transfer of ICTL

Convert an example from Task A into an example for Task B, ensuring that both examples are consistent in terms of
domain and knowledge. A sample for Task A is provided below. Please create a corresponding example for Task B,
while maintaining the same domain and knowledge context.

The definition of Task A: {task_a_definition}
The definition of Task B: {task_b_definition}

For example, given the following example for Task A:
Input:

{task_A_question_demo}

Reason:

{task_A_rationale_demo}

Answer:

{task_A_answer_demo}

The corresponding example for Task B could be:
Input:

{task_B_question_demo}

Reason:

{task_B_rationale_demo}

Answer:

{task_B_answer_demo}

Based on the above example, please transfer the following example from Task A to Task B:

Input:
{task_A_question}
Answer:
{task_A_answer}

Your output format should be as follows:
Input:

<Converted input of Task B >

Reason:

<Explanation of the converted >
Answer:

<Converted answer of Task B >

Table 5: The prompt of transfer.

of © define directions), yielding one-dimensional
samples for each direction. For a given direction,
we estimate the 1-D W5 by sorting the projected
samples and constructing their empirical cumula-
tive distributions on a common grid. We then com-
pute the discrete first differences of these cumula-
tive profiles and take the mean of the squared dis-
crepancies between source and target. This quantity
is a standard discrete surrogate of the integral for-
mulation of W in one dimension (which compares
quantile or cumulative functions). Finally, when
multiple projection directions are used, we aggre-
gate the per-direction estimates by averaging them,
which yields the sliced Wasserstein distance—i.e.,
the expectation of the 1-D Wasserstein distances
over random linear projections—providing a com-
putationally efficient proxy for comparing high-
dimensional distributions.
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During the calculation of the Wasserstein dis-
tance, if there is one input that is a single vector z,
we consider it as the probability measure satisfying:

1 z€eX

,U/ac(X): 0 x¢X

(0)
When calculating the Wasserstein distance, if an in-
put is a point (vector), we regard it as a distribution
with a variance of 0.

B.3 Algorithm for Dataset Sampling
B.3.1 Sampling Algorithm of ICTL

In this part, we introduce the specific design of
the randomized algorithm for sampling. The al-
gorithm utilizes simulated annealing (Bertsimas
and Tsitsiklis, 1993) to optimize the sampling of
demonstrations most similar to the target task with
low computational costs.



The Prompt of Inference of ICTL

{task_definition}
Here are some demonstrations of the task:

Input:
{input_demo}
Reason:
{reason_demo}
Answer:
{answer_demo}

Based on the above demonstrations, please generate a response to the following question.

Your output format should be as follows:
Reason:

<Explanation of the answer >

Answer:

<Your answer >

Think it step by step.

Input:
{input_user}

Table 6: The prompt of inference.

Simulated annealing is a probabilistic global op-
timization algorithm that initially accepts subopti-
mal solutions at high temperatures to avoid local
optima. As the temperature gradually decreases,
the algorithm converges. The initial solution is
generated through random sampling, where sam-
ples from the given demonstrations are randomly
selected as the starting candidate solution. We
use Equation 3 and Equation 2 as the score func-
tion to evaluate the quality of random sampling
from the given demonstrations, where we calculate
the Wasserstein distance following (Rostami et al.,
2023).

During each iteration, the algorithm perturbs the
current candidate solution to generate a new one.
If the algorithm fails to find a better solution after
several attempts, the perturbations are triggered to
escape local optima. Whether the perturbed candi-
date is accepted depends on the difference in scores
between the new and current solutions. Even if the
new candidate is worse, there is a certain proba-
bility it is accepted. This probability decreases as
the temperature drops, promoting sufficient search
space exploration.

The annealing process starts with an initial tem-
perature of 1.0, with a cooling rate of 0.99. The
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Method | EM  Complexity
Random 40.1  O(N)

Random Optimize 423 O(N-M)
Simulated Annealing | 44.0 O(log,.(¢) - N)

Table 7: The performance with different sampling meth-
ods of ICTL on SuperNI using Llama-3.1-8B. The best
result is marked in bold.

temperature decays after each iteration until it
reaches the minimum value of 10~%, at which point
the algorithm stops. Additionally, we set a thresh-
old: if no better solution is found after 100 iter-
ations, large-step perturbations are applied. Al-
though our method demands the additional cost for
computing simulated annealing compared with the
general ICL methods, these costs are offline, where
our method has the same inference cost as other
general ICL methods.

