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ABSTRACT

In-Context Learning (ICL) has emerged as an important new paradigm in natural
language processing and large language model (LLM) applications. However, the
theoretical understanding of the ICL mechanism remains limited. This paper aims
to investigate this issue by studying a particular ICL approach, called concept-
based ICL (CB-ICL). In particular, we propose theoretical analyses on applying
CB-ICL to ICL tasks, which explains why and when the CB-ICL performs well
for predicting query labels in prompts with only a few demonstrations. In addi-
tion, the proposed theory quantifies the knowledge that can be leveraged by the
LLMs to the prompt tasks, and leads to a similarity measure between the prompt
demonstrations and the query input, which provides important insights and guid-
ance for model pre-training and prompt engineering in ICL. Moreover, the impact
of the prompt demonstration size and the dimension of the LLM embeddings in
ICL are also explored based on the proposed theory. Finally, several real-data ex-
periments are conducted to validate the practical usefulness of CB-ICL and the
corresponding theory.

1 INTRODUCTION

With the great successes of large language models (LLMs), in-context learning (ICL) has emerged
as a new paradigm for natural language processing (NLP) (Brown et al., 2020; Chowdhery et al.,
2023; Achiam et al., 2023), where LLMs addresses the requested queries in context prompts with
a few demonstrations. In contrast to conventional supervised learning, the ICL can perform well in
prediction and inference tasks with very few samples by leveraging the semantic knowledge learned
from the LLMs without training or fine-tuning the model parameters (Liu et al., 2022; Lu et al., 2022;
Wei et al., 2022; Wu et al., 2023). This enables rapid task on-boarding (Sun et al., 2022), lowers
computation and data costs compared with fine-tuning, and underpins current