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Abstract
In-context learning (ICL) enables large language
models (LLMs) to adapt to new tasks with con-
siderable performance gains, yet its effectiveness
is highly sensitive to the choice of demonstra-
tions. Most existing selection methods rely on
heuristic or proxy signals, such as similarity, di-
versity, or uncertainty, and select demonstrations
independently, which may misalign with down-
stream performance and overlook set-level compo-
sition effects. Therefore, we propose Performance-
Driven Demonstration Selection (PDDS), which
directly aligns demonstration selection with ICL
performance. PDDS formulates selection as pre-
dicting the target LLM’s downstream task perfor-
mance for a given query–in-context pair, replacing
proxy heuristics with a performance-aware objec-
tive. Unlike prior approaches that rank demonstra-
tions independently before composing the prompt,
PDDS evaluates the entire in-context set, captur-
ing inter-demonstration interactions and composi-
tion effects. PDDS trains an end-to-end scorer us-
ing supervision from the target LLM’s actual task
outcomes. At inference time, it selects high-scoring
in-context sets without additional target LLM calls
or validation-time feedback. Across 6 NLP tasks,
8 datasets, and 8 target LLMs ranging from 1B
to 70B parameters, PDDS achieves state-of-the-
art results and generalizes well across LLMs and
datasets. PDDS remains effective with as few as 30
training instances and can be integrated as a plug-
and-play component to enhance existing ICL meth-
ods.

1 Introduction
In-context learning (ICL) allows large language models
(LLMs) to adapt to new tasks with strong performance us-
ing only demonstrations, without parameter updates. [Ding et
al., 2026]; [Otero et al., 2026]; [Jiang et al., 2026] Despite its
effectiveness, ICL is highly sensitive to the choice of demon-
strations: different demonstration selections can lead to sub-
stantial performance variations, even when the demonstration

number, the prompt, and the target LLM are fixed [Liu et
al., 2025];[Peng et al., 2024] [Wang et al., 2023];[Shi et al.,
2026];[Zuo et al., 2025].

Most existing approaches select demonstrations by opti-
mizing heuristic or proxy criteria, such as semantic similarity
between the input query and candidate demonstrations, diver-
sity among selected demonstrations, uncertainty of demon-
strations, or likelihood-based scores computed under the tar-
get LLM. [Li et al., 2025]; [Li and Qiu, 2023]; [Cai et al.,
2025]; [Liu et al., 2024] While these criteria capture certain
desirable properties of demonstrations, they are not optimized
end-to-end with respect to the target LLM’s downstream task
performance. Consequently, demonstrations selected accord-
ing to such proxy objectives do not necessarily translate into
improved ICL performance and have been empirically shown
to be suboptimal. This is corroborated by Table 1, where
proxy-based selection methods (e.g., BM25, PPL [Gonen et
al., 2023], and CD [Naik et al., 2023]) consistently underper-
form the best-performing approach.

Meanwhile, a growing line of work explores training-
based supervised demonstration selection, where a retriever is
trained using downstream task supervision [Liu et al., 2025;
Ye et al., 2023; Wang et al., 2024]; [Chen et al., 2026]; [Chen
et al., 2025] [Wang et al., 2025]. Despite being more prin-
cipled than purely heuristic approaches, these methods still
exhibit the following two limitations. On the one hand,
many supervised selectors continue to rely on indirect sur-
rogate signals, such as similarity- or uncertainty-derived la-
bels or learned ranking scores. These signals do not explic-
itly model how the selected demonstrations align the LLM’s
performance. On the other hand, most existing training-based
approaches define utility at the level of individual demonstra-
tions and construct the in-context with k demonstrations via
per-demonstration retrieval and ranking. They do not directly
evaluate or optimize the set-level utility of a k-demonstration
set. As a result, they fail to systematically capture inter-
demonstration interactions, including complementarity, re-
dundancy, and other composition-induced effects.