B.3.2 Comparison with Other Methods

Considering that the source task data sampling al-
gorithm in ICTL is replaceable, we denote the total
sampling size as NV, the cooling rate of simulated
annealing as 7, and the minimum temperature as
t. We replace the algorithm with the following
alternatives for comparison:



| 0.9 0.99 0.999
le—4 | 43.3 43.7 438
le—5 | 43.5 435 435
le—6 | 44.0 439 44.0
le—7 | 439 44.0 442
le—8 | 441 44.0 439

Table 8: The performance of ICTL under different sam-
pling parameters. The row name denotes the minimum
temperatures, and the column name denotes the cooling
rate.

* Random: Randomly sample and return NV results.

* Random Optimize: Randomly sample results
over M rounds and select the best round as the
returned result. In the experiments below, we
perform random sampling 100 times.

The performance and time complexity of differ-
ent sampling algorithms are shown in Table 7. As
shown in the table, ICTL outperforms other base-
lines even when using the more efficient Random
Optimize algorithm, demonstrating the effective-
ness of ICTL. Moreover, as the complexity of
the sampling algorithm increases, the accuracy im-
proves accordingly. Therefore, when transferring
to new tasks, an appropriate sampling algorithm
should be selected based on the performance and
efficiency requirements of the specific application
scenario.

B.3.3 Performance under Different Sampling
Parameters

The performance of ICTL on different cooling
rates and minimum temperatures is shown in Ta-
ble 8. It can be observed that the performance of
ICTL generally improves as the cooling rate in-
creases and the minimum temperature decreases.
However, after reaching a threshold, the perfor-
mance no longer shows significant changes. Over-
all, the impact of temperature on performance is
within a certain range. Thus, for scenarios with
limited computational resources and where perfor-
mance sensitivity is relatively low, a combination
with fewer iterations can be directly used (e.g., min-
imum temperature is le — 4, cooling rate is 0.9).
For applications where performance is more crit-
ical, the threshold of performance change can be
identified by gradually reducing minimum temper-
ature and increasing cooling rate, allowing the op-
timal performance point with minimal time cost to
be found using the fewest iterations.
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B.4 Experimental Dataset

GSM8K GSMSK focuses on grade-school math
word-problem solving that requires multi-step arith-
metic reasoning; it contains 7,473 training prob-
lems and 1,319 test problems.

MATH MATH evaluates competition-level math-
ematical problem-solving with step-by-step solu-
tions across multiple subjects; it provides 7,500
training problems and 5,000 test problems. In this
paper, we adapt experiments with MATH-500 (Luo
et al., 2024a).

ARC-Challenge The ARC-Challenge (AI2 Rea-
soning Challenge) serves as a rigorous benchmark
for question-answering systems, specifically tar-
geting grade-school science questions that require
complex reasoning and common sense, rather than
simple retrieval. It consists of a subset of the larger
ARC dataset, filtered to include only "hard" ques-
tions that existing algorithms initially failed to an-
swer. The dataset is divided into a training set of
1,119 questions, a development set of 299 ques-
tions, and a test set of 1,172 questions, providing a
focused environment for testing logical inference
capabilities.

MMLU-Pro MMLU-Pro is an advanced evalu-
ation suite designed to address the limitations of
the original MMLU by increasing difficulty and
reducing noise. It spans 14 diverse domains (such
as biology, law, and psychology) and challenges
models with multi-step reasoning tasks, often in-
creasing the number of answer choices to ten to mit-
igate random guessing. Unlike datasets designed
for fine-tuning, MMLU-Pro is primarily an evalua-
tion benchmark; it consists of a massive test set of
approximately 12,032 questions and a small valida-
tion set of 70 examples used for few-shot prompt-
ing or hyperparameter tuning.

