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Abstract

In-context learning (ICL) enables large lan-
guage models (LLMs) to adapt to new tasks dur-
ing inference using only a few demonstrations.
However, ICL performance is highly depen-
dent on the selection of these demonstrations.
Recent work explores retrieval-based methods
for selecting query-specific demonstrations, but
these approaches often rely on surrogate objec-
tives such as metric learning, failing to directly
optimize ICL performance. Consequently, they
struggle to identify truly beneficial demonstra-
tions. Moreover, their discriminative retrieval
paradigm is ineffective when the candidate
pool lacks sufficient high-quality demonstra-
tions. To address these challenges, we propose
GENICL, a novel generative preference learn-
ing framework that leverages LLM feedback to
directly optimize demonstration selection for
ICL. Experiments on 19 datasets across 11 task
categories demonstrate that GENICL achieves
superior performance than existing methods
in selecting the most effective demonstrations,
leading to better ICL performance.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of tasks. In-context learning (ICL), introduced by
(Brown et al., 2020), enables LLMs to perform
tasks with only a few examples as demonstration,
without requiring parameter updates (Brown et al.,
2020; Liu et al., 2021).

Although ICL is promising, the selection of in-
context demonstrations is crucial, as it significantly
impacts LLM performance (Lu et al., 2021; Min
et al., 2022b). Many existing approaches rely on
retrieval-based methods, either using off-the-shelf
retrievers (Robertson et al., 2009) or training spe-
cialized ones (Reimers, 2019; Wang et al., 2022).
Training-based methods typically optimize retriev-
ers to approximate the relevance score of the candi-
date to the given query for downstream ICL tasks,
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Figure 1: The distribution of the useful example ratio
across test sets from different datasets. The x-axis repre-
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is one that helps the LLM generate an accurate output
with in-context learning. The ratio remains low for most
test queries, i.e., the majority of demonstration exam-
ples are ineffective for the LLM.

often leveraging metric learning-based proxy tasks,
such as contrastive loss (Rubin et al., 2021; Ye
et al., 2023; Wang et al., 2023; Cheng et al., 2023;
Luo et al., 2023; Liu et al., 2024).

However, these methods face several challenges.
The most critical issue is the misalignment between
the surrogate learning objective of the retriever and
the intrinsic optimization goal of ICL. Specifically,
a discriminative model, trained with a metric learn-
ing objective to approximate the relevance score
between a demonstration candidate and a given
query, does not necessarily indicate the candidate’s
effectiveness as an in-context demonstration for
an LLM. Furthermore, the scarcity of effective
demonstration candidates in the retrieval pool poses
another challenge for training a discriminative re-
triever. Figure 1 illustrates the distribution of test
queries regarding the ratio of useful examples that
help the LLM achieve accurate output using ICL.
The figure shows that most candidates are ineffec-
tive for most queries, making retriever optimization
particularly challenging. This issue is further exac-



erbated by the properties of hard labels for LLM
feedback, as noted by (Wang et al., 2023).

To address these challenges, we propose
GENICL, a novel generative preference learning
framework that directly optimizes demonstration
selection for ICL using LLM feedback. Specifi-
cally, we reformulate ICL as a generative Bayesian
optimization problem, introducing a latent vari-
able to bridge demonstration selection and LLM
inference. GENICL then optimizes this objective
through preference learning, which focuses more
on the relative effectiveness between demonstration
samples, allowing it to capture finer-grained infor-
mation in scenarios where effective demonstrations
are scarce. This optimization procedure on demon-
stration selection more closely aligns with the in-
trinsic objective of ICL. Through this approach,
GENICL can better capture the LLM’s demon-
stration preference and identify the truly effective
demonstrations (preferred by the LLM). To validate
the effectiveness of GENICL, we conducted exper-
iments on a diverse set of datasets covering classifi-
cation, multiple-choice, and generation tasks. The
results demonstrate that GENICL achieves superior
performance compared to existing methods.

Our contributions can be summarized as follows:

* We propose GENICL, a novel generative pref-
erence learning framework that directly opti-
mizes demonstration selection for ICL using
LLM feedback, overcoming the limitations of
sub-optimality of surrogate learning objective
used in traditional retrieval-based methods.

* The preference learning of paired effective and
ineffective demonstrations leads to fine-grained
distinguishness of demonstration preference of
LLM.

* We conduct extensive experiments on 19 datasets
across 11 task categories with a quantitative and
qualitative analysis of the effectiveness of our
proposed method.

The rest of the paper is organized as follows.
Section 2 surveys the related work and points out
the existing challenges in optimization ICL tasks.
Section 3 details our GENICL with generative ICL
modeling and the optimization approach of pref-
erence learning from LLM feedback. Section 4
introduces the experimental setup and the quanti-
tative analysis with an analysis of how different
methods work. Finally, Section 5 summarizes our
paper, and Section 6 discusses the limitations.

