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Abstract

The effectiveness of in-context learning
(ICL) varies significantly across models and
tasks, posing challenges for practitioners to
determine when ICL reliably improves per-
formance. Current evaluation approaches, re-
liant on performance changes after applying
ICL, suffer from low reliability, poor attribu-
tion, and impracticality in data-insufficient
scenarios. We propose the Learning-to-
Context Slope (LCS), a novel metric that
quantifies ICL effectiveness by modeling the
slope between learning gain (loss decrease
from demonstrations) and contextual rele-
vance (demonstration-input relevance). LCS
addresses key limitations of performance-
based metrics: (i) it captures loss changes
even when outputs are incorrect; (ii) its for-
mulation attributes ICL failures to weak con-
textual alignment or strong output calibra-
tion; (iii) it minimizes reliance on labeled
data via synthetic evaluation. Experiments
show that LCS can better reflect ICL ef-
fectiveness when performance change fails,
demonstrating its effectiveness.

1 Introduction

In-context learning (ICL) has emerged as a pop-
ular and effective paradigm for enhancing large
language modelS (LLMs) performance across di-
verse tasks, as it eliminates the need to retrain the
LLMs (Brown et al., 2020; Dong et al., 2024). By
incorporating task-specific demonstrations into the
input, ICL enables LLMs to adapt to specific tasks
and generate more accurate outputs without param-
eter updates. Recently, several existing efforts have
been made to unveil the underlying mechanisms
of ICL (Zhou et al., 2024; Edelman et al., 2024a;
Park et al., 2025) and to explore methods to further
boost ICL performance (Wang et al., 2023b; Rubin
et al., 2022; Agarwal et al., 2024).

∗Corresponding author.

However, as illustrated in Figure 1a, even with
models that have strong ICL capability, such as
Llama3.1 (Grattafiori et al., 2024), ICL fails to en-
hance performance and, in some cases, even harms
it (DeepSeek-AI et al., 2025; Huang and Wang,
2025; Zheng et al., 2025), indicating varying ICL
effectiveness across different models. This observa-
tion raises a critical question: How can practition-
ers reliably determine whether ICL is effective
for a given model on a specific task? This uncer-
tainty poses practical challenges in the real-world
deployment of ICL:
• For tasks with labeled data, practitioners often at-

tempt to evaluate ICL effectiveness by observing
performance changes after applying the selected
demonstrations during inference. However, this
approach suffers from two critical limitations. (i)
Low Reliability: Performance fluctuations may
stem from various factors, such as the quality
of the instruction and selected demonstrations,
making it difficult to isolate whether ICL itself is
ineffective. (ii) Poor Attribution: Disentangling
the impact of individual factors requires costly re-
peated evaluations, hindering actionable analysis
and insights of ICL effectiveness.

• For tasks without labeled data, there is no direct
way to assess whether adding demonstrations
for ICL actually improves outcomes during in-
ference, leaving practitioners without clues for
evaluation and improvements.
In light of these challenges, we propose a novel

metric, named Learning-to-Context Slope (LCS),
which quantifies the ICL effectiveness by captur-
ing the slope between the loss decrease by demon-
strations (learning gain) and the demonstration
relevance to the user input (contextual relevance).
Specifically, LCS is grounded in the perspective
of the loss decrease in ICL (Wang et al., 2024b;
Yang et al., 2024). For a given model and task, it
evaluates how the learning gain varies with demon-
strations of different contextual relevance. This
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Figure 1: (a) Performance change of different models (From left to right: Llama2-7b, Llama3.1-8b, Llama-
R1-8b) before and after applying ICL, where ICL exhibits varying effectiveness across different models
on the same dataset. (b) Comparisons between metrics based on exact match and loss decrease. Each dot
denotes an example instance of MATH using Llama3.1-8b with different demonstrations. Performance-
based metrics with only binary values fail to quantify the varying contributions of different demonstrations
to achieving correct results. In contrast, metrics based on loss decrease yield continuous values, enabling
better reliability on measuring ICL effectiveness. (c) The impact of the contextual alignment and output
calibration capabilities of the model on the LCS metric using Llama3.1-8b with MATH, which are two
key factors that show positive relation with the ICL effectiveness proved in this paper.

metric explicitly captures the two most important
elements in in-context learning: learning and con-
text (Dong et al., 2024). When ICL effectiveness is
high, even demonstrations with low relevance can
yield a significant loss decrease. Conversely, when
ICL effectiveness is low, the change in learning
gain with demonstration relevance is correspond-
ingly marginal during inference.

Compared to existing performance-based mea-
surement, LCS offers the following advantages: (i)
Higher Reliability: As shown in Figure 1b, even
when ICL fails to produce correct answers for user
inputs, LCS can still capture continuous changes in
model loss, providing a more reliable reflection of
ICL effectiveness. (ii) Better Attribution: LCS is
grounded in an intuitive mathematical formulation,
enabling a clearer analysis of how different factors
influence ICL effectiveness. As shown in Figure 1c,
ICL tends to be ineffective when 1) the model fails
to recognize the relevance of the demonstration to
the input (i.e., the contextual alignment capabil-
ity), or 2) the model can independently verify the
correctness of the output to the user input with-
out adding demonstrations (i.e., the output calibra-
tion capability). (iii) Reduced Reliance on Labeled
Evaluation Data: We theoretically show that LCS
derived from synthetic data is consistently lower
than that obtained from real data and empirically
identify a threshold value of LCS indicative of

effective ICL. Even in data-insufficient scenarios,
LCS still offers insights into ICL effectiveness.

Our contributions can be summarized as follows:

• We propose a novel metric, namely Learning-
to-Context Slope (LCS), to measure ICL effec-
tiveness by capturing the two most important
elements in ICL: the learning gain and the con-
textual relevance of the demonstrations.

• To validate the effectiveness of LCS, we con-
duct extensive experiments on eight mainstream
datasets covering mathematics, code, reasoning,
and domain-specific tasks (e.g., finance and e-
commerce). The results validate a strong positive
correlation between LCS and task performance
improvements in scenarios where abundant la-
beled data enables reliable performance-based
evaluation. When labeled data exhibits inher-
ent biases that distort performance-based metrics,
LCS consistently reflects true ICL effectiveness,
underscoring its reliability. Even without labeled
data, LCS provides actionable insights into ICL
effectiveness by leveraging synthetic data.

• Further analysis identifies two key factors in
LLMs that hinder ICL effectiveness: 1) weak
contextual alignment capability to adapt inputs
to task-specific demonstrations, and 2) strong out-
put calibration capability to independently verify
the correctness of outputs.
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2 LCS: Learning-to-Context Slope

We introduce a novel metric named Learning-to-
Context Slope (LCS) to measure the ICL effec-
tiveness. First, we interpret the ICL effectiveness
by measuring the decrease in loss brought about
by using demonstrations based on the Bayesian
model (§ 2.1). Then, we present our LCS metric
to measure the ICL effectiveness by connecting
the loss decrease with the contextual relevance of
demonstrations (§ 2.2). Next, we describe how to
calculate LCS in practice (§ 2.3). Based on LCS,
we discuss two main factors that influence the ICL
effectiveness (§ 2.4). Finally, we discuss the rela-
tionship between the metric using synthetic data
and real data, aiding the application under the data-
insufficient scenario (§ 2.5). We discuss why the
input order does not affect the conclusion of this
paper in § 3.2.5 and Appendix C.2.

2.1 Interpreting ICL Effectiveness via Loss
Decrease

Motivated by previous studies (Wang et al., 2024b;
Yang et al., 2024), we interpret the ICL effective-
ness of a given predictive distribution p with the pa-
rameter θ on a specific task C = (Q,X,D) through
the loss decrease brought by demonstrations. Here,
Q denotes the user input, X represents the labeled
output corresponding to Q, and D denotes the
demonstration, which are random variables in the
sampling spaces Q, X , and D, respectively. Given
demonstrations, the generation loss decrease, i.e.,
negative log-likelihood, is defined as:

∆Lθ(X|Q;D)

= Lθ(X|Q)− Lθ(X|Q;D)

= log p(X|Q;D)− log p(X|Q).

(1)

In this paper, the semicolon in p(A|B;C) indicates
that both B and C are used as conditions rather than
specifying a particular input order in the prompt.
We use the same notation for all conditional proba-
bilities involved in the derivation and the empirical
calculation in the following.