HumanEval HumanEval is a widely used bench-
mark created by OpenAl to evaluate the functional
correctness of code generation models. It consists
of 164 hand-written programming problems (the
test set) that are not present in standard training
corpora, ensuring that the model must generate
new code rather than memorizing existing solu-
tions. Each problem includes a function signature,
a docstring, and unit tests. As a zero-shot evalu-
ation benchmark, HumanEval does not contain a
training set, requiring models to synthesize Python
code solely based on the provided natural language



specifications.

MBPP The Mostly Basic Python Programming
(MBPP) dataset evaluates the ability of language
models to solve entry-level programming concepts
using Python. It features crowd-sourced problems
that include short problem descriptions, code so-
lutions, and automated test cases. The standard
dataset comprises 974 total problems, typically
split into a training set of 374 examples, a test
set of 500 examples, a validation set of 90, and 10
examples for few-shot prompting. This structure
allows researchers to evaluate both few-shot learn-
ing and fine-tuning performance on fundamental
coding tasks.

MetaTool MetaTool benchmarks tool-awareness
and tool-selection for LLM agents; its ToolE
dataset comprises about 21,127 user queries that
trigger single- and multi-tool use. The benchmark
constructs evaluation test sets for awareness and
selection tasks, rather than providing a standard
train/test split.

NesTools NesTools evaluates nested tool learn-
ing (multi-tool calls where outputs feed subsequent
tools) and offers a carefully curated evaluation set
of 1,000 instances (with extensive nested-call cov-
erage) for testing; the benchmark does not define a
separate training split.

C Additional Discussion

C.1 Efficiency Analysis of ICTL

In this section, we provide a detailed analysis of
the computational efficiency of ICTL. Our goal is
to analyze how the efficiency of source sampling
and target transfer impacts the overall runtime and
resource utilization, particularly in terms of the
source demonstration scale and model inference
time.

Let N; represent the total scale of the source
demonstrations, N, SS the scale of the sampled
source demonstrations, and N;* the scale of the
sampled target demonstrations. The symbol ¢y de-
notes the time taken by the sampling algorithm
to process one single data point with parameter 6.
Similarly, cp represents the time for the model M
to process a single data point.

coNN? + cpy N2 + cgNSNP (7)

Then, we can represent the total computational
cost with Equation 7. In Equation 7, the first term
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represents the efficiency of source sampling, the
second term corresponds to the target transfer, the
third term reflects the efficiency of the sampling of
the synthesized demonstrations.

(coNs + 20 )NZ + cgNI N )

Based on Equation 7, we can derive Equation 8.
From the equation, it can be observed that the total
runtime is primarily dependent on N, which is
the scale of the sampled demonstrations. Therefore,
when computational resources are limited and the
overall scale of the source demonstrations Ny is
large or the model inference time cy is high, we
can reduce N7 to improve efficiency.

C.2 Synthesis Case Study

In this section, we conduct a case study on the data
transferred by ICTL to gain a deeper understanding
of how task transfer is performed. We investigate
from two perspectives: capability transfer (Table 9,
Table 11) and domain transfer (Table 10, Table 12).
From these cases, we can observe that: (i) Capa-
bility transfer generally occurs when the source
and target tasks are highly similar, where the defi-
nition or format of the source and target tasks are
similar, our method can effectively understand the
meaning of the source task and apply it to the tar-
get task; (ii) Domain transfer occurs when there
is a significant difference between the source and
target tasks, where the model leverages the origi-
nal input information from the source task, which
includes domain knowledge, while the answers or
other information for the target task are generated
independently by the model.

C.3 Bad Case Study

To better understand how ICTL enhances reason-
ing performance, we analyzed a bad case of Super-
NI, as shown in Figure 6. The figure illustrates that
without ICTL, the model erroneously focuses on
the phrase “worked fine”, leading to an incorrect
answer. However, with ICTL, the model is guided
to more comprehensively evaluate the user input,
thereby producing the correct result.