2 Related work

2.1 In-context Demonstration Selection

In-context learning (Brown et al., 2020) enhances
large language models by leveraging few-shot ex-
amples for task adaptation. While proficient at
using provided examples, LLMs heavily depend
on specific demonstrations (Min et al., 2022a; Luo
et al., 2024), making demonstration selection cru-
cial for downstream performance. Existing ap-
proaches to demonstration selection can be broadly
categorized into two branches. The first employs
off-the-shelf retrievers like BM25 (Robertson et al.,
2009), SBERT (Reimers, 2019), and ESpase (Wang
et al., 2022), which prioritize semantic similarity
but overlook downstream utility. The second cate-
gory involves learning the retriever based on feed-
back from LLM performance on selected demon-
strations (Li et al., 2023; Cheng et al., 2023; Luo
et al., 2023; Chen et al., 2024). For instance, Rubin
et al. (2021) trained a dense retriever using LLM-
generated feedback, while Wang et al. (2023) dis-
tilled a retriever from a metric function estimating
relevance scores between demonstration candidates
and the query. However, these methods approxi-
mate the relevant score of the candidate given the
query, which is not essentially aligned with the
true optimization objective of ICL resulting in a
sub-optimal solution. Moreover, only a minority
of candidates truly enhance in-context learning per-
formance (Figure 1), making it challenging to learn
a reasonably dense retriever. Therefore, a more
promising method is required for directly optimiz-
ing the intrinsic ICL objective.

2.2 Preference Learning

Preference learning plays a vital role in training
LLMs to align generative models with human val-
ues and preferences (Christiano et al., 2017; Ziegler
et al.,, 2019; Ouyang et al., 2022). It has also
emerged as a powerful paradigm for enhancing
LLM performance in complex tasks (Havrilla et al.,
2024; Li et al., 2024). A key approach in this do-
main is reinforcement learning from human feed-
back (RLHF) (Ouyang et al., 2022), which involves
training a reward model to capture human prefer-
ences and optimizing the model using reinforce-
ment learning algorithms (Schulman et al., 2017).
More recent methods, such as Direct Preference
Optimization (DPO) (Rafailov et al., 2024) and
Kahneman-Tversky Optimization (KTO) (Etha-
yarajh et al., 2024), bypass explicit reward mod-



eling and instead learn preferences directly from
human feedback. While these methods have ad-
vanced preference learning performance, they pri-
marily focus on human feedback without explicitly
addressing the issue of the scarcity of effective
demonstrations.

3 Methodology
3.1 Problem Setting

Consider a task sample = with ground-truth g,
denoted as (x,y), and a set of demonstrations
{(xr,yk)};—, € P where each demonstration
(zk,yr) is an input-output tuple taken from the
demonstration pool P containing all training sam-
ples from all tasks. K is the number of demon-
strations used for the current query. Our goal is to
provide the appropriate demonstrations for each x
to improve the ICL performance of LLMs as

arg max Pa(y | {(zs, y) ey ) (D)

(T yr)EP

3.2 Optimization Objective

Most methods based on LLLM feedback used metric
learning, such as contrastive learning, as a surro-
gate objective to train a discriminative model as the
retriever. However, this optimization objective has
a gap with in-context learning performance (details
in Appendix C). Additionally, the relevance scores
determined by the discriminative retriever come
from a feature similarity perspective, overlooking
optimizations at the semantic understanding level,
which leads to the selected demonstrations that
may not be truly useful for improving the LLM’s
in-context learning performance. To address these
issues, we propose a generative framework to di-
rectly optimize demonstration selection for ICL
performance, thereby avoiding the use of surro-
gate objectives that have a gap. We treat in-context
learning as generative Bayesian optimization and
introduce a latent variable z to establish the rela-
tionship between demonstration selection and ICL
performance. The optimization problem is formu-
lated as follows:

Pu(Y | {(Xp, Vi) K, X) =
/ Paa(Y | 2, X) Paa(z | {(Xi Vi) HE 1, X) dz
2)

This transformation is also supported by the per-
spectives of Xie et al. (2021) and Wang et al.

(2024), where in-context learning can be viewed as
a Bayesian inference process.

The latent variable z is viewed as the repre-
sentation of the LLM’s demonstration preference.
Through z, we concretize the LLM’s preference
for demonstration and use it to identify effective
demonstrations. Eq. (2) proves from a Bayesian
perspective that, during the optimization process,
both the ground truth and demonstrations should
be considered simultaneously. However, in the sur-
rogate optimization objectives of retriever-based
methods, only the quality of the demonstrations is
considered. This is why demonstrations selected
by these methods do not necessarily enhance the
LLM’s ability to predict the ground truth within
ICL.

To obtain the demonstration preference, we pro-
pose to fully optimize the latent variable z by
jointly considering the ground truth and the pref-
erence of the demonstrations. We utilize the Evi-
dence Lower Bound (ELBO) (Kingma, 2013) and
Eq. (2) to obtain the following optimization ob-
jective, with the detailed derivation provided in
Appendix D.