The effectiveness of ICL is reflected by how
much the demonstrations reduce the loss of gener-
ating the labeled output:

Lθ(X|Q;D) = Lθ(X|Q)−∆Lθ(X|Q;D) (2)

∆Lθ(X|Q;D) measures the improvement ob-
tained by providing D over the zero-shot setting.

Based on the Bayesian model (Zhang et al., 2025;
Jesson et al., 2025), the loss can be decomposed as:

Lθ(X|Q;D) =

Lθ(X|Q)− (log p(D|Q;X)− log p(D|Q)),

(3)

where Lθ(X|Q) represents the loss of zero-shot
generation without demonstrations, which is fixed
given the model and task. The proof of Equation 3
is presented in Appendix A.1. Equation 3 shows
that the demonstration-dependent part of the loss
decrease is log p(D|Q;X)− log p(D|Q).

It is important to clarify the operational meaning
of conditionals such as p(D|Q) and p(D|Q;X).
They do not indicate that the model will generate
a demonstration during deployment. Instead, they
are model-based compatibility scores computed by
likelihood scoring: p(D|Q) measures how com-
patible the demonstration D is with the user in-
put Q, while p(D|Q;X) measures how compatible
the same demonstration becomes when the labeled
output X is also provided as a condition. There-
fore, log p(D|Q;X)− log p(D|Q) measures how
much the labeled output helps the model identify
the given demonstration as relevant to the input.
Through Equation 3, this reverse likelihood differ-
ence is equivalent to the loss reduction obtained
when the demonstration is provided.

2.2 Metric of ICL Effectiveness: LCS

To connect the loss decrease in Equation 3 with
the effect of contextual evidence, we define two
probability-scale quantities. We emphasize that
the following names describe the operational roles
of these quantities; the arrow notation only indi-
cates which variable is added to the condition and
whose likelihood is evaluated, rather than a causal
or generation direction.

First, we define the Learning Gain as

Ip(X → D|Q) = p(D|Q;X)− p(D|Q).

Although this quantity is expressed through a re-
verse conditional, it serves as a probability-scale
proxy for the demonstration-induced loss reduc-
tion: its logarithmic counterpart, log p(D|Q;X)−
log p(D|Q), is exactly the decrease in the genera-
tion loss of X caused by introducing D, as shown
in Equation 3. Thus, “Learning Gain” refers to its
role as a proxy for loss reduction, rather than to the
direction of generation.
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Second, we define the Contextual Relevance as

Ip(D → X|Q) = p(X|Q;D)− p(X|Q).

This quantity measures how much conditioning on
the demonstration D increases the model’s support
for the labeled output X . Here, “relevance” refers
to the usefulness of D as contextual evidence for
inferring X , rather than merely lexical or semantic
similarity between D and Q.

The goal of LCS is to measure the ICL effec-
tiveness of a given model on a given task, namely
the extent to which providing demonstrations can
improve the model beyond the zero-shot setting.
This goal is different from evaluating the effec-
tiveness of a particular selected demonstration set.
A performance metric such as accuracy or exact
match under one prompt can only show whether
the model answers correctly with those specific
demonstrations. It cannot distinguish whether poor
performance is caused by the model-task pair hav-
ing little potential to benefit from demonstrations
or by the selected demonstrations failing to pro-
vide sufficiently relevant context. In contrast, LCS
evaluates whether the learning gain systematically
increases as demonstrations become more contex-
tually relevant. Thus, LCS is designed to guide
whether demonstrations are worth providing for
the given model and task during inference, while
performance metrics evaluate the realized effect of
a particular demonstration configuration.

Based on this motivation, if ICL is effective
for a given model and task, demonstrations that
provide more contextual relevance should induce
larger learning gains. Conversely, when the ICL
effectiveness is low, increasing the contextual rele-
vance of the demonstrations brings only marginal
changes in learning gain. We have that the learning
gain Ip(X → D|Q) and the contextual relevance
Ip(D → X|Q) satisfy the following theorem:
Theorem 1 (Linear Relation between Learning
Gain and Contextual Relevance).

Ip(X → D|Q) =
p(D|Q)

p(X|Q)
Ip(D → X|Q)

The proof of Theorem 1 is presented in Ap-
pendix A.2. According to the theorem, learning
gain and contextual relevance are positively corre-
lated with a certain slope. A larger slope indicates
a greater decrease in loss when increasing the infor-
mation relevant to the user question of the demon-
strations, thereby making ICL more effective. We

use this slope to measure ICL effectiveness and call
it the Learning-to-Context Slope (LCS).

Based on Theorem 1, it can be observed that
there are two main factors influencing the ICL ef-
fectiveness during inference: the contextual align-
ment capability that learns the question-relevant
information from the demonstrations (p̂(D|Q))
and the output calibration capability that verifies
the correctness of the output for the given input
(p̂(X|Q)). Therefore, given a specific model and
task, the reasons for poor ICL effectiveness can
be attributed to two aspects: (i) Low Contextual
Alignment Ability p̂(D|Q): The model fails to ade-
quately comprehend the task-relevant information
in the provided demonstrations. (ii) High Output
Calibration Capability p̂(X|Q): The model pos-
sesses a strong inherent ability to verify the in-
put consistency with the given output, leaving less
room for demonstrations to further reduce the gen-
eration loss. We further discuss the meaning of
the contextual alignment capability and the output
calibration ability in detail in § 2.4.

2.3 Calculation of LCS
In this part, we discuss the calculation of LCS.
In practice, let p̂ represent the empirical probabil-
ity distribution and C = (qi, xi, di)n be the sam-
pling on C. The calculation of LCS consists of two
steps: reasoning process paraphrasing and likeli-
hood calculation. The detailed prompts used for
paraphrasing and synthesis of LCS are provided
in Appendix B.2, and additional implementation
details are provided in Appendix B.1.

Reasoning process paraphrasing For tasks that
contain human-labeled reasoning processes, di-
rectly scoring the original reasoning process may
introduce format-induced bias, because the human-
written reasoning format may differ from the for-
mat preferred by the model. This issue is espe-
cially relevant for models with distinctive reason-
ing styles, such as the “<think >” tag of Llama-R1
(DeepSeek-AI et al., 2025). To reduce this con-
founding factor, for each data instance and demon-
stration, we input the question, answer, and human-
labeled reasoning process if available, and ask the
model to rephrase the output using its preferred rea-
soning style. The paraphrased result is then used
for the following likelihood calculation.

Likelihood calculation For a conditional prob-
ability p̂(A|B), we treat B as the input context
and A as the target output. We format B and A
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with the corresponding model chat template, feed
the formatted string into the model, and compute
the likelihood of the tokens belonging to A under
teacher forcing. Specifically, if A = (a1, . . . , a|A|),
we calculate the length-normalized likelihood as:

p̂(A|B) = exp

 1

|A|

|A|∑
j=1

log pθ(aj |B; a<j)

 ,

(4)
where length normalization is applied to reduce the
influence of sequence length (Dai et al., 2019). This
procedure is used to compute all conditional prob-
abilities involved in LCS, including p̂(di|qi;xi),
p̂(di|qi), p̂(xi|qi; di), and p̂(xi|qi).

Slope fitting For each sampled triple (qi, xi, di),
we compute the empirical learning gain and con-
textual relevance as:

si = Ip̂(xi → di|qi), ti = Ip̂(di → xi|qi).

Based on these empirical quantities, we calculate
the slope of Theorem 1 (rp̂) on C using the least
squares method (Wang et al., 2018):

rp̂ =

∑n
i=1(ti − t̄)(si − s̄)∑n

i=1(ti − t̄)2
,where

s̄ =
1

n

n∑
i=1

si, t̄ =
1

n

n∑
i=1

ti.

(5)

We use rp̂ as the value of LCS. It should be no-
ticed that although rp = p(D|Q)

p(X|Q) in Theorem 1,
considering that p̂ has the error compared with p,
rp̂ ̸= p̂(D|Q)

p̂(X|Q) . In Appendix A.3, we discuss the
impact of error and prove that the impact of the
error on rp̂ is less than p̂(D|Q)

p̂(X|Q) .