D Additional Experiment
D.1 Additional Experiment on Super-NI

To further evaluate the cross-task performance
of ICTL, we adapt the experiment on Super-
NaturalQuestions (Super-NI) (Wang et al., 2022),
which covers 1600+ different tasks. To thoroughly



Definition

QA ZRE Question Generation on Subject Relation:

You will be given a context, a subject and a relation. Your task is to generate
a question based on the subject and relation. The generated question should
include the given subject. Try to use a minimum number of words that are
not present in either context, subject or relation while generating question.

Source Data

Input

Context : Blind Company was shot in Bicheno, Tasmania in September 2008.
Subject : Blind Company
Relation : narrative location

Output

Which place is Blind Company in?

Definition

Transferred Data

Scitaill.1 Classification:

You are given two sentences. You have to find if there is entailment or
agreement of the Hypothesis by the Premise. From the given pair of sentences,
you should identify if there is enough information in the Premise to support
the claim made in the Hypothesis. The Premise may not exactly be the
same as Hypothesis. Your task is to return ’entails’ if the premise supports
hypothesis else return *neutral’.

Premise: Blind Company was shot in Bicheno, Tasmania in September 2008.

Input

Hypothesis: Blind Company is in Bicheno.

Output entails

Table 9: The case study of the capability transfer for the classification task.

Source Task:Generate a sentence
of the given sentiment.
Source Input: Negative

Target Task: Analyze the
sentiment of the review.

Target Input: The product works
fine, but the delivery was delayed
by two weeks, which was
frustrating.

Source Output: The product was
defective and | had to return it.
Very disappointing.

Transfer

Transferred Input: The product

was defective and | had to return it.
Very disappointing.
Transferred Output: Negative

Inference Inference

Demonstrate

Answer: The review mentions that
"the product works fine," which is a
positive statement about the
product's functionality. So the
answer is Positive.

Answer: While the user say the
product works fine, the frustration
over the delayed delivery
dominates the sentiment of the
review. So the answer is Negative.

Figure 6: A case of Super-NI without (left) and with
(right) ICTL. The correct answer is marked in green
and the incorrect answer is marked in

analyze the effectiveness, we compare ICTL with

the baselines on Super-NI:

* Zero: No demonstrations are provided during
inference, using a zero-shot setting;

* Direct: Directly use the sampled source demon-
strations without transferring;

* Single: Only use the single human-labeled exam-
ple as the demonstration;

* Synthesis: Synthesize demonstrations from
scratch based on the one example provided.

As the result shown in Table 13, ICTL outper-
forms all baselines across different metrics and
models in most categories, showing the effective-
ness of our method across various settings. To fur-
ther evaluate the effectiveness of our filter method,
we compare it with other filter methods in Ap-
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pendix D.2. Additionally, the results in the table
also reveal that:

Baseline Notably, ICTL brings 2.0% improve-
ment on average compared to the Synthesis setting.
This shows that the demonstrations synthesized by
LLMs from scratch are constrained by the capa-
bilities and knowledge of LLMs themselves. In
contrast, ICTL overcomes this constraint by pro-
viding the labeled demonstrations of other similar
tasks, lowering the capability and knowledge re-
quirement. Additionally, the Direct setting directly
using the sampled results as demonstrations leads
to worse performance compared to the Zero setting.
This indicates that transfer is necessary when using
demonstrations from other tasks to enhance perfor-
mance, even if the sampled source demonstrations
are highly similar to the target task.

Task The performance improvement is more sig-
nificant for tasks with a higher rate in the source
tasks, as there are sufficient similar source demon-
strations for transfer. However, our method slightly
underperforms compared to other settings in the
Dialogue and Extraction tasks. This is because
these two tasks comprise only about 5% of the total
data, leading to lower-quality transfer results due
to a lack of similar source demonstrations. These
findings suggest that it is important to use source
demonstrations that are highly similar to the target
task when using ICTL.