Therefore, we propose that demonstration selection for
ICL can be directly aligned with the target LLM performance
and the ultimate objective: how well the target LLM performs
on the target task given an input query–in-context pair. Mean-
while, we argue that constructing an in-context should ac-
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count not only for the contribution of individual demon-
strations, but also for the joint effect induced by their
combination within the in-context. We therefore refor-
mulate demonstration selection as a performance prediction
problem by training a predictor (scoring model) fθ(x,C) that
jointly encodes the query x and a candidate k-shot context
C, and estimates the target LLM’s downstream task perfor-
mance for the pair (x,C). Supervised by the target LLM’s ac-
tual task performance, fθ is sensitive to the set of demonstra-
tions in C rather than any individual demonstration, thereby
capturing composition effects (e.g., complementarity and re-
dundancy) and enabling set-level optimization beyond per-
demonstration ranking.

To realize this formulation, we propose Performance-
Driven Demonstration Selection (PDDS). PDDS learns a
scoring model that predicts the target LLM’s task perfor-
mance for an input query-in-context pair. The scoring model
is trained using supervision derived from the actual outputs of
the target LLM, allowing it to capture how different demon-
strations and in-contexts affect performance. Once trained,
the scoring model can be used to efficiently evaluate candi-
date demonstrations and in-context at inference time, with-
out requiring additional LLM calls or validation-time feed-
back. This design enables demonstration selection to be both
performance-aligned and deployment-friendly.

A key challenge in PDDS stems from the combinatorial na-
ture of in-context demonstration construction, which makes
exhaustive evaluation over demonstration subsets computa-
tionally intractable. To address this challenge, we adopt a
lightweight two-stage inference-time procedure guided by the
PDDS scoring model. Specifically, we preselect the top-
wk most promising demonstrations based on their predicted
scores and sort them in descending order. We then form a
small set of candidate k-shot contexts from this sorted pool
(e.g., via a sliding window), score each candidate in-context
as a whole, and select the highest-scoring one as the final
in-context. By leveraging the learned scorer, our procedure
avoids combinatorial search while staying directly aligned
with the target objective.

We conduct extensive experiments on 6 NLP tasks and 8
LLMs (ranging from 1B to 70B parameters) to evaluate the
effectiveness of PDDS. Results show that performance-driven
demonstration selection consistently improves ICL perfor-
mance over strong heuristic- and learning-based baselines.
Further analyses demonstrate that our method generalizes
across different LLMs and datasets, highlighting the benefits
of directly modeling LLM performance for in-context con-
struction. Meanwhile, the PDDS scoring model can be ap-
plied as a plug-and-play component to other ICL methods and
improve their performance.

Our contributions can be summarized as follows: ❶ We
reformulate demonstration selection for in-context learning
as a performance prediction problem, providing a new per-
spective that directly aligns selection with downstream task
performance. ❷ We propose a performance-driven demon-
stration selection framework that learns to predict LLM task
performance from input query-in-context pairs and uses this
prediction to construct effective in-contexts. ❸ We demon-
strate through extensive experiments that our approach out-

performs existing demonstration selection methods in both
effectiveness and robustness, while remaining efficient at in-
ference time.

2 Problem Formulation
We consider the standard ICL setting with a frozen target
LLM. Let Dr = {(xi, yi)} denote a labeled retrieval dataset,
where xi is a text and yi is its corresponding ground-truth la-
bel. Given a test input xt, the goal of ICL is to construct a
context C = {(xj , yj)}, j = 1..k consisting of k demonstra-
tions, such that the LLM achieves strong task performance
when conditioned on (xt, C).