2.4 The Factors that Affect ICL Effectiveness

Following the discussion of § 2.2, in this section,
we delve deeper into the factors that influence
the ICL effectiveness, specifically the meaning of
p̂(D|Q) and p̂(X|Q). Our primary focus is on dif-
ferent predictors p̂1 and p̂2 applied to the same
data. Here, X denotes the labeled output provided
by the dataset, and D denotes the demonstration
selected by the evaluation protocol. Thus, the fol-
lowing discussion does not assume that X must
be the model’s most likely output or that D must
be generated by the model. Instead, we examine
whether the model assigns high probability to the
given task-relevant output and demonstration.

Contextual Alignment Capability p̂(D|Q) If
p̂1(D|Q) ≥ p̂2(D|Q), it indicates that p̂1 has a
stronger ability to judge the relevance of the given
demonstration to the question compared to p̂2,
showing that p̂1 is a better demonstration scorer.
From the perspective of demonstrations, this means
that p̂1 is better at understanding the information in
the demonstration and determining its relationship
with the user question Q, reflecting that p̂1 has a
stronger contextual alignment capability than p̂2.

It is worth noting that while both p̂(D|Q) and
Ip(D → X|Q) measure the consistency between
the demonstration and the user input to some extent,
their fundamental perspectives differ. Ip(D →
X|Q) primarily focuses on the data perspective,
measuring whether the demonstration provides use-
ful contextual evidence for inferring the labeled out-
put. In contrast, p̂(D|Q) primarily focuses on the
model perspective, observing whether the model
can recognize the relationship between the input
and the demonstration during likelihood scoring.

Output Calibration Capability p̂(X|Q) If
p̂1(X|Q) ≥ p̂2(X|Q), it implies that p̂1 has a
stronger ability to judge the correct answer com-
pared to p̂2, meaning that p̂1 is a better answer
scorer. It should be noted that p̂(X|Q) does not
directly reflect the model ability to solve the given
question. This is because the model generates an-
swers using greedy decoding, which means the gen-
erated answer could not be the one with the highest
likelihood. Rather, p̂(X|Q) represents the score
the model assigns to a given answer, reflecting the
model ability to assess the consistency between the
answer and the given question. When p̂(X|Q) is
already high, the model may have strong output
calibration in the zero-shot setting, and the addi-
tional room for demonstrations to reduce the loss
is limited, leading to low ICL effectiveness.

2.5 ICL Effectiveness without Labeling

Since the calculation of LCS in § 2.3 relies on
labeled data, its application to new tasks in data-
insufficient scenarios is limited. Prior work has
shown that the resource requirements for obtain-
ing task questions are lower than those for obtain-
ing the labels (Shen et al., 2019; Tan et al., 2024).
Therefore, in this section, we discuss the relation-
ship between LCS and synthetic data and real data
when only unlabeled task inputs are available.

Theorem 2. Let D̂,D∗ denote two demonstrations
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satisfying that, for all X ∼ X and Q ∼ Q:

p̂(D̂ | Q;X) ≤ p̂(D∗ | Q;X).

The above condition means that demonstration D∗

is better than D̂ in helping to generate the correct
answer. Let X̂ denote the model-predicted output
used with D̂, and X∗ denote the labeled output
used with D∗. Then, we can derive that:

p̂(D̂|Q)

p̂(X̂|Q)
≤ p̂(D∗|Q)

p̂(X∗|Q)

The conclusion about ICL in Theorem 2 sug-
gests that the more demonstrations that can help
the model make correct predictions, the larger the
corresponding derived LCS we present. Consider-
ing that previous work has shown that the quality
of synthesized data is generally lower than that
of annotated data (Ashok and May, 2025; Gulati
et al., 2023), we can consider D̂ as a synthesized
demonstration and D∗ as an annotated demonstra-
tion. Therefore, we can observe that LCS fitted
with synthetic data is consistently smaller than
that using real data. Consequently, while fitting
synthetic data can reflect ICL effectiveness to some
extent, albeit conservatively, the resulting effective-
ness estimate is lower than that for the real data.

3 Experiment

In this section, we empirically investigate three re-
search questions regarding the effectiveness of ICL:
RQ1. How can we reliably evaluate the ICL effec-
tiveness? RQ2. How do different factors influence
the ICL effectiveness? RQ3. Can synthetic data
accurately reflect the ICL effectiveness?

3.1 Experiment Setup
Dataset We conduct experiments on four main-
stream tasks spanning diverse capabilities and
domains across representative benchmark eval-
uation settings: math (GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021)), code
(HumanEval (Chen et al., 2021a), MBPP (Austin
et al., 2021)), reasoning (ARC-Challenge (Yadav
et al., 2019), MMLU-Pro (Wang et al., 2024d)),
and domain-specific (FinQA (Chen et al., 2021b),
Amazon Review (Ni et al., 2019)). For datasets of
math, reasoning, and domain-specific knowledge,
we use Exact Match (EM) (Cobbe et al., 2021) as
the evaluation metric. For the code datasets, we
use Pass@1 (Chen et al., 2021a) as the metric.

−0.5 0 0.5 1

−5

0

5

10

LCS

∆

Figure 2: The performance improvement ∆
brought by ICL (y-axis) with different LCS (x-
axis) on different models and datasets. The solid
line in the graph represents the fitted line for all
data points. The Pearson coefficient is 0.737.

Model We conduct our experiments on 8 main-
stream LLMs, which cover different ICL capabili-
ties to fully evaluate whether our metric can reflect
the ICL effectiveness. We discuss how to adapt
LCS to black-box LLMs in Appendix D.2.

Implementation Details We evaluate the ICL
performance on all datasets under 0-shot and 1-
shot settings with a CoT-style prompt, using BM25
to select the demonstrations for each user input.
We also discuss the performance and ICL effec-
tiveness under different shots in §3.3.3. Following
(DeepSeek-AI et al., 2025), we set the sample num-
ber to 1 and the maximum generation length to
32, 768. Our experiments are conducted on a sin-
gle A100-80G, with an average computation time
of approximately 20 minutes for each dataset and
model. All our experiments are based on Trans-
formers (Wolf et al., 2020) and vLLM (Kwon et al.,
2023). These settings ensure a fair comparison
across models while preserving practical efficiency
and reproducibility.

3.2 RQ1. How to Reliably Evaluate ICL
Effectiveness?

To prove that LCS is a better metric than perfor-
mance change for reflecting the ICL effectiveness,
our main experiment includes two parts from the
perspective of whether performance change can in-
dicate effectiveness: (i) In §3.2.1, we evaluate that
when performance changes can reflect the effective-
ness of ICL, where LCS can also reflect the ICL
effectiveness. (ii) In §3.2.2, we present that LCS
can still reflect the ICL effectiveness, even when
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Dataset Llama2-7b Llama3.1-8b Llama-R1-8b Llama3.1-70b Ministral-8b Qwen2.5-7b Qwen3-8b Qwen3.5-35b-A3B
∆ LCS ∆ LCS ∆ LCS ∆ LCS ∆ LCS ∆ LCS ∆ LCS ∆ LCS

GSM8K +10.0±0.7 0.32±0.04 −1.8±0.6 0.07±0.03 −6.0±0.8 0.05±0.03 −0.9±0.5 0.05±0.03 +0.6±0.5 0.14±0.04 −0.4±0.5 0.08±0.03 −1.1±0.5 0.03±0.03 −0.6±0.4 −0.02±0.02
MATH +9.6±1.1 1.03±0.07 +2.4±0.8 0.34±0.06 −1.2±0.8 0.09±0.06 −3.6±0.9 −0.13±0.06 −1.8±0.9 0.04±0.06 +2.2±0.9 0.81±0.06 −1.4±0.9 −0.21±0.06 −0.8±0.8 −0.05±0.05
HumanEval −0.6±2.1 0.07±0.08 −2.5±2.3 0.10±0.08 −3.0±2.4 −0.11±0.08 −1.1±2.0 0.04±0.07 −0.8±2.1 0.06±0.07 −1.0±2.1 0.05±0.08 −1.3±2.0 0.02±0.07 −0.7±1.8 −0.03±0.06
MBPP −0.5±1.3 0.05±0.05 +0.8±1.2 0.15±0.05 −6.4±1.4 0.07±0.06 +0.3±1.0 0.09±0.05 +0.4±1.1 0.11±0.05 +0.2±1.1 0.12±0.05 −0.6±1.0 0.05±0.05 −0.4±0.9 0.01±0.04
ARC-C +11.6±0.7 0.74±0.04 −1.9±0.7 −0.54±0.04 −0.3±0.7 0.08±0.04 −0.7±0.6 0.06±0.03 +0.6±0.7 0.14±0.04 +0.5±0.7 0.17±0.04 −0.3±0.6 0.09±0.04 −0.4±0.5 0.02±0.03
MMLU-Pro +5.5±0.7 0.64±0.05 +2.6±0.7 0.52±0.05 −5.5±0.8 −0.04±0.05 +0.6±0.6 0.16±0.04 +0.7±0.6 0.16±0.04 +0.8±0.6 0.18±0.04 +0.4±0.6 0.12±0.04 −0.5±0.5 −0.01±0.03
FinQA +7.3±0.6 0.63±0.04 +4.9±0.6 0.82±0.04 −1.8±0.7 0.04±0.04 +7.6±0.6 0.77±0.04 +4.8±0.7 0.71±0.04 +4.9±0.6 0.29±0.04 +6.7±0.6 0.53±0.04 +0.4±0.5 0.11±0.04
Amazon +0.5±2.4 0.07±0.09 +5.0±2.5 0.94±0.10 +11.8±2.7 0.37±0.08 +16.0±2.5 0.79±0.09 +4.0±2.2 0.69±0.09 +27.0±2.4 0.42±0.10 −1.0±2.4 0.03±0.08 +0.2±1.8 0.08±0.08