L(z) = —log Pm(Y | 2, X)
—log P (2 | {(Xi, Vi) Hier, X)) 3)

Due to the combinatory search space of
(X1,Y1),(X2,Y2), ..., (XK, Yk) being immense,
we simplify the optimization objective to the fol-
lowing formula.

L(z) = —log Pm(Y | 2, X)
—log Prm(z | (X, Vi), X) (4)

3.3 Demonstration Preference Learning

The above optimization objective aims to find the
variable z of the demonstration preference of the
LLM. From an implementation perspective, z is
a task-specific description, and its corresponding
trainable parameters are 6. We optimize 6 to re-
fine the demonstration preference distribution cor-
responding to z.

To perform effective optimization in scenarios
where effective demonstrations are scarce, we use
preference learning, as it focuses more on the rel-
ative relationships between demonstrations, en-
abling it to capture finer-grained information. To
learn the preference for effective demonstrations,
we adopt the KTO algorithm (Ethayarajh et al.,
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Figure 2: Training and inference pipeline of GENICL.

2024), which directly maximizes the utility of
LLM generations based on context information,
conditioned on either the effective demonstration
(g, Yk )w or the relatively ineffective one (g, yx);.
This ensures that (zx, yx)w >~ (T, yx); given the
input . To achieve this, we reformulate the op-
timization objectives, —log Pp((Y | z,X) and
—log Pm(z | (Xk, Yi), X) in Eq. (4), as a two-
stage alternating optimization process.

The First Stage. In this stage, we optimize
the demonstration selection part —log Py((z |
(Xk, Yr), X) in Eq. (4) with preference learning.
Preference learning requires both preferred data
and non-preferred data. To obtain the LLM pref-
erences for demonstrations under the in-context
learning paradigm, we utilize the ICL performance
of LLM given each demonstration candidate as the
preference score. The preference score s is the
log-likelihood of LLM generation w.r.t. the ground-
truth output y given the candidate (x, yy) and the
input z, reflecting the LLM’s preference for the
demonstration.

sk = P(yl(zr, yx), v) (5)

Since we need to score all the training data
based on the above method to obtain the prefer-
ence dataset, and the demonstration pool for each
training sample is P, the complexity of scoring all
the data is quadratic in |P|, which is computation-
ally infeasible for an exhaustive search. Therefore,
to reduce the search space, we use ESp,se (Wang

et al., 2022) to obtain a more relevant subset £ C P
as the new demonstration pool. For each training
sample, we select the set of candidates with the
highest preference scores as preferred demonstra-
tions (xg, yx)w, and the set of candidates with the
lowest preference scores as non-preferred demon-
strations (zy, yx);- The demonstration-level loss is
formulated as follows.

_E((xlwyk)uﬂ(xk?yk)l7I72)ND

PM(Z ‘ (.’Ek, yk)’wa JI) d
A 1 —
[ we <5 % Pz | @ vk)unz)

Pz | (2, )i, @) ﬂ

PMref(Z | (.’Ek, yk‘)l’ x)

— Blog

(6)

she = E(zy)~D [5 KL(Pu(z | (@, yr), )
| Pris(= | <xk,yk>,x>)] @

where [ is a hyperparameter, \,, and \; are hy-
perparameters for preferred data and non-preferred
data respectively. s represents the use of KL di-
vergence as a constraint to prevent the model from
deviating too much from its original predictive abil-
ity, thereby enhancing the stability of the model.

The Second Stage. We then optimize the model
generation part — log Py(Y | z, X) in Eq. (4) in
a similar manner of preference learning. For all



tasks, we treat the ground truth as the correct an-
swer 1,,. For classification and multi-choice tasks,
we consider the incorrect categories or options as
wrong answers ¥;, and for generation tasks, we ran-
domly sample answers from other samples as y;
for the current sample. The answer-level loss is
formulated as follows:

Ea’(e) = _E(sz7ywzyl)ND
Pu(yw | 2,7) >
oo Blog =2 Ww 1 2T)
|: ( PMref(yw ‘ Z,l’) !

PM(yl ‘ Z,l‘) >:|
+)\a<s“ ~ Blog BT )| g
: ref 5 gPMref(yl ‘ 271’.)

S?ef = E(m,y)ND |:5 KL(PM(y ‘ 2 x)
| Paialy | z,x>>} ©)

where the hyperparameters are consistent with
those in the first stage.

In summary, we alternately optimize the losses
of the two stages, and the complete optimization
objective is as follows:

L(6) = La(8) + La(6) (10)
And Algorithm 1 summarizes the whole training
procedure.