2.1 Performance-Driven Demonstration Selection
In contrast, we formulate demonstration selection as a per-
formance prediction problem. Our objective is to directly
model the task performance of the target LLM conditioned on
an input query-in-context pair. Let Perf(LLM;xt, C) denote
a task-specific performance metric (e.g., MSE [Hyndman
and Koehler, 2006], BLEU [Post, 2018], ROUGE-1 [Gane-
san, 2018]) achieved by the LLM when conditioned on input
query xt and in-context C. We aim to learn a scoring model
fθ(·):

fθ(xt, C) ≈ Perf(LLM;xt, C), (1)
where fθ predicts the downstream task performance of the
LLM for a given input query-in-context pair. Under this for-
mulation, demonstration selection is defined as

C∗ = argmax
C⊆Dr, |C|=k

fθ(xt, C), (2)

where Dr denotes the retrieval dataset. This formulation di-
rectly aligns the selection objective with downstream task
performance.

3 Method
Figure 1 illustrates the overall framework of PDDS. Given an
input query, PDDS first retrieves a pool of candidate demon-
strations and constructs a set of candidate in-contexts. Unlike
heuristic criteria, PDDS relies on a lightweight performance
predictor trained with supervision from the frozen target
LLM: for each query we construct candidate in-contexts and
use the target LLM’s task metric as labels to fit fθ(x,C) ≈
Perf(LLM; x,C). At inference time, PDDS performs a two-
stage in-context construction by (i) preselecting and rank-
ing promising demonstrations and (ii) selecting the final k
demonstrations at the context level, where all scores are pro-
duced by fθ without additional target-LLM calls. The target
LLM is invoked only once with the selected in-context to pro-
duce the final prediction.

3.1 Training Data Construction
As the subfigure (a) Dataset construction in Figure 1 shows,
training the scoring model for input query-in-context pairs
requires supervision that reflects the downstream task perfor-
mance of the target LLM. Therefore, we randomly split the
retrieval dataset Dr into a query set Q and a demonstration
pool D. For each query instance (x, y) ∈ Q, we first re-
trieve candidate demonstrations from D based on semantic
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Figure 1: Overview of PDDS: a two-stage selection pipeline that predicts downstream LLM performance to construct in-context.

similarity. Specifically, let ϕ(·) denote a sentence embed-
ding function and s(·, ·) a similarity measure. Each candidate
(x′, y′) ∈ D is ranked by

sim(x, x′) = s(ϕ(x), ϕ(x′)). (3)

Let πx denote the ranking permutation in descending order of
sim(x, x′). Based on this ranking, we construct two types of
in-contexts for each query. The single-demonstration context
contains the most similar demonstration,

C(1)(x) = {(xπx(1), yπx(1))}, (4)

while the k-demonstration in-context consists of the top-k
ranked demonstrations,

C(k)(x) = {(xπx(j), yπx(j))}
k
j=1. (5)

We then query the frozen target LLM with each input query-
in-context pair (x,C) and compute a task-specific perfor-
mance score. Formally, given a performance metric Perf(·),
we obtain

r(1)(x) = Perf(LLM;x,C(1)(x)),

r(k)(x) = Perf(LLM;x,C(k)(x)).
(6)

These scores serve as supervision signals for learning the per-
formance predictor (scoring model). This construction yields
informative training signals without requiring exhaustive in-
context enumeration. By contrasting in-contexts of different

sizes and informational content, the scoring model is encour-
aged to learn how contextual composition influences down-
stream performance, rather than relying on superficial prop-
erties of individual demonstrations. As a result, the learned
predictor (scoring model) can generalize beyond the specific
contexts observed during training and be applied to arbitrary
candidate in-contexts at inference time.

3.2 Performance Scoring Model
Given the constructed training set of input query-in-context
pairs and their corresponding performance scores, we aim to
learn a scoring model that predicts the downstream task per-
formance of the target LLM. The scoring model takes an in-
put query x together with a candidate in-context C as inputs
and outputs a scalar score estimating the LLM’s performance
when conditioned on (x,C).

Performance Definition. Let Perf(LLM;x,C) ∈ R denote
a task-specific performance score of the LLM under input x
and context C. Without loss of generality, we define Perf(·)
such that larger values indicate better performance. For evalu-
ation metrics where lower values correspond to better perfor-
mance (e.g., error or loss), we use the negated metric value as
Perf(·). This convention ensures a consistent maximization
objective across different tasks.