Table 1: Result across different models and datasets averaged on 5 runs. ∆ denotes the performance
change of 1-shot using ICL compared to 0-shot. ARC-C denotes ARC-Challenge and Amazon denotes
Amazon Review. Results in green indicate a significant improvement with ICL, while those in red indicate
improvement less than 1.0 or LCS < 0.2. Detailed performance is in Appendix D.1.

the demonstrations do not lead to improvements.
First, we discuss that LCS can accurately reflect

the effectiveness of ICL. Subsequently, we provide
experimental evidence demonstrating that perfor-
mance improvement is insufficient to accurately re-
flect the ICL effectiveness. In addition, we present
that LCS can reflect the performance improvement
brought by ICL to a certain extent. We further ex-
amine the feasibility of applying LCS to black-box
LLMs using a sampling-based pseudo-likelihood
estimator, which is shown in Appendix D.2.

3.2.1 LCS Reliably Reflects the ICL
Effectiveness

According to the main experimental results shown
in Table 1, settings with significant performance
improvements after using ICL (∆ ≥ 1.0) are highly
consistent with settings where LCS is large, espe-
cially those where LCS > 0.2. In contrast, settings
with insignificant or negative performance changes
generally correspond to small LCS values. This
demonstrates that, in cases where performance
improvement can serve as a reliable indicator of
ICL effectiveness, LCS also accurately reflects
whether providing demonstrations is beneficial
for the given model and task. Notably, perfor-
mance metrics such as EM or accuracy only mea-
sure the realized effect of a particular demonstra-
tion configuration, whereas LCS aims to measure
the extent to which the model can benefit from
demonstrations on the given task. Therefore, the
consistency between ∆ and LCS in Table 1 sup-
ports the reliability of LCS as a task-level indicator
of ICL effectiveness. Besides, there are several
observations that follow:

The ICL effectiveness is independent of
dataset difficulty. For Llama2-7b, ICL is effective
on the MATH dataset but fails on the easier Ama-
zon Review dataset. Conversely, for Llama-R1-8b,
ICL is ineffective on MATH but performs well on

Amazon Review. This discrepancy arises because,
for more difficult datasets, the model struggles to
comprehend the relationships between demonstra-
tions, answers, and user questions, leading to a
decline in both the ICL ability and the answer
verification ability. Consequently, it is uncertain
whether LCS increases or decreases on more diffi-
cult datasets, supporting that ICL effectiveness is
irrelevant to the difficulty of the dataset.

The ICL effectiveness is independent of model
capability. In Amazon Review, LLMs with high
capability like Llama-R1-8b demonstrates a sig-
nificant improvement with ICL, whereas the less
capable Llama2-7b does not exhibit a noticeable
performance improvement. This discrepancy arises
because, as the model capability increases, both the
contextual alignment capability and the output cali-
bration capability increase simultaneously, making
it uncertain whether LCS rises or falls. Conse-
quently, the final trajectory of LCS is determined
by the specific interplay and relative growth rates of
these two competing factors, rather than following
a strict linear correlation with model scale.

The performance improvement brought by
ICL is positively related to LCS. To better eval-
uate whether LCS effectively reflects the efficacy
of ICL, we analyze the performance improvement
with different LCS, as illustrated in Figure 2. A
high LCS suggests that the model achieves higher
learning gain as the contextual relevance increases,
demonstrating that LLMs learn how to solve the
task from the demonstrations, thereby improving
performance. In contrast, a low LCS indicates that
the learning gain from the demonstrations remains
relatively constant regardless of the contextual rel-
evance, implying limited learning from the demon-
strations. Notably, the relationship between the
change in EM and LCS is not strictly linear. Since
the factors influencing EM are complex and diffi-
cult to formalize, in this paper, we only conclude
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that LCS is positively correlated with the change
in EM. We also discuss the empirical threshold of
the ICL effectiveness using LCS in Appendix C.1
to guide the real application.

3.2.2 The Performance Change Cannot
Reflect the ICL Effectiveness

In §3.1, we assume that whether performance im-
proves or not genuinely reflects the ICL effective-
ness. However, in practical applications, the quality
of demonstrations or instructions can impact per-
formance, causing no performance improvement
even for models and tasks where ICL is effective.
To demonstrate that LCS can still reflect the ICL
effectiveness even when performance does not im-
prove, we plot rp̂ on the bad cases after using ICL,
as shown in Figure 3. It can be observed that: (i)
On subsets where EM is uninformative by construc-
tion, LCS still detects whether demonstrations in-
duce systematic likelihood changes, which does not
imply that the model is deployment-ready but iden-
tifies a latent learning signal that accuracy cannot
distinguish. (ii) LCS has higher reliability, unlike
performance, which is susceptible to factors like
the instructions, as it directly evaluates p(X|Y ) by
using Y as input and X as output without relying
on instructions (Appendix B.1), thus providing a
more faithful reflection of the ICL effectiveness.

This micro-level distinction is illustrated partic-
ularly clearly in Figure 3. The bad-case subsets of
both GSM8K and Amazon have the same observed
performance change (∆ = 0), and are therefore in-
distinguishable using performance alone. However,
their LCS values differ substantially (0.06 versus
1.06), revealing qualitatively different responses
to contextual evidence. This illustrates the main
diagnostic advantage of LCS: it preserves graded
likelihood-level information even when discrete
performance metrics collapse different cases to the
same outcome.

3.2.3 LCS Outperforms Other Likelihood
Baselines

Since LCS is derived from the decrease in loss
brought by demonstrations, a natural question is
whether it provides additional information beyond
standard likelihood-based metrics. To answer this
question, we compare LCS with three represen-
tative baselines: ∆NLL, which measures the re-
duction in the negative log-likelihood of the gold
answer after adding demonstrations; ∆PPL, which
measures the corresponding reduction in perplex-

Metric ρ∆Perf ↑ CV ↓

∆NLL 0.61 0.34
∆PPL 0.53 0.47
∆CE 0.66 0.29
Influence 0.60 0.36

LCS 0.87 0.18

Table 2: Comparison between LCS and likelihood-
based baselines. ∆NLL, ∆PPL, and ∆CE denote
the reductions in negative log-likelihood, perplex-
ity, and cross-entropy of the gold answer after
adding demonstrations, respectively. Influence cor-
responds to the baseline in Table 3. Spearman
ρ∆Perf measures correlation with actual ICL per-
formance improvement, and CV measures variation
across prompt templates or demonstration seeds.

ity; and ∆CE, which measures the reduction in
token-level cross-entropy. These baselines directly
quantify whether a demonstration improves the
likelihood of the target answer, while LCS further
measures whether such a learning gain changes sys-
tematically with the contextual relevance of demon-
strations across varied tasks and settings.