Algorithm 1: Demonstration Preference
Learning

1: Input: Task dataset D = {(z, y)l}gll, latent
variable z, demonstration pool P, and learning
rates 71, 172

2: Initialization: Parameters 6

3: for each (z,y) in task D do

Calculate demonstration scores by Eq. (5),
and identify preferred demonstrations
(Zk, Yk )w and non-preferred ones (zx, Y )
5:  Compute demonstration-level loss £;(6) by
Eq. (6)
Update 0 <— 0 — m Vo Ly(0)
Set the correct answer as y,, = y, and select
an incorrect answer y;
8:  Compute answer-level loss £, (6) by Eq. (8)
9:  Update 0 <— 6 —n2VL,(6)
10: end for

3.4 Demonstration Selection in Inference

In the training stage, we optimize the parameters 6
to obtain the variable z of the demonstration pref-
erence of the LLM. In the inference stage, we first
use ESpase (Wang et al., 2022) to reduce the search
space and time cost of demonstration selection.
Then we leverage the LLM with the latent vari-
able z to select demonstrations for an input query
Zest- In Eq. (2), for the same z, all demonstrations
have the same Py(y | z, z). Therefore, we select
the top-K demonstrations based on the probability
of generating the latent variable, as shown below:

PM(Z | (‘rkayk)ymtest) (11)

After obtaining a set of demonstrations
(Xg, Yi)HE |, we use the frozen LLM to
perform in-context learning. The entire training
and inference pipeline is shown in Figure 2.

4 Experiments

4.1 Evaluations Setup

Datasets. We validate the effectiveness of
GENICL across a range of language processing
tasks including classification, multi-choice, and
text generation. The classification tasks include
Natural Language Inference (RTE (Wang, 2018),
SNLI (Bowman et al., 2015)), Paraphrase (PAWS
(Zhang et al., 2019), QQP (Wang, 2018)), Reading
Comprehension (MultiRC (Khashabi et al., 2018),
BoolQ (Clark et al., 2019))), Sentiment Classifi-
cation: (SST2 (Socher et al., 2013), Sentiment140
(Go et al., 2009)), and Topic Classification (AG-
News (Zhang et al., 2015)). The multi-choice tasks
cover Commonsense Reasoning (COPA (Roem-
mele et al., 2011), HellaSwag (Zellers et al., 2019),
OpenBookQA (Mihaylov et al., 2018)), Corefer-
ence (Winogrande (Sakaguchi et al., 2021)). The
text generation tasks contain Close QA (Natu-
ralQuestions (Kwiatkowski et al., 2019), SQuAD
vl (Rajpurkar, 2016)), Commonsense Generation
(CommonGen (Lin et al., 2019)), Data-to-Text
(E2E NLG (Dusek et al., 2019), DART (Nan et al.,
2020)), and Summarization (AESLC (Zhang and
Tetreault, 2019), Gigaword (Napoles et al., 2012)).

Baseline. Our evaluation compares GENICL
against several established baseline approaches
that leverage the ICL capabilities of LLMs.
These baselines include zero-shot (which executes
tasks without demonstrations), random (which se-
lects demonstrations arbitrarily from the available



pool), and off-the-shelf retrieval models such as
BM25 (Robertson et al., 2009), SBERT (Reimers,
2019), and ES5pase (Wang et al., 2022). Further-
more, we conduct comparative analyses against the
following more advanced approaches.

* EPR (Rubin et al., 2021) is a prominent method
using LLM feedback to label candidate examples
as positive or negative, to train the retriever.

* LLM-R (Wang et al., 2023) trains the retriever
using a reward model and knowledge distillation,
which is one of the state-of-the-art retriever-based
methods.

* CBDS (concept-based-demonstration-selection)
(Wang et al., 2024) first learns the latent variable
and then selects demonstrations with the highest
probability of predicting the corresponding latent
variable.

Implementation Details. To ensure a fair com-
parison with the baselines, we use the same tem-
plate and evaluation metrics. For detailed infor-
mation, please refer to the Appendix E. Our ap-
proach demonstrates enhanced efficiency through
a reduced number of training parameters relative
to retriever-based methodologies such as LLM-
R (Wang et al., 2023) and ESp,e (Wang et al.,
2022). For model implementation, we utilize
Llama-7B (Touvron et al., 2023) as our primary
LLM for both training and inference operations.
Our inference protocol incorporates a set of 8
demonstrations within the context, with complete
implementation details provided in Appendix A.