Model Input Representation. The scoring model operates
on the full input query-in-context pair (x,C). The in-context
C = {(xj , yj)}|C|

j=1 is treated as an unordered set of demon-
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strations, where each demonstration consists of an input
query-in-context pair. Rather than scoring individual demon-
strations independently, the model evaluates the in-context as
a whole, enabling it to capture interactions among demonstra-
tions that jointly influence downstream performance.

Scoring Function. Let fθ(·) denote the performance scor-
ing model parameterized by θ. The scoring model predicts a
scalar score

r̂(x,C) = fθ(x,C), (7)

which serves as an estimate of the true performance
Perf(LLM;x,C).

Learning Objective. During training, supervision for the
scoring model is obtained from the actual outputs of the tar-
get LLM. Given a training instance (x,C, r), where r =
Perf(LLM;x,C), we optimize the model by minimizing a
regression mean squared error (MSE) loss [Hyndman and
Koehler, 2006]:

Lreg = E(x,C,r)

[
(fθ(x,C)− r)

2
]
. (8)

This objective trains the scoring model to accurately rank dif-
ferent in-contexts by their downstream task performance. Un-
like prior demonstration selection methods that rely on proxy
objectives or independently score individual demonstrations,
our scoring model directly estimates the task performance
of the target LLM under a complete input query-in-context
pair. Therefore, the scoring model is trained in an end-to-
end manner aligned with the downstream performance. This
alignment empirically leads to more effective demonstration
selection than proxy-driven criteria.

3.3 Inference-Time In-Context Construction
As the subfigure (c) Testing process in Figure 1 shows, at in-
ference time, given a test input query xt, we aim to construct a
k-demonstration in-context that maximizes the predicted task
performance. However, directly enumerating and evaluating
all possible in-contexts is computationally infeasible due to
the combinatorial nature of demonstration selection. There-
fore, we use a two-stage procedure guided by the learned per-
formance scoring model.

Stage 1: Preselect promising demonstrations. For each
candidate demonstration (xi, yi) ∈ Dr (the retrieval dataset),
we score the corresponding single-demonstration in-context:

r̂i = fθ(xt, {(xi, yi)}) . (9)

We then keep the top-wk demonstrations with the largest r̂i,
denoted as Dwk(xt).

Stage 2: Construct and score candidate contexts. We
sort Dwk(xt) by r̂i in descending order and generate candi-
date in-contexts using a sliding window of size k:

C(xt) =
{
{(x(j), y(j))}t+k−1

j=t

∣∣ t = 1, . . . , wk − k + 1
}
,

(10)
where (x(j), y(j)) denotes the j-th demonstration in the sorted
list. Each candidate in-context C ∈ C(xt) is evaluated by

r̂(xt, C) = fθ(xt, C), (11)

and the final in-context is selected as

C⋆ = argmax
C∈C(xt)

r̂(xt, C). (12)

All inference-time scores are computed by the lightweight
predictor (scoring model) fθ, without any additional calls to
the target LLM. We feed the query and selected in-context to
the target LLM for final prediction.

4 Experiment
4.1 Experimental Setup
(i)Tasks and Datasets. We cover six task types over eight
datasets: Translation (WMT19 En–Zh dataset [Barrault et al.,
2019]), text expansion (Gigatiny dataset [Rush et al., 2015]),
summarization (Gigaword dataset), Semantic Textual Simi-
larity (STS) (STS-B/STS14 datasets [Cer et al., 2017; Agirre
et al., 2014]), classification (SST-5/Emotion datasets [Socher
et al., 2013; Saravia et al., 2018]), and Translation qual-
ity evaluation (TQA) (EN–CS dataset [Ma et al., 2019;
Barrault et al., 2019]), spanning classification/generation and
discrete/continuous outputs.