XLWIC True or False Answer Generation:
In this task, you are given a word, followed by two sentences. Your task is to
Definition figure out whether both the sentences use the aforementioned word with the
same meaning. You should respond with *True’ if the words in both sentences
share the same meaning, and ’False’ otherwise.
Source Data .
spring
Input Sentencel: I spent my spring holidays in Morocco.
Sentence2: He will hold office until the spring of next year.
Output | False
ANLI R2 Entailment:
In this task, you will be presented with a premise and a hypothesis sentence.
Definiti Determine whether the hypothesis sentence entails (implies), contradicts
efinition . . . . :
(opposes), or is neutral with respect to the given premise. Please answer with
"Contradiction", "Neutral", or "Entailment".
Transferred Data Premise: The spring season is a time of renewal and growth, often associated
Input with warmer weather and longer days.
Hypothesis: He will hold office until the spring of next year.
Output | Neutral

Table 10: The case study of the domain transfer for the classification task.

Para-NMT Paraphrasing:
This is a paraphrasing task. In this task, you’re given a sentence and your

Definition . . . .
task is to generate another sentence which express same meaning as the input
Source Data using different words.
Input | someone other than the owner must have known it .
Output \ someone , outside the owner , must have known about that .
Ollie Sentence Answer Generation:
Definition Given two noun phrases (arguments) and relationship between them, form a
sentence that expresses these arguments with the given relationship.
Transferred Data Relationship: k nown ,
Input Argument/Subject 1: ’someone other than the owner
Argument/Subject 2: ’it’
Output \ someone other than the owner must have known it.

Table 11: The case study of the capability transfer for the generation task.

Metric Compared to EM, the performance im-
provement on RougeL is more significant. That is
because EM is harder to improve since it requires
the generated answer to be completely identical
to the reference answer, while RougeL allows for
partial matches and flexibility in answer formats,
providing credit for partially correct outputs, mak-
ing it relatively easier to improve.

Model Besides, compared to Llama-3.1-8B, the
performance enhancement of GPT-40 is somewhat
weaker. That is because that even under the Zero
setting without demonstrations, gpt-4o is already
capable of effectively addressing the tasks within
Super-NI. Therefore, when the model struggles to
tackle the target task adequately, our method can
yield more significant performance gains.

19

D.2 Comparison with Different Filter
Methods

To verify the validity of our proposed Equation 3
as a selection of similar examples, we compare the
demonstration transfer performance using different
source task sampling methods: BM25 (Robertson
and Zaragoza, 2009), Contriever (Lei et al., 2023),
and Dr.ICL (Luo et al., 2023). The experimental
results are shown in Table 14, from which we can
see that: (i) the sampling method of ICTL is better
than other sampling methods, proving the effective-
ness of ICTL; (ii) compared to Direct, the retrieval
method of ICTL leads to a more significant per-
formance improvement, indicating that our method
is more sensitive to the quality of source demon-
strations, where even a slight increase in the source
quality can result in a substantial enhancement in
final inference performance.



Peixian Rtgender Sentiment Analysis:
Given a ’poster’ sentence and a corresponding ‘response’ (often, from Face-
Definition book or Reddit)classify the sentiment of the given response into four cate-
gories: 1) Positive, 2) Negative, 3) Neutral, and 4) Mixed if it contains both
Source Data positive and negative.
Poster: La edad hace de las suyas con mis ojitos. Aging is getting to my eyes.
Input OMG!!!!
Responser: sorryy jeje eso dije
Output | Neutral
Reddit Tifu Title Summarization:
In this task, you are given a Reddit post as a text. Your task is to generate a
Definition title for this text. The title should start with TIFU by followed by a situation
that caused humor. The title should contain 7-12 words, ideally.
Transf D . . .
ansferred Data Inout Text: La edad hace de las suyas con mis ojitos. Aging is getting to my eyes.
pu OMG!!!!
Output ‘ TIFU by letting aging ruin my eyes in seconds

Table 12: The case study of the domain transfer for the generation task.