4.2 Main Results

Table 1 presents the performance comparison of
the proposed GENICL and various baselines for
classification, multi-choice, and text generation
tasks. The results demonstrate that GENICL sig-
nificantly outperforms all the baselines on most
tasks. Zero-shot and Random consistently yield
the worst performance across most tasks, highlight-
ing the importance of using high-quality demon-
strations in ICL. Retriever methods trained based
on LLM feedback provide only limited improve-
ments over off-the-shelf retrievers. Specifically,
EPR performs worse than ESp,e on tasks such as
MultiRC, RTE, and Sentiment140. This indicates
that these discriminative methods, which use proxy
optimization objectives, often fail to select truly
useful demonstrations. Our generative Bayesian

method GENICL, in contrast, significantly out-
performs EPR and LLM-R, proving its effective-
ness. Although GENICL uses ESpage to narrow the
search space, compared to directly using ESpase,
we achieve significant improvements, especially
on tasks such as PAWS, BoolQ, and SNLI, where
our GENICL improves by more than 5 points. This
indicates that directly using ESpas struggles to iden-
tify demonstrations preferred by the LLM, whereas
our method effectively addresses this issue. While
CBDS employs a comparable latent concept vari-
able methodology for demonstration selection, its
performance is constrained due to adopting a mis-
aligned optimization objective (details in Appendix
A). Through the implementation of a more refined
optimization objective, GENICL demonstrates su-
perior performance.

For text generation tasks, the improvements of
EPR and LLM-R over off-the-shelf retrievers are
all relatively limited. This may be because metrics
like ROUGE and EM typically exhibit a narrower
range of variation compared to classification accu-
racy, which is consistent with the findings of Wang
et al. (2023). Even so, GENICL still achieves sig-
nificant improvements over LLM-R and off-the-
shelf retrievers, particularly on the CommonGen
and SQuAD vl tasks. This indicates that GENICL
is also highly effective for text generation tasks.

4.3 Ablation Study

To validate the effectiveness of the key design in
GENICL, we conduct ablation studies on the Com-
monGen, BoolQ, and SQuAD vl tasks, with re-
sults presented in Table 2. When non-preferred
data is removed during training, the performance of
GENICL drops significantly, indicating that using
only useful demonstrations without considering rel-
ative preference relations makes it difficult to learn
the distribution of LLM demonstration preference.
This proves the necessity of optimization based on
preference learning. Our complete optimization ob-
jective consists of two parts: answer-level loss and
demonstration-level loss. Removing either leads to
a performance drop, demonstrating the correctness
of our proposed optimization framework and the
importance of considering both the ground truth
and the quality of demonstrations during optimiza-
tion.

4.4 Validation on Other LLMs

The previous experimental results were obtained us-
ing the LLaMA-7B model. To comprehensively as-



Classification Tasks

Topic  Reading Comprehension Paraphrase NLI Sentiment
. Sentim

AGNews BoolQ MultiRC PAWS QQP RTE SNLI 140 SST2
Zero-shot 314 64.7 57.0 53.0 579 599 396 49.3 54.2
Random 65.0 69.6 60.4 496 540 657 404 78.8 64.1
BM25 90.0 74.0 58.7 565 803 599 477 88.3 84.7
SBERT 89.8 73.6 533 583 81.7 602 562 94.1 87.8
ESpase 90.6 71.0 54.0 55.6 773 68.5 53.7 93.0 92.4
CBDS 67.3 77.6 49.3 57.6 642 563 435 92.5 69.2
EPR 91.8 74.8 50.4 5777 81.7 668 68.4 914 88.7
LLM-R 92.4 74.9 50.2 575 809 61.7 80.0 91.6 93.4
GENICL (ours) 92.6 78.1 56.9 63.9 82.0 729 84.6 94.7 95.0

Multi-Choice Tasks Text Generation Tasks

Corefe Common§ense Summarize Comm Data-to-text  CloseQA

rence Reasoning onGen

Winog Hella Open AE Giga Comm E2E  SQuAD

rande COPA Swag BookQA SLC word onGen DART NLG vl
Zero-shot 61.8 66.0 715 41.6 57 154 19.2 22.8 346 22
Random 62.1 74.0 721 43.0 6.5 272 363 345 511 47.3
BM25 66.4 77.0  74.6 47.8 239 325 383 554 538 53.7
SBERT 66.9 81.0 752 49.2 223 31.7 37.8 546  50.6 62.5
ESpase 66.7 84.0 750 51.0 234 319 376 549 523 61.9
CBDS 66.3 83.0 736 47.6 205 292 345 522 50.8 59.8
EPR 66.5 82.0 752 49.6 26.0 324 392 562  53.6 64.3
LLM-R 66.9 85.0 74.6 50.8 26.0 325 372 560 544 61.8
GENICL (ours)  68.0 86.0 74.6 51.8 244 33.0 41.0 564 551 65.7

Table 1: Main results on classification, multi-choice, and text generation tasks.

CommonGen BoolQ SQuAD vl CommonGen E2ENLG PAWS SST2

GENICL 41.0 78.1 65.7 Zero-shot 19.2 34.6 53.0 54.2

- w/o non-preferred data 38.7 71.2 62.5 Random 36.3 51.1 49.6 64.1

- w/o answer-level loss 349 72.7 62.0 BM25 38.3 53.8 56.5 84.7

- w/o demo-level loss 37.9 65.8 61.7 ESbase 37.6 52.3 55.6 92.4
. GENICL (ours)

Table 2: Ablation study. - GPT-Neo 2.7B 353 50.1 60.5 927

- LLaMA-7B 41.0 55.1 63.9 95.0

- Vicuna-13B 39.7 56.3 71.7 94.0

sess the efficacy of GENICL, we expanded our eval-
uation to encompass various LLMs, specifically
GPT-Neo 2.7B (Black et al., 2021) and Vicuna-
13B (Zheng et al., 2023). The comparison results
are presented in Table 3.