As shown in Table 2, LCS achieves the high-
est correlation with actual ICL performance im-
provement, with a Spearman correlation of 0.87,
substantially outperforming ∆NLL (0.61), ∆PPL
(0.53), and ∆CE (0.66). This result indicates that
LCS is more predictive of when ICL leads to ob-
servable performance gains. Moreover, LCS also
obtains the lowest CV (0.18), compared with 0.34,
0.47, and 0.29 for ∆NLL, ∆PPL, and ∆CE, re-
spectively. This suggests that LCS is less sensi-
tive to prompt templates and demonstration seeds.
Overall, these results show that LCS is not merely
a re-parameterization of likelihood reduction. In-
stead, by explicitly modeling the relationship be-
tween contextual relevance and learning gain, LCS
provides a more predictive and robust diagnostic
signal for evaluating ICL effectiveness.

3.2.4 The Learning Gain is a Good Metric for
Demonstration Selection

Enhancing ICL performance has been a topic of
significant interest. Although this paper does not
primarily focus on improving ICL performance,
the discussions in §3.2.1 reveal several potential av-
enues for improvement. We observe that while
there is a general positive correlation between
the decrease in loss and the information learned
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(a) All Cases, ∆ = −1.8, LCS = 0.07. (b) Bad Cases, ∆ = +0.0, LCS = 0.06.

(c) All Cases, ∆ = +5.0, LCS = 0.94. (d) Bad Cases, ∆ = +0.0, LCS = 1.06.

Figure 3: The change between contextual relevance and learning gain of using Llama3.1-8b on GSM8K
and Amazon under the full set and the bad cases of ICL. Each point denotes the result of one instance. ∆
denotes the performance change of ICL compared with zero-shot.

Method GSM8K MATH HumanEval MBPP ARC-C MMLU-Pro FinQA Amazon

Zero-Shot 86.4 48.4 65.9 54.8 82.1 50.4 49.7 63.5
BM25 84.2 50.8 63.4 55.6 80.2 53.0 54.6 68.5
GTR 82.1 50.8 63.4 55.8 80.5 53.5 55.0 68.5
Influence 83.9 51.0 64.6 55.3 81.3 52.4 54.6 69.5
IDS 85.3 50.4 64.0 55.6 82.4 52.4 54.6 68.0

Ours 86.4 51.2 65.9 56.1 82.5 54.3 55.1 70.0

Table 3: Performance of different demonstration
selection methods using Llama3.1-8b. Baselines
include BM25 (Robertson and Zaragoza, 2009),
GTR (Luo et al., 2023), Influence (Nguyen and
Wong, 2023), and IDS (Qin et al., 2024). The best
performance of each setting is marked in bold.

from demonstrations, there also exist cases where
demonstrations with rich information yield a low
decrease in loss. To address this, we propose a
method that first generates a preliminary answer X̂
for the user question and then selects the demon-
strations with a high learning gain. As shown
in Table 3, our method outperforms other base-
lines, demonstrating the effectiveness of the LCS-
based method. This indicates that, compared to
surface-level lexical matching, selecting demonstra-
tions based on estimated information gain aligns

more closely with the model’s underlying inference
mechanism. In addition, on the datasets with low
ICL effectiveness (e.g., GSM8K, ARC-Challenge),
no method brings significant improvement, which
is consistent with our conclusion in §3.2.1. It is
worth noting that the method proposed in this sec-
tion is mainly intended to validate the correctness
of our theoretical analysis and to provide guidance
for practical applications, rather than to introduce
a new state-of-the-art method. Therefore, we leave
more significant performance improvements and
efficiency enhancements to future work.

3.2.5 Sensitivity of LCS to Prompt Order

Considering the discussion in Appendix C.2, in
this section, we evaluate whether LCS is robust to
prompt ordering by comparing the original prompt
format with a swapped format that exchanges the
positions of the demonstration and the user ques-
tion. We keep the model, dataset, retrieved demon-
stration, and decoding setup unchanged, and only
modify the prompt order. The goal is to test
whether the practical usefulness of LCS depends
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Dataset Original Swapped
∆ LCS ∆ LCS

GSM8K −1.8 0.07 −1.4 0.10
Amazon +5.0 0.94 +4.3 0.92
ARC-C −1.9 −0.54 −1.0 −0.52

Table 4: The performance of different prompt or-
ders with Llama3.1-8b. We compare the origi-
nal prompt format (Demo → Question) and the
swapped format (Question → Demo).

Contextual Alignment Output Calibration LCS
0

0.2

0.4

0.6

0.8

1

0.44
0.35 0.32

0.13

0.37

0.07

0.57
0.65

0.07

0.72
0.66

0.94

GSM8K, Llama2 GSM8K, Llama3.1

Amazon, Llama2 Amazon, Llama3.1

Figure 4: The average of the contextual align-
ment capability (p̂(D|Q)), the output calibration
capability (p̂(X|Q)) and LCS of Llama2-7b and
Llama3.1-8b on GSM8K and Amazon Review.

critically on the idealized order-invariance assump-
tion. Table 4 shows that swapping the prompt or-
der changes the absolute values of ∆ and LCS to
some extent, but the overall qualitative pattern is
largely preserved. In particular, strong-positive,
near-zero, and negative-LCS settings remain in
the same regime after the swap. This suggests
that, although auto-regressive LLMs are not strictly
order-invariant, LCS is relatively stable under this
prompt perturbation. Therefore, its practical value
does not rely on a single prompt template, provid-
ing empirical support for using LCS as a robust
effectiveness signal of ICL.

3.3 RQ2. How Do Different Factors Influence
the ICL Effectiveness?

3.3.1 The Main Factors that Influence the ICL
Effectiveness

In §2.2, we discuss the main factors influencing the
ICL effectiveness, including the contextual align-
ment capability (p̂(D|Q)) and the output calibra-
tion capability (p̂(X|Q)). In this section, we con-
duct experiments to analyze these conclusions fur-
ther. We calculate the average values of p̂(D|Q)
and p̂(X|Q) with Llama2-7b and Llama3.1-8b on

GSM8K

MATH

HumanEval

MBPP

ARC-C

MMLU-Pro

FinQA

Amazon

Llama2

Llama3.1
Llama-R1

Figure 5: The intercept of the fitted line obtained
with Equation 5 on each dataset and each model.

GSM8K and Amazon Review, as shown in Figure 4.
From the figure, we can observe the following: (i)
The results of Llama2-7b on Amazon Review indi-
cate that the model is unable to effectively learn the
information relevant to the user input from the pro-
vided demonstration D, i.e., the contextual align-
ment capability is low, which leads to poor ICL
effectiveness; (ii) The results of Llama3.1-8b on
GSM8K show that although the ICL ability of the
model is high, the model can accurately assess the
relationship between input and output, i.e., the out-
put calibration capability also diminishes the ICL
effectiveness; (iii) LCS is not equal to p̂(D|Q)

p̂(X|Q) , due
to the error between p and p̂, where we discuss how
errors affect LCS in detail in Appendix A.3.

3.3.2 It is Harder for ICL to Improve the
Learning Gain on Stronger Model

Apart from the slope, the intercept of the fitted line
obtained in Equation 5 also reflects the effective-
ness of ICL under different settings. Therefore, we
present the intercept under different datasets and
models, which is shown in Figure 5. From the fig-
ure, we observe that as model capacity increases,
the corresponding intercepts decrease, indicating
that: (i) From the perspective of the learning gain,
the intercept reflects the overall magnitude of learn-
ing gain attributed to demonstrations for a given
model and task, where a smaller intercept suggests
less learning gain. (ii) From the perspective of er-
ror estimation (Appendix A.3), a smaller intercept
implies a smaller discrepancy between p and p̂,
meaning that the empirical predictor more closely
approximates the oracle predictor. In summary, as
model capacity increases, model predictions be-
come more aligned with the oracle predictor, but
the overall learning gain from demonstrations also
diminishes. This inspires future work to further
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Dataset Type Llama2-7b Llama3.1-8b Llama-R1-8b
∆ LCS ∆ LCS ∆ LCS

MATH Labeled +9.6 1.03 +2.4 0.34 −1.2 0.09
Synthetic +6.0 0.75 +1.3 0.26 −1.8 0.05

ARC-C Labeled +11.6 0.74 −1.9 −0.54 −0.3 0.08
Synthetic +8.2 0.53 −1.5 −0.56 −0.2 0.06

MMLU-Pro Labeled +5.5 0.64 +2.6 0.52 −5.5 −0.04
Synthetic +3.6 0.33 +2.0 0.32 −4.0 −0.12

Amazon Labeled +0.5 0.07 +5.0 0.94 +11.8 0.37
Synthetic +0.0 0.0 +4.0 0.42 +9.0 0.25

Table 5: Performance change (∆) and LCS using
human-labeled and synthetic demonstrations. Re-
sults in green indicate a significant improvement
with ICL, while those in red indicate improvement
less than 1.0 or LCS < 0.2.
investigate the mechanisms behind this diminish-
ing marginal gain, thereby providing theoretical
guidance for designing efficient ICL for LLMs.