(ii) Metrics and Baselines. We use BLEU [Post,
2018] (Translation), ROUGE-1 [Ganesan, 2018] (expan-
sion/summarization), accuracy (classification), and report
Mean Squared Error (MSE) [Hyndman and Koehler, 2006]
for the STS and translation-quality evaluation tasks. Base-
lines include proxy-based demonstration selection methods
DKNN [Li et al., 2025], CR [Li and Qiu, 2023], KATE [Liu
et al., 2022], CD [Naik et al., 2023], ICCL [Liu et al., 2024],
PPL [Gonen et al., 2023] (k=10), and training-based demon-
stration selection methods TTF [Liu et al., 2025], CEIL [Ye
et al., 2023], and MoD [Wang et al., 2024].

(iii) Target LLMs and Other Setups. Our main LLMs
are GLM-4 9B, LLaMA 3.1 8B, and Qwen2.5 7B; we further
test 1B–70B LLMs (LLaMA 3.2 1B, DeepSeek 32B [Guo et
al., 2025], LLaMA 3.3 70B and Qwen3 4B/8B [Yang et al.,
2025]). The number of demonstrations for all methods is 10.
We randomly split the retrieval dataset Dr into a query set Q
and a demonstration pool D, where Q and D account for 20%
and 80% of the data, respectively. The wk in Eq. 10 is 20.

4.2 Main Results
Table 1 reports the overall performance across six tasks and
eight datasets. PDDS consistently achieves strong results
and attains the best performance in the majority of settings.
Specifically, it improves BLEU by 0.032 on machine trans-
lation, increases ROUGE-1 by 0.009 and 0.016 on summa-
rization and expansion, respectively, reduces MSE by 0.060
on STS14, and exceeds the strongest competing baseline by
5.8% accuracy on text classification.

Overall, these results show that directly optimizing pre-
dicted LLM performance leads to more effective and ro-
bust demonstration selection than proxy-driven heuristics or
contrastive-learning-based methods.

4.3 Ablation Study
We conduct ablation studies to quantify the contribution of
each design choice to overall performance, including the
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LLMs GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen GLM Llama Qwen

Metric Accuracy (%) ↑ Accuracy (%) ↑ ROUGE-1 ↑ ROUGE-1 ↑

Method Classification: Emotion Classification: SST5 Summarization: Gigaword Expansion: Gigatiny

BM25 54.3 38.0 59.0 34.2 31.4 49.9 0.024 0.020 0.108 0.122 0.128 0.135
CD 46.0 39.8 55.5 43.3 36.4 45.9 0.043 0.025 0.134 0.172 0.102 0.240
Kate 63.5 40.0 72.3 43.9 35.7 51.8 0.057 0.032 0.106 0.203 0.125 0.253

DKNN 68.8 46.5 43.0 49.8 35.7 45.0 0.033 0.028 0.114 0.167 0.107 0.237
TTF 52.5 38.5 52.9 45.0 38.5 46.8 0.043 0.036 0.114 0.163 0.099 0.264
CEIL 68.7 45.4 44.9 49.2 36.8 45.3 0.040 0.033 0.118 0.192 0.110 0.242
MoD 57.3 41.8 52.6 47.4 39.7 47.7 0.048 0.039 0.116 0.192 0.108 0.237
ICCL 52.3 38.2 69.7 46.2 31.7 48.8 0.043 0.032 0.106 0.194 0.115 0.230
PPL 60.2 39.4 51.0 48.2 32.1 48.7 0.043 0.037 0.115 0.197 0.110 0.249

PDDS (Ours) 73.1 62.1 75.7 53.8 44.2 55.1 0.063 0.048 0.147 0.220 0.137 0.287

Metric MSE ↓ MSE ↓ BLEU ↑ MSE ↓

Task & Data STS:STS14 STS:STSB Translation: WMT19 En-Zh TQA EN-CS

BM25 2.192 1.404 0.797 0.993 1.146 0.763 0.032 0.033 0.040 3489.0 531.9 352.0
CD 2.831 1.263 0.965 1.272 1.291 0.898 0.204 0.134 0.225 493.3 686.1 354.2
Kate 0.920 1.441 0.813 1.070 1.138 0.747 0.211 0.137 0.104 452.6 499.8 343.9