The GENICL method using language models
of different scales shows performance improve-
ments on most tasks, demonstrating the generaliz-
ability and effectiveness of GENICL. Specifically,
the GENICL method with GPT-Neo 2.7B outper-
forms ESpase 0On classification tasks like PAWS and
SST2, but performs worse than the baseline on text
generation tasks such as CommonGen and E2E

Table 3: Performance on other LLMs.

NLG. When using LL.aMA-7B and Vicuna-13B,
GENICL shows significant improvements in both
classification and text generation tasks. We specu-
late that text generation tasks require more complex
logical reasoning steps and smaller models like
GPT-Neo 2.7B face difficulties in understanding
complex semantics and performing reasoning.



4.5 The Superiority of Our Optimization
Objective

Our optimization objective is directly derived from
the ICL paradigm, making it more aligned with ICL
compared to retriever-based methods. We compare
the probability of predicting the ground truth using
demonstrations selected by different methods, as
described in Eq. (1). The results, shown in Figure
3, indicate that compared to retriever-based meth-
ods such as LLM-R and SBERT, GENICL achieves
higher predicted probabilities for the ground truth,
with a more concentrated probability distribution.
This demonstrates that our optimization objective
better enhances ICL performance, further validat-
ing our previous conclusions.

Task: PAWS Task: Sentiment140
100 ] 100 4
90 90 +
> 80 > 80
= =
3 3
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GenlCL LLM-R SBERT GenlICL LLM-R SBERT

Figure 3: The predicted probability of the ground truth
using demonstrations selected by different methods.

4.6 'The Impact of the Number and Order of
Demonstrations

In Figure 4, we examine how the performance of
GENICL changes as the number of demonstrations
varies on the following four datasets: RTE, SST2,
CommonGen, and Gigaword. The results show that
increasing the number of demonstrations does not
always lead to better performance. For SST2 and
CommonGen, a significant drop in performance
is observed when the number of demonstrations
is too large, while Gigaword experiences a slight
decrease.

To investigate the impact of the order of demon-
strations on downstream task performance, we com-
pare three different order settings:

» Shuffle: the top-K selected demonstrations are
randomly shuffled.

* Descending: the top-K selected demonstrations
are ordered in descending order of Eq. (11).

* Ascending: the top-K selected demonstrations
are ordered in ascending order of Eq. (11).

SST2 RTE
> 95.5 >
& 95.0—/\\ g 72'5'//‘/\
3 3 70.0 1
9 94.5 S
< | | N € 675 : :
5 10 15 5 10 15
K-shot K-shot
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40.5 4 _
e e Y B —
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Figure 4: The effect of demonstration number K.

The results are shown in Table 4. Lu et al. (2021)
have revealed that ICL is sensitive to the order
of demonstrations when using random examples.
However, we found that the order of the demon-
strations selected by our method has little impact
on the final in-context learning performance. This
supports the conclusion that high-quality demon-
strations are less sensitive to the ordering (Li et al.,
2023; Chen et al., 2022; Li and Qiu, 2023). This
further illustrates that the demonstrations selected
by our method, based on preference learning, are
of high quality.

Demo. order Agnews QQP Gigaword E2E NLG
Shuffle 92.8 81.9 32.6 55.2
Descending 92.6 82.0 33.0 55.1
Ascending 92.8 82.5 32.6 54.9

Table 4: Comparison of different demonstration orders.

5 Conclusion

In this paper, we introduced GENICL, a novel
generative preference learning framework for op-
timizing demonstration selection in in-context
learning (ICL). By reformulating ICL as a gen-
erative Bayesian optimization problem, GENICL
bridges demonstration selection and LLM infer-
ence through a latent demonstration variable, align-
ing the intrinsic goal of ICL. GENICL also lever-
ages preference learning on relatively effective and
ineffective demonstrations from LLM feedback,
achieving fine-grained demonstration selection. A
wide range of experiments have illustrated the su-
periority of our proposed method GENICL. We
believe that our findings contribute to advancing
the field of ICL and hope that GENICL serves as a
foundation for future research in directly optimiz-
ing demonstration selection for LLMs.



6 Limitations

During the optimization phase, we treat each
demonstration independently, ignoring the inter-
actions between demonstrations (such as order and
combination). In the inference phase, we select
a set of demonstrations based on their scores, but
the combination of individually optimal demonstra-
tions does not necessarily result in the overall best
combination.