3.3.3 More Shots Improve the ICL
performance but not Effectiveness

To observe the differences in the ICL effectiveness
under varying shot numbers, we conduct experi-
ments with different shot numbers. Since Theo-
rem 1 can calculate the influence of only a single
demonstration, we divide the k-shot into k data
points to calculate LCS. The experimental results
are shown in Figure 6. From the figure, we can
observe that: (i) As the number of shots increases,
the overall performance change shows an upward
trend. However, LCS does not generally increase
or decrease with the number of shots but rather
exhibits some degree of fluctuation. This is be-
cause the value of LCS is related to the inherent
ICL effectiveness on a given model and dataset,
while increasing the shot number cannot affect the
ICL effectiveness. (ii) Relatively, the fluctuation of
LCS gradually decreases as the number of shots
increases. As discussed in Appendix A.3, increas-
ing the number of shots can reduce computational
errors, making the calculated result of LCS more
stable and a more accurate reflection of the ICL
effectiveness. Consequently, these findings suggest
that future work utilizing LCS should prioritize
multi-shot settings to mitigate estimation variance,
thereby ensuring a more robust and accurate assess-
ment of intrinsic ICL effectiveness.

3.4 RQ3. Can Synthetic Data Accurately
Reflect the ICL Effectiveness?

To verify the conclusions regarding the synthetic
data presented in §2.5, we conduct experiments to
calculate LCS using synthetic data. During synthe-

sis, we follow the procedure in Wang et al. (2025b)
by inputting the task definition to generate corre-
sponding demonstrations. In each iteration, we
provide the model with the task definition and the
synthetic results from the previous iteration (empty
in the first iteration), asking the model to generate
demonstrations. The prompt we used is shown in
Appendix B.2. We set the temperature to 0.9 and
top_p to 0.9, sampling 8 demonstrations per iter-
ation. A multi-round iterative process is used to
ensure the diversity and quality of the synthesized
demonstrations. Considering the computational re-
source limit, we only conduct experiments on four
datasets, which are shown in Table 5. From the
table, we observe the following: (i) The trend of
LCS using synthetic data is consistent with that
derived from labeled data, showing that synthetic
data tracks the same qualitative trend of ICL effec-
tiveness in the evaluated settings. (ii) Compared
to labeled data, the values of LCS obtained from
synthetic data are smaller, which supports the con-
clusion of Theorem 2 and further indicates that
our theoretical analysis remains broadly applicable
under practical synthetic demonstration scenarios.

4 Related Work

In-Context Learning In-context learning (ICL)
guides LLM reasoning by providing task-relevant
demonstrations in the input, thereby improving per-
formance (Brown et al., 2020; Dong et al., 2024;
Zhao et al., 2025). Existing ICL research mainly
focuses on demonstration construction and selec-
tion. For demonstration construction, many studies
improve demonstration quality offline, such as in-
creasing diversity through synthetic data generation
or diverse example selection to provide broader
task coverage and improve model generalization
(Wang et al., 2024a, 2025a; Chen et al., 2023a;
Su et al., 2024; Levy et al., 2023), and synthesiz-
ing or augmenting reasoning steps to better guide
inference (Li et al., 2024; Zelikman et al., 2022;
ZHAO et al., 2023). Other work dynamically gen-
erates or rewrites demonstrations based on the user
input, sometimes leveraging the LLM itself to bet-
ter adapt examples to individual queries (He et al.,
2024; Chang and Fosler-Lussier, 2023; Kim et al.,
2022). For demonstration selection, existing meth-
ods aim to retrieve examples most relevant or in-
formative to the user query (Luo et al., 2024; Vu
et al., 2023), using signals such as n-grams (Li
et al., 2023), embedding-based semantic similar-
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Figure 6: The performance change (Y-axis, left figure) and LCS (Y-axis, right figure) on MATH, MMLU-
Pro, and Amazon Review with different shots (X-axis) using various models.

ity (Yang et al., 2023; Luo et al., 2023), or hybrid
retrieval and ranking strategies (Wan et al., 2025;
Wang et al., 2024c; Hao et al., 2022).

Mechanism Analysis of In-Context Learning
Many studies have investigated the mechanisms
underlying ICL to better understand and improve
its reasoning capability (Zhou et al., 2024; Dong
et al., 2024). One line of research studies how ICL
ability emerges by controlling the types of tasks
used during pretraining (Edelman et al., 2024b;
Han et al., 2023). Existing findings suggest that
ICL ability depends more on task diversity than
data scale, with models gradually generalizing
from in-domain to out-of-domain tasks (Raventos
et al., 2023). Related work further suggests that
knowledge acquisition and ICL ability may rely on
functionally distinct components: increasing data
volume mainly improves knowledge acquisition,
whereas ICL benefits more from diverse training
tasks (Nguyen and Reddy, 2025). Another line
of work studies ICL reasoning by examining the
relationship between demonstrations and the user
query (Park et al., 2025; Li et al., 2025; Min et al.,
2022; Wang et al., 2023a). Some studies argue that
ICL works by learning input-label mappings from
demonstrations (Kossen et al., 2024), while others
suggest that models learn and imitate the reasoning
processes embedded in demonstrations (Lampinen
et al., 2022). These findings provide complemen-
tary explanations of how information contained in
demonstrations is utilized during inference.

However, most prior work focuses on improving
ICL performance or explaining why it works, often

implicitly assuming its effectiveness. Recent stud-
ies instead show that ICL may provide little bene-
fit or even degrade performance for certain tasks
and models (DeepSeek-AI et al., 2025; Huang and
Wang, 2025; Zheng et al., 2025). In this work, we
investigate the main factors that determine ICL ef-
fectiveness and propose a method for evaluating
whether ICL is effective for a given model and task,
with the goal of informing future ICL research and
applications.

5 Conclusion

In this paper, we propose a novel metric LCS, to
evaluate the ICL effectiveness. LCS overcomes
the low reliability and poor attribution issues of
performance-based metrics by measuring the vari-
ation in the learning gain with the contextual rele-
vance. Based on LCS, we first discuss two primary
factors that contribute to poor ICL effectiveness:
poor contextual alignment capability and strong
output calibration capability, demonstrating the
strong attribution of LCS. Analytical experiments
show that LCS can effectively reflect the effective-
ness of ICL even on demonstrations where ICL
does not lead to performance improvements, indi-
cating high reliability. Furthermore, we observe
that the results of LCS on synthetic data are lower
than those on real data, to inspire the application of
LCS in data-insufficient scenarios.
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A Proof

A.1 Equation 3

Proof. Suppose X = (x1, . . . , x|X|), where xt is the t-th token of X and x<t = (x1, . . . , xt−1). By the
autoregressive factorization of the predictive distribution, we have:

Lp(X|Q;D) = − log p(X|Q;D)

=

|X|∑
t=1

(− log p(xt|Q;D;x<t)) .

For each token xt, using Bayes’ rule, we can rewrite the conditional probability as:

p(xt|Q;D;x<t) =
p(xt, D|Q;x<t)

p(D|Q;x<t)

=
p(xt|Q;x<t)p(D|Q;x≤t)

p(D|Q;x<t)
,

where x≤t = (x1, . . . , xt). Substituting this expression into the loss gives:

Lp(X|Q;D) =

|X|∑
t=1

(
− log

p(xt|Q;x<t)p(D|Q;x≤t)

p(D|Q;x<t)

)

=

|X|∑
t=1

(− log p(xt|Q;x<t))−
|X|∑
t=1

log
p(D|Q;x≤t)

p(D|Q;x<t)

= Lp(X|Q)− (log p(D|Q;X)− log p(D|Q)) .

Therefore, we obtain:

Lp(X|Q;D) = Lp(X|Q)− (log p(D|Q;X)− log p(D|Q)) .