DKNN 1.087 1.511 0.804 1.258 1.425 0.781 0.202 0.138 0.174 453.1 517.1 355.0
TTF 3.041 1.578 0.748 1.343 1.583 0.982 0.231 0.146 0.008 498.6 666.2 401.8
CEIL 1.388 1.366 0.972 1.202 1.021 0.790 0.219 0.108 0.175 496.5 493.4 392.1
MoD 1.343 1.376 1.074 1.101 1.230 0.805 0.222 0.073 0.238 436.4 473.4 358.7
ICCL 2.252 1.361 0.727 1.118 1.199 0.786 0.214 0.139 0.111 427.6 484.4 348.7
PPL 2.538 1.372 0.989 1.101 1.403 0.816 0.219 0.144 0.165 410.3 462.4 347.5

PDDS (Ours) 0.832 1.249 0.650 0.813 1.122 0.718 0.239 0.195 0.277 405.4 430.0 336.9

Table 1: Results of PDDS and other ICL methods. The best and second-best results are highlighted in bold and underline, respectively.
Model: GLM, Llama, and Qwen indicate GLM4-9B, LLAMA3.1-8B, and Qwen2.5-7B, respectively.

scoring model, the two-stage in-context construction strategy,
and the preselection size wk. Ablating performance-driven
scoring model (fθ vs. proxy criteria). We ablate fθ by con-
structing in-contexts using only Eq. 5 (KATE-style retrieval)
without performance scoring (Figure 2). Without the scor-
ing model, the performance of PDDS degrades noticeably.
Specifically, the average accuracy drops by 9.47%, the aver-
age MSE worsens by 0.12, the average ROUGE-1 decreases
by 0.02, and the average BLEU drops by 0.09. These con-
sistent drops underscore the scoring model’s critical role in
PDDS.

Ablating two-stage in-context construction. In PDDS,
in-context construction is performed in two stages. In
Stage 1, PDDS retrieves wk candidate demonstrations and
ranks them in descending order according to the predicted
performance scores. In Stage 2, the scoring model is further
applied to select the final k demonstrations from the ranked
candidate set to form the final in-context. We now analyze
the contribution of each stage separately.

Ablating Stage 1. To evaluate the role of Stage 1, we re-
place performance-driven preselection with the similarity cri-
terion in Eq. 3 to retrieve the top-wk most similar candidates,
and then apply Stage 2 to construct the final in-context. As
shown in Figure 2, removing Stage 1 consistently hurts per-
formance: the average accuracy drops by 4.52%, the average
MSE worsens by 0.04, the average ROUGE-1 decreases by
0.01, and the average BLEU drops by 0.01. This underscores
the importance of Stage 1 in PDDS.

Settings With scoring model Without scoring model

LLMs GLM Llama Qwen GLM Llama Qwen

Method Task: Classification Dataset: Emotion Metric: Accuracy (%) ↑

BM25 63.7 44.1 64.3 54.3 38.0 59.0
CD 53.7 43.5 62.6 46.0 39.8 55.5

Method Task: Summarization Dataset: Gigaword Metric: ROUGE-1 ↑

BM25 0.034 0.026 0.116 0.024 0.020 0.108
CD 0.051 0.031 0.141 0.043 0.025 0.134

Table 2: The results of cross-retrieval generalization (plug-and-
play). BM25 and CD denote using the corresponding method to
retrieve and rank a candidate pool of wk demonstrations. With scor-
ing model uses PDDS Stage 2 to construct the final context from
BM25/CD-ranked wk candidates. PDDS can be a plug-and-play
module for diverse ICL pipelines.

Ablating Stage 2. To ablate Stage 2, we form the in-
context by directly selecting the top-k demonstrations from
the ranked wk candidates produced in Stage 1. As shown
in Figure 2, excluding Stage 2 consistently degrades perfor-
mance: average accuracy drops by 5.02%, MSE increases by
0.26, and ROUGE-1/BLEU each decrease by 0.01. These re-
sults underscore the importance of Stage 2 in PDDS.
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Figure 2: Ablation results of the performance-driven scoring model fθ and the two-stage in-context construction in PDDS.