Our method requires scoring each candidate in
the demonstration pool during the demonstration
selection stage. However, the search space and
computational cost of this process are prohibitive.
To address this, we employ E5y.s to reduce the
search space by obtaining a subset of the demon-
stration pool as a new, smaller pool. However, this
approach may filter out some valuable demonstra-
tions. Additionally, improving the efficiency of
demonstration scoring remains a promising direc-
tion for further exploration.
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A Implementation Details

We use LoRA (Hu et al., 2021) to train the param-
eters corresponding to the latent variable, and the
total number of trainable parameters is approxi-
mately 79M. The hyperparameters of GENICL are
summarized in Table 5. We use 8 NVIDIA A100-
80GB GPUs for both training and inference. For a
single task, the entire pipeline takes approximately
two days. For a fair comparison, our method and
all baselines use the same template, as shown in
Appendix E.

GENICL
Optimizer AdamW
Warmup steps 3000
Training steps 20000
Learning rate 5e-6
Batch size 32
Maximum input length 1024
Maximum output length 64
B 0.1
Aw 1.0
Al 1.0

Table 5: Hyper-parameters.

Implementation Details of CBDS (Wang et al.,
2024). For the CBDS baseline, we used the au-
thors’ publicly available code and followed the
training methodology described in the original pa-
per. The original CBDS setup involves concurrent
training across multiple tasks, with each task op-
timizing its own set of concept tokens . Specif-
ically, the optimization objective during training
is to minimize — log P(Y'|6, X). During testing,
demonstrations (Xy, Yy) are selected based on
P(0| X}, Yy). Training consisted of 10,000 steps
with a learning rate of le-2 and a batch size of
16. A crucial difference between CBDS and both
our method and other retriever-based approaches
is that CBDS uses a shared set of demonstrations
for all queries within a specific task. This design,
while computationally efficient, often leads to per-
formance inferior to that of retriever-based meth-
ods, which dynamically select demonstrations for
each query. This performance difference was also
observed in our reproduction experiments.


https://github.com/WANGXinyiLinda/concept-based-demonstration-selection

Implementation Details of LLM-R (Wang et al.,
2023). Following the LLM-R baseline procedure,
we first trained a reward model and then used it
for distillation to train the LLM-R model, which
uses the pretrained ES5p,se model as the initializa-
tion model. We utilized the code provided by the
authors, retraining both the reward model and the
LLM-R model while maintaining the hyperparame-
ters from the original publication. For EPR (Rubin
etal., 2021), we directly adopt the results presented
in the LLM-R paper (Wang et al., 2023).

B Details about useful samples statistics

Figure 1 illustrates the distribution of the ratio of
useful examples within demonstration pools across
the AGNews, HellaSwag, and OpenBookQA
datasets. We first identified "hard queries" de-
fined as those queries that remained answered in-
correctly by the LLM even when provided with
the top-8 demonstrations initially retrieved by the
ES5pase (Wang et al., 2022). Subsequently, for each
identified hard query, a set of 100 demonstrations
was randomly sampled without replacement from
the respective dataset’s full demonstration pool.

Each sampled demonstration was then individ-
ually assessed for its usefulness. A demonstra-
tion was considered "useful” if its concatenation
with the hard query resulted in the LLM pro-
ducing the correct answer. The Ratio of Use-
ful Examples was calculated for each query as
(Number of Useful Demonstrations/100) x 100%.
To visualize the distribution, these ratios were
binned, and the Percentage of Queries falling
within each bin was calculated as (Number of
Queries in Bin / Total Number of Hard Queries)
X 100%, where "Number of Queries in Bin" is
the count of hard queries with a ratio within that
bin’s range, and "Total Number of Hard Queries"
represents the total number of hard queries for that
dataset.

C The Limitations of Contrastive
Learning

In in-context learning, it is necessary to find demon-
strations that are truly useful for the LLM to predict
the ground truth. The goal of in-context learning is
as follows:

arg maXPM(y \ {(xkayk)}szl ,x)
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However, the objective of contrastive learning is to
minimize the following loss.

In the optimization process of contrastive learn-
ing, the objective shifts to optimizing the retriever
by comparing the similarity between different sam-
ples. Specifically, the model is trained to distin-
guish between positive samples (z*,y™) and neg-
ative samples (2, y~ ), optimizing the model by
maximizing the separation between positive and
negative samples. This method enlarges the dis-
tance between positive and negative samples in
the embedding space, which is not aligned with
in-context learning. Furthermore, it completely ig-
nores the information about the ground truth during
optimization, leading to demonstrations selected by
this method that do not improve the LLM’s ability
to predict the ground truth.

ot
es(@aty™)
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D Derivation of the Optimization
Objective

Starting from the marginal likelihood,

log Paa(Y | {(Xx, Vi) izr» X)
log/PM(Y | z,X) x
z
P(z | {(X5, Yi) Y, X) dz
we introduce an arbitrary auxiliary distribution ¢(z)

(with [ ¢(z) dz = 1) and apply Jensen’s inequality:

log Pr(Y | {(Xk, Vi) Hy, X)

=bglﬂdx

PM(Y ’ Z,X) PM(Z ’ {(kayk)}§:17X>

q(2)
Zlﬁ@X

gPMWWAXﬂ%WHHXmﬁﬂﬁpX)
q(2)

dz

lo dz

= L(q).