Model Category \Zero Direct Single Synthesis\ICTL
Classification 62.5 60.3 61.9 65.4 68.0

m  Comprehension | 56.1 55.3  60.0 62.8 67.8
f Dialogue 57.2 62.7 65.2 73.1 72.3
o« Extraction 43.4 38.7 483 53.2 51.2
g Generation 384 346 41.1 42.3 45.8
f Rewriting 46.6 32.6 58.1 60.5 61.0
Overall (EM) 36.9 35.6 39.7 41.9 44.0
Overall (RougeL) | 52.0 48.8 54.7 57.8 60.3
Classification 76.0 722 78.0 79.0 81.0
Comprehension | 78.4 76.4 74.9 72.2 78.4
Dialogue 80.5 785 80.5 83.5 82.0

@  Extraction 727 65.2 173.0 71.0 70.9
%; Generation 39.1 384 426 44.5 45.4
o0 Rewriting 65.3 59.3 79.6 80.2 80.7
Overall (EM) 49.2 44.6 494 49.7 51.8
Overall (RougeL) | 68.7 65.0 71.4 71.8 73.1

Table 13: Performance on Super-NI. The score on each
specific category is RougeL. The best result of each
category is highlighted in bold. Considering the cost,
we only adapt experiments on 12 tasks of the Super-NI
test set for gpt-40-2024-11-20.

D.3 Target Sampling Divergence

To validate the effectiveness of Equation 2 as a
sampling metric, we randomly sample 32 differ-
ent sets of synthesized demonstrations. For each
set, 128 demonstrations are randomly selected for
each task, where the corresponding Equation 2 val-
ues and performance are shown in Figure 7. From
the figure, we can observe the following: (i) As
the Equation 2 value increases, the model perfor-
mance shows a declining trend, indicating that the
equation we proposed can effectively evaluate the
divergence between the source demonstrations, the
target task definition, and the synthesized demon-
strations, which in turn helps assess model perfor-
mance; (ii) The variation in all experimental results
is less than two points, suggesting that sampling
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Retriever | Direct ICTL
BM25 46.2 55.8
Contriever 46.5 56.3
Dr.ICL 48.4 58.7
ICTL 48.8 60.3

Table 14: The RougeL of ICTL filtering source task
data with different retriever under two settings (Direct,
ICTL) on Super-NI using Llama-3.1-8B. The best per-
formance is marked in bold.

Metric | Single +ICTL | Multiple +ICTL
EM 39.7 44.0 41.5 45.6
RougeLl 54.7 60.3 57.6 60.4

Table 15: The performance of ICTL with and without
additional human labeling using Llama-3.1-8B. Single
denotes only using the example of each target task. Mul-
tiple denotes using additional human-labeled demon-
strations provided by Super-NI.

synthesized demonstrations has a relatively small
impact on performance, matching the results in
Table 2, since we also select the question-related
demonstrations during subsequent inference, which
overlaps the effectiveness of the target sampling.

D.4 Combine ICTL with Human-Labeling
Demonstrations

To verify the performance of our method in the
presence of human-labeled demonstrations, we con-
duct experiments using additional demonstrations
labeled by humans. For each test task, we uti-
lize the dataset excluding the 100 test instances as
the demonstration pool for the experiments. We
perform two sets of experiments: one using only



RougeL

55.5

| | | |
0 0.2 0.4 0.6 0.8 1
Normalized Value of Equation 2

Figure 7: RougeL on the Super-NI test set using the 32
different sets of randomly sampled transferred demon-
strations with different values of Equation 2 using
Llama-3.1-8B. To better observe the changes, we nor-
malize the values of the X-axis.

Definition | EM  RougeL

Auto-ICL 42.3 59.1
Human-Labeled | 44.0 60.3

Table 16: The performance of ICTL using task defini-
tions synthesized by LLMs and labeled by humans on
Super-NI.

human-labeled demonstrations and the other com-
bined with the demonstrations transferred by ICTL.
The experimental results are shown in Table 15.
From the table, we can see that compared to the
results using only human-labeled demonstrations,
our method achieves further performance improve-
ments, demonstrating the effectiveness in augment-
ing demonstrations labeled by humans.

D.5 Performance of ICTL with Synthesized
Definitions

Considering that humans could label no task defi-
nition in the real application, we discuss the perfor-
mance of ICTL using the synthesized definitions
in this section. We employ Auto-ICL (Yang et al.,
2024) to synthesize task definition, where the ex-
periment results are shown in Table 16. From the
table, we can find that the performance degrada-
tion caused by synthetic definition is not significant.
This is because the performance of our method is
not particularly sensitive to the similarity between
the source task and target task definitions.
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