LLMs GLM Llama Qwen GLM Llama Qwen

Metric Accuracy (%) ↑ MSE ↓

Method Training dataset: SST5
Test dataset: Emotion

Training dataset: STSB
Test dataset: STS14

PDDS 70.2 54.6 71.6 0.885 1.287 0.720

Table 3: The results of cross-dataset generalization. Training dataset
denotes the dataset used to train the PDDS scoring model. Test
dataset denotes the dataset on which the scoring model is applied
to construct the final in-context prompt.

Sensitivity to preselection size wk. We set wk = 20 by
default and evaluate wk ∈ {10, 15, 20, 25}. Performance im-
proves as wk increases but quickly saturates; e.g., on Emotion
with Llama, accuracy rises from 51.5% (wk = 10) to 62.1%
(wk = 25) and then stays around 62.1%. A moderate candi-
date pool captures most gains, while larger wk mainly adds
computation.

5 Generalization
Cross-retrieval generalization (plug-and-play). Given a
fixed external retriever, we only score the retrieved can-
didate pool (with wk candidates) using our performance-
driven scoring model and then select the top-k demonstra-
tions accordingly, without retraining or modifying the re-
triever. As shown in Table 2, replacing the original rank-
ing/selection strategy with our plug-and-play scoring consis-
tently improves performance. Specifically, it increases the
average accuracy from 48.77% to 55.32% and the average
ROUGE-1 from 0.059 to 0.067. These results indicate that
the scoring model captures performance-relevant signals be-

yond retriever-specific heuristics and can be integrated in a
plug-and-play manner into existing ICL pipelines.

Cross-dataset generalization. We examine whether the
scoring model generalizes to unseen datasets beyond those
used for training. Specifically, we train the scoring model
on SST5 and evaluate it on Emotion under the same clas-
sification setting. As shown in Table 3, the transferred
scoring model achieves an average accuracy of 65.47%
and consistently outperforms the baselines reported in Ta-
ble 1. These results indicate that performance-driven se-
lection learns dataset-agnostic signals that remain predictive
across distribution shifts, rather than overfitting to the training
corpus.

Cross-LLM generalization. Finally, we evaluate whether
the scoring model transfers across target LLMs. As shown
in Table 5, a scoring model trained with one target LLM
can be directly applied to a different target LLM. Although
cross-LLM transfer is slightly worse than training on the tar-
get LLM itself (by Llama3.1 8B), it still yields strong per-
formance: when trained on GLM4 9B, the PDDS achieves
53.2 accuracy on Llama3.1 8B. We conjecture that, since both
GLM4 9B and Llama3.1 8B are trained to approximate the
same underlying text-to-label mapping, they may induce sim-
ilar decision boundaries (or decision regions) over the input
query-in-context space. As a result, they tend to exhibit sim-
ilar behaviors on the same input query-in-context pair, which
helps explain why the scoring model can generalize across
LLM backbones. Overall, these results suggest that the scor-
ing model captures relatively model-agnostic signals corre-
lated with in-context performance.
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Method BM25 CD Kate DKNN TTF ICCL PPL CEIL MoD PDDS

Token ↓ 195.9 202.3 189.3 203.8 182.5 196.2 178.6 194.5 199.6 189.5
Time (s) ↓ 1.95 0.26 0.27 0.22 0.27 0.36 0.32 0.40 0.43 0.31

Table 4: Results of token and time costs on the SST-5 dataset, averaged across three LLMs. Time is measured in seconds per text, and token
cost is measured in tokens per text.

Dataset & Metric Emotion & Accuracy (%) ↑ Gigaword & ROUGE-1 ↑

Testing LLM Llama Llama

Training LLM GLM Llama Qwen GLM Llama Qwen

PDDS 53.2 62.1 52.6 0.046 0.048 0.044

Table 5: The results of cross-LLM generalization. Training LLM
denotes the LLM used to provide performance scores for construct-
ing PDDS training data. Testing LLM denotes the LLM used to
construct the in-context during inference.

LLMs Llama3.2-1b Llama-3.3-70b DeepSeek-32b Qwen3 4b Qwen3 8b

Emotion-Accuracy (%) ↑
BM25 61.1 67.9 70.9 69.8 68.8

CR 40.2 58.3 59.5 54.5 55.4
CD 39.2 57.6 60.7 53.3 56.7

ICCL 64.6 69.7 70.9 68.1 71.0
Kate 63.6 69.4 71.1 67.4 72.2
PPL 38.4 59.3 58.1 53.4 50.5

DKNN 47.1 58.5 59.0 61.6 53.3
CEIL 42.6 61.3 61.8 57.1 54.9
MoD 35.8 57.1 58.9 56.1 54.4

PDDS 66.8 77.9 79.2 73.4 75.6

Table 6: Experimental results on additional Large Language Mod-
els for Emotion. The best results are highlighted in bold, and the
second-best results are underlined.

6 Discussion
Evaluation across target LLM scales and families. We
further evaluate PDDS on five additional target LLMs (1B–
70B). As shown in Table 6, PDDS remains competitive across
scales and families, achieving up to 79.2% accuracy. Overall,
PDDS transfers well across LLM families and scales, sug-
gesting the scorer captures performance-relevant signals.

Cost considerations. We evaluate PDDS overhead on SST-
5 in terms of training time, storage, token cost, and latency.
Training the scoring model takes 1.2 hours and 472 MB. At
inference, PDDS uses 189.5 tokens and 0.31 seconds per
query on average (Table 4). Overall, the one-time training
cost is amortized over repeated use, making PDDS practically
acceptable.

Training data efficiency (few-shot supervision). We
study whether the PDDS scoring model can be effectively
trained with only a small amount of labeled data. Specifi-
cally, we limit the number of training queries to 30. To enrich
supervision in this setting, we construct additional single- and
k-demonstration in-contexts, C(1)(x) and C(k)(x) (Equ. 4
and 5). These in-contexts are generated not only via
similarity-based retrieval, but also by leveraging retrieval
strategies from several ICL methods, including BM25, CD,

Dataset & Metric SST5 & Accuracy (%) ↑

Shots GLM Llama Qwen

30 45.7 38.4 52.0

Dataset & Metric WMT19 En-Zh & BLEU ↑

30 0.215 0.156 0.138

Table 7: The results of few-shot (30) training data. GLM, Llama,
and Qwen indicate GLM4-9B, LLAMA3.1-8B, and Qwen2.5-7B.

and PPL. This yields a diverse set of query–in-context–
performance triples despite the limited supervision, enabling
stable training of the scoring model. As shown in Table 7,
PDDS still achieves up to 52.0% accuracy with 30-shot su-
pervision.

7 Conclusion
We revisit demonstration selection for ICL from a
performance-driven perspective. Specifically, we formulate
it as predicting downstream LLM performance for an input
query–in-context pair, rather than optimizing heuristic prox-
ies. Based on this formulation, we propose a lightweight and
end-to-end framework that learns a scoring model to directly
score and construct effective in-contexts.

Extensive experiments across six task categories, eight
datasets, and eight target LLMs show that our method con-
sistently improves ICL performance by aligning context con-
struction with predicted LLM performance. Further anal-
yses demonstrate that the scoring model generalizes across
datasets, tasks, and target LLMs, and can be effectively
trained with few-shot data, making the approach practical
and scalable. Meanwhile, our method can be applied as a
plug-and-play approach to improve the performance of other
ICL methods. Overall, our results suggest that aligning con-
text construction with predicted LLM performance offers a
principled alternative to proxy-based heuristics, and reframes
context selection as an explicit, performance-oriented deci-
sion problem in ICL.
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