The quantity £(q) is the evidence lower bound
(ELBO) (Kingma, 2013). We approximate ¢(z) by
a Dirac ¢ distribution: ¢(z) = d(z — z*) which
essentially assumes that the posterior Py(z |


https://huggingface.co/intfloat/llm-retriever-base/tree/main

{(Xk, Ye)H< |, X) is highly concentrated at the
optimal latent variable z*. By the sifting property
of the Dirac 6,

/ 5(z — ) f(2) dz = f(27),

for any well-behaved function f(z).
Substituting this into the ELBO yields

L’(q)—/é(z—z*)x
Pu(Y | 2, X) Pam(z | {( Xk, Yi) Ii(:l?X) da

log

§(z — z%)
Pl |2 X) Pl (K Y )
= log 50 :

Although 6(0) is formally an infinite constant, it
does not depend on z* and can therefore be ignored
during optimization. Maximizing the ELBO then
amounts to optimizing

L(z) = —log Pm(Y | 2%, X)
—log Pm (2" | {(Xe, Yi) ey, X)

E Dataset Details
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Dataset Name | Template | Answer | Train | Test | Metric
AGNews ""{Sentence}" What is this text about? World, | *World’, 120,000 7,600 | Accuracy
Sports, Business, or Technology?", "{ Answer}" | ’Sports’,
’Business’,
"Technology’
BoolQ "{Sentencel} Can we conclude that {Sen- | 'No’, Yes’ 9,427 3,270 | Accuracy
tence2}?", "{ Answer}"
MultiRC "{Sentencel} Question: "{Sentence2}" Re- | ’No’, ’Yes’ 27,243 4,848 F1
sponse: "{Sentence3}" Does the response cor-
rectly answer the question?", "{ Answer}"
RTE "{Sentencel} Based on the paragraph above | ’Yes’, ’No’ 2,490 277 Accuracy
can we conclude that "{Sentence2}"? Yes or
No?"," Answer"
SNLI "If "{Sentencel }", does this mean that "{Sen- | ’Yes’, 549,367 9,824 Accuracy
tence2}"? Yes, No, or Maybe?", "{ Answer}" ’Maybe’,
"No’
PAWS "{Sentencel} {Sentence2} Do these sentences | 'No’, "Yes’ 49,401 8,000 | Accuracy
mean the same thing?", "{ Answer}"
QQP ""{Sentencel }" "{Sentence2}" Would you say | 'No’, "Yes’ 363,846 40,430 | Accuracy
that these questions are the same?", "{ Answer}"
Sentiment140 "{Sentence} What is the sentiment of this | ’Negative’, 1,600,000 359 Accuracy
tweet?", "{ Answer}" "Positive’
SST2 "Review: "{Sentence}" Is this movie review sen- | ’Negative’, 67,349 872 Accuracy
tence negative or positive?", "answer" "Positive’
Table 6: Classification Task Dataset Details.
Dataset Name | Template | Answer | Train | Test | Metric
Winogrande "How does the sentence end? {Sentence}", | "A’, B’ 40,398 | 1,267 | Accuracy
"{Answer}"
OpenBookQA | "{Sentencel} {Sentence2}", "{ Answer}" A, B, C, | 4,957 500 Accuracy
o
COPA ""{Sentencel}" What is the {Sentence2}?", | A’,’B’ 400 100 Accuracy
"{ Answer}"
HellaSwag "What happens next in this paragraph? {Sen- | A’, ’B’, °C’, | 39,905 | 10,042 | Accuracy
tence}", "{ Answer}" ‘D’
Table 7: Multi-choice Task Dataset Details.
Dataset Name | Template | Train | Test | Metric
AESLC "What is the subject line for this email? {Sen- 13,181 1,750 ROUGE-L
tence}", "{Label}"
Gigaword "Write a short summary for this text: {Sen- | 2,044,465 730 ROUGE-L
tence}", "{ Answer}"
SQuAD vl "Please answer a question about the following 87,599 10,570 | Exact Match
article about {Sentence}: {Sentencel} {Sen-
tence2}", "{ Answer}"
CommonGen "Concepts: {Sentence}. Write a sentence that 67,389 4,018 ROUGE-L
includes all these words.", "{ Answer}"
DART "Triple: {Sentence} What is a sentence that de- 62,659 2,768 ROUGE-L
scribes this triple?", "{ Answer}"
E2E NLG "Attributes: {Sentence}. Produce a detailed sen- 33,525 1,847 ROUGE-L
tence about this restaurant.", "{ Answer}"

Table 8: Generation Task Dataset Details.
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