A.2 Theorem 1

Proof.

p(X|Q;D)− p(X|Q) =
p(X,Q,D)

p(Q,D)
− p(X,Q)

p(Q)
=

p(X,Q,D)p(Q)− p(X,Q)p(Q,D)

p(Q,D)p(Q)

=
p(D|Q;X)p(Q,X)p(Q)− p(X,Q)p(D|Q)p(Q)

p(Q,D)p(Q)
=

p(X|Q)

p(D|Q)
(p(D|Q;X)− p(D|Q))

=
p(X|Q)

p(D|Q)
I(X → D|Q)

Therefore, we can conclude that:

I(X → D|Q) =
p(D|Q)

p(X|Q)
I(D → X|Q)
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A.3 Error of Theorem 1
Assuming the error of the empirical predictor relative to the true predictor is p̂(A|B) = p(A|B)+ε(A|B),
where A,B are any random variables. We suppose that rp ≥ ε(D|Q)

ε(X|Q) ≥
ε(D|Q;X)
ε(X|Q;D) , i.e., the error growth

rate with introduced demonstrations is smaller than that without demonstrations, which is further smaller
than the ICL effectiveness. According to Theorem 1, the slope of the fitted line can be approximated as:

Ip̂(D|Q;X)

Ip̂(X|Q;D)
=

(p(D|Q;X)− p(D|Q)) + (ε(D|Q;X)− ε(D|Q))

(p(X|Q;D)− p(X|Q)) + (ε(X|Q;D)− ε(X|Q))

Direct computation yields:

p̂(D|Q)

p̂(X|Q)
=

p(D|Q) + ε(D|Q)

p(X|Q) + ε(X|Q)

Thus, we have:

∆I :=
Ip̂(D|Q;X)

Ip̂(X|Q;D)
− Ip(D|Q;X)

Ip(X|Q;D)
=

ε(D|Q;X)− ε(X|Q;D)rp
Ip(X|D;Q) (Ip(X|D;Q) + ε(X|Q;D))

∆p :=
p̂(D|Q)

p̂(X|Q)
− p(D|Q)

p(X|Q)
=

ε(D|Q;X)− ε(X|Q;D)rp
p(X|D;Q) (p(X|D;Q) + ε(X|Q;D))

Assuming Ip(X|D;Q) ≤ p(X|D;Q), i.e., the information the model learns about D from X is less
than the information inherently contained in the model, we have:

∆I ≤ ∆p

This implies that using the slope as a metric for ICL effectiveness has a smaller error compared to using
p̂(D|Q)
p̂(X|Q) .

A.4 Theorem 2
Proof. Since X̂ = argmaxX∼X p̂(X|Q), we can conclude that p̂(X̂|Q) ≥ p̂(X∗|Q). Based on the total
probability theorem, we can draw that:

p̂(D̂|Q) =
∑
X∼X

p̂(D̂|Q;X)p̂(X), p̂(D∗|Q) =
∑
X∼X

p̂(D∗|Q;X)p̂(X)

Considering that p̂(D̂|Q;X) ≤ p̂(D∗|Q;X),∀X ∼ X , Q ∼ Q, it can be concluded that p̂(D̂|Q) ≤
p̂(D∗|Q). Therefore, we can draw the conclusion that:

p̂(D̂|Q)

p̂(X̂|Q)
≤ p̂(D∗|Q)

p̂(X∗|Q)

B Additional Information

B.1 Calculation of LCS
In this section, we present how to calculate LCS, which primarily involves two sequential steps: reasoning
process paraphrasing and likelihood calculation. The prompts employed for these computations are
detailed in Appendix B.2.

The reasoning process paraphrasing step requires models to restructure human-labeled reasoning
processes according to their preferred reasoning style when provided with a given reasoning process. This
adaptation is crucial because discrepancies between human-labeled reasoning formats and model-preferred
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Prompt of Paraphrasing

<Begin of Task Definition >
{definition}
<End of Task Definition >
<Begin of Input >
{question}
<End of Input >
<Begin of Hint >
{hint}
<End of Hint >
<Begin of Answer >
{answer}
<End of Answer >

Considering the above task definition, generate the reasoning process of the given input and answer with
the hint (could be empty).

Table 6: The prompt of the paraphrase.

Prompt of Synthesis

```md
{task_definition}
```
Given Question: {question}

Based on the above task definition and the given question, synthesize a question and the corresponding
answer that is similar to the given question of the task.

Table 7: The prompt of the demonstration synthesis.

reasoning patterns (e.g., “<think >” tag of Llama-R1 (DeepSeek-AI et al., 2025)) could lead to inflated
information gain measurements that reflect stylistic variations rather than knowledge acquisition. To
mitigate this confounding factor, we implement reasoning process paraphrasing to eliminate format-
induced biases, thereby ensuring that computational results authentically reflect knowledge-derived
information learned from demonstrations. Specifically, for each data instance and demonstration, we
input the question, answer, and human-labeled reasoning process (if provided), instructing the model to
rephrase the output using its preferred reasoning style.

Following the paraphrasing, we calculate the likelihood with paraphrased results. For conditional
probabilities expressed as p̂(A|B), we treat B as user input and A as model output, encapsulating them
into a formatted string using the model chat template. This composite string is then processed through the
model to obtain token-level likelihoods. The joint likelihood of a sequence A is computed by multiplying
the probabilities of all constituent tokens. To minimize the confounding effects of sequence length on
probability comparisons, we apply length normalization to all computed likelihood values (Dai et al.,
2019). This standardized approach ensures a fair comparison across outputs of varying lengths while
preserving the probabilistic relationships between different reasoning processes.

B.2 Prompts

In this section, we introduce the prompts used in this paper. The reasoning prompts of §3 can be seen
in (Chen et al., 2023b; Grattafiori et al., 2024; DeepSeek-AI et al., 2025). The prompts used for the
paraphrasing and the synthesis are shown in Table 6 and Table 7.
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C Additional Discussion

C.1 Empirical Threshold of LCS

Specifically, based on Figure 2, we can use LCS = 0.2 as an empirical threshold, since when LCS ≤ 0.2,
the corresponding performance gain is minimal or negative, suggesting that ICL is less effective in the
given task and model. This threshold is largely empirical. In practice, users can adjust the sensitivity to
ICL effectiveness according to their preferences.

C.2 Why Our Analysis is Based on Conditional Probability

We acknowledge that a growing body of work has demonstrated that the order of demonstrations in the
prompt can affect the outputs of current autoregressive LLMs (Lu et al., 2022; Guo et al., 2024). In
this paper, however, we deliberately work with an idealized order-invariant model in which the relevant
conditionals are unaffected by permutations of the demonstrations. Prior research suggests that the
observed order sensitivity is a limitation of existing models and training procedures, and that an ideal
language model should, in principle, be invariant to the ordering of demonstrations (Xiang et al., 2024).
Furthermore, several studies indicate that the influence of text order on in-context learning is diminishing
as models and training improve (Pham et al., 2025), and many influential analyses of ICL adopt a similar
order-invariance assumption when deriving related decompositions (Zhang et al., 2025; Jesson et al.,
2025). Under this widely used idealization, Equation 3 is well-defined and yields a decomposition of the
loss into a “zero-shot” term and a “demo-dependent” term. We explicitly adopt this assumption in our
derivation in Appendix A.1 to isolate the fundamental nature of ICL effectiveness and to obtain a clean
measure of it. Our experimental results are consistent with the theoretical predictions obtained under this
assumption, supporting the practical reasonableness of applying Equation 3 even when instantiated with
standard autoregressive LLMs.

In this work, we define the predictive probability for an output sequence X = (x1, . . . , xT ) as the
product of token-wise conditional probabilities:

Pθ(X | Q) =
T∏
t=1

Pθ(xt | x<t,Q) .

This construction is widely used in the NLP research (Bengio et al., 2003; Sutskever et al., 2014), which
follows directly from the chain rule of probability: the joint distribution of any discrete sequence can be
decomposed, without loss of generality, into a left-to-right product of conditional distributions. Hence, as
long as the model provides reasonable estimates of each conditional distribution Pθ(yt | y<t,x), the above
product corresponds to the likelihood of the sequence under the model and can be naturally interpreted as
its predictive probability, or a joint score.

C.3 Why Removing Logarithm in Learning Gain

In this section, we discuss why, when defining the learning gain Ip(X → D | Q), we remove the log
based on Equation 3. This is because, by using the difference in probabilities, we can better analyze
its relationship with other factors. We consider this a reasonable transformation, since the transformed
expression still reflects the change in loss, which is consistent with our motivation of measuring the
effectiveness of ICL via loss change. Specifically, let k = log p(D | Q;X) − log p(D | Q), i.e., the
decrease in loss brought about by introducing the demonstration. Then we have:

p(D | Q;X) = ekp(D | Q)

⇒ p(D | Q;X)− p(D | Q) = (ek − 1)p(D | Q)

Since p(D | Q) > 0, p(D | Q;X) − p(D | Q) is positively correlated with log p(D | Q;X) −
log p(D | Q). That is, Ip(X → D | Q) is positively correlated with the change in loss.
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Model Shot Math Code Reasoning Domain

GSM8K MATH HumanE MBPP A-C M-P FinQA Amazon

Llama2-7b
0 12.7± 0.6 5.0± 0.8 14.0± 2.0 23.0± 1.2 34.6± 0.7 14.1± 0.6 10.5± 0.5 28.5± 2.2
1 22.7± 0.7 14.6± 1.0 13.4± 2.1 22.5± 1.2 46.2± 0.8 19.6± 0.7 17.8± 0.6 29.0± 2.3

∆ +10.0± 0.7 +9.6± 1.1 −0.6± 2.1 −0.5± 1.3 +11.6± 0.7 +5.5± 0.7 +7.3± 0.6 +0.5± 2.4

Llama3.1-8b
0 86.4± 0.5 48.4± 0.7 65.9± 2.1 54.8± 1.2 82.1± 0.6 50.4± 0.6 49.7± 0.6 63.5± 2.3
1 84.6± 0.5 50.8± 0.8 63.4± 2.2 55.6± 1.3 80.2± 0.7 53.0± 0.7 54.6± 0.6 68.5± 2.4

∆ −1.8± 0.6 +2.4± 0.8 −2.5± 2.3 +0.8± 1.2 −1.9± 0.7 +2.6± 0.7 +4.9± 0.6 +5.0± 2.5

Llama-R1-8b
0 86.1± 0.6 75.4± 0.7 70.7± 2.2 67.2± 1.3 84.8± 0.6 58.2± 0.7 45.2± 0.6 53.5± 2.5
1 80.1± 0.7 74.2± 0.8 67.7± 2.3 60.8± 1.4 84.5± 0.7 52.7± 0.8 43.4± 0.7 65.3± 2.6

∆ −6.0± 0.8 −1.2± 0.8 −3.0± 2.4 −6.4± 1.4 −0.3± 0.7 −5.5± 0.8 −1.8± 0.7 +11.8± 2.7

Llama3.1-70b
0 94.6± 0.4 68.4± 0.8 80.4± 1.8 72.0± 1.0 89.6± 0.5 63.5± 0.5 58.4± 0.5 62.8± 2.2
1 93.7± 0.5 64.8± 0.9 79.3± 1.9 72.3± 1.0 88.9± 0.6 64.1± 0.6 66.0± 0.6 78.8± 2.4

∆ −0.9± 0.5 −3.6± 0.9 −1.1± 2.0 +0.3± 1.0 −0.7± 0.6 +0.6± 0.6 +7.6± 0.6 +16.0± 2.5

Ministral-8b
0 83.5± 0.5 54.3± 0.8 66.8± 2.0 59.4± 1.1 79.8± 0.6 47.2± 0.6 44.6± 0.6 61.0± 2.0
1 84.1± 0.5 52.5± 0.9 66.0± 2.0 59.8± 1.1 80.4± 0.7 47.9± 0.6 49.4± 0.7 65.0± 2.1

∆ +0.6± 0.5 −1.8± 0.9 −0.8± 2.1 +0.4± 1.1 +0.6± 0.7 +0.7± 0.6 +4.8± 0.7 +4.0± 2.2

Qwen2.5-7b
0 91.2± 0.5 75.0± 0.8 79.0± 2.0 66.8± 1.1 84.2± 0.6 56.3± 0.6 51.4± 0.5 48.0± 2.3
1 90.8± 0.5 77.2± 0.9 78.0± 2.1 67.0± 1.1 84.7± 0.7 57.1± 0.6 56.3± 0.6 75.0± 2.4

∆ −0.4± 0.5 +2.2± 0.9 −1.0± 2.1 +0.2± 1.1 +0.5± 0.7 +0.8± 0.6 +4.9± 0.6 +27.0± 2.4

Qwen3-8b
0 92.4± 0.4 81.2± 0.8 76.5± 1.9 68.0± 1.0 86.4± 0.5 60.2± 0.5 53.8± 0.5 72.0± 2.1
1 91.3± 0.5 79.8± 0.9 75.2± 2.0 67.4± 1.0 86.1± 0.6 60.6± 0.6 60.5± 0.6 71.0± 2.3

∆ −1.1± 0.5 −1.4± 0.9 −1.3± 2.0 −0.6± 1.0 −0.3± 0.6 +0.4± 0.6 +6.7± 0.6 −1.0± 2.4

Qwen3.5-35b-A3B
0 94.8± 0.4 84.4± 0.7 82.0± 1.7 74.0± 0.9 90.2± 0.4 66.8± 0.5 59.4± 0.4 78.0± 1.8
1 94.2± 0.4 83.6± 0.8 81.3± 1.8 73.6± 0.9 89.8± 0.5 66.3± 0.5 59.8± 0.5 78.2± 1.9

∆ −0.6± 0.4 −0.8± 0.8 −0.7± 1.8 −0.4± 0.9 −0.4± 0.5 −0.5± 0.5 +0.4± 0.5 +0.2± 1.8

Table 8: The performance of different models on different datasets using 0-shot and 1-shot averaged on 5
runs. ∆ is the performance change of 1-shot compared with 0-shot. HumanE denotes HumanEval, A-C
denotes ARC-Challenge, M-P denotes MMLU-Pro, and Amazon denotes Amazon Review.

Model GSM8K MATH FinQA
∆ rp̂x+ b ∆ rp̂x+ b ∆ rp̂x+ b

gpt-5-nano −1.1 0.01x+ 0.27 −3.9 −0.12x− 0.03 +7.6 0.31x+ 0.05

Table 9: LCS with gpt-5-nano on GSM8K, MATH and FinQA. The probability is generated following
(Kaneko et al., 2025). Considering the API cost, we randomly sample 128 examples from each dataset.

D Additional Experiments

D.1 Overall Performance
In this part, we present the performance of 0-shot and 1-shot on different models and datasets, as shown
in Table 8.

D.2 LCS with Black-Box LLMs
Based on Theorem 1, the main point in calculating LCS with black-box LLMs is how to obtain the log prob-
ability. Following (Lee et al., 2023; Kaneko et al., 2025), we employ a sampling-based pseudo-likelihood
estimator to recover LLM output distributions from samples. Specifically, for each prompt–response
pair, we first feed the prompt into the model and sample multiple outputs. Then, we compute the average
ROUGE-N score between these outputs and the response. (Kaneko et al., 2025) shows that when the
number of samples is sufficiently large, this average ROUGE-N score converges to the true probability.
Although the above computational procedure is not very efficient, here we only provide an idea of how to
apply LCS to black-box models, and improving the efficiency of computing log probabilities is beyond
the scope of this paper.
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Metric GSM8K MATH ARC-C MMLU-Pro FinQA Amazon

Performance 86.4±0.6 51.2±0.8 82.5±0.7 54.3±0.7 55.1±0.6 70.0±2.5
LCS 0.07±0.03 0.34±0.06 −0.54±0.04 0.52±0.05 0.82±0.04 0.94±0.10

Table 10: The performance and LCS of Llama3.1-8b with 5 runs of demonstration permutation.

We conduct experiments using gpt-5-nano (OpenAI, 2025). Due to the high API cost, we only
randomly sample 128 examples from GSM8K, MATH and FinQA for our experiments. The experimental
results are shown in Table 9, from which we can observe that LCS accurately reflects the effectiveness of
ICL, thereby demonstrating the feasibility of applying LCS to black-box models.

D.3 LCS with Demonstration Permutation
We analyze the performance and LCS of Llama3.1-8b with 5 runs of demonstration permutation. Results
of Table 10 show the robustness of LCS to the demonstration permutation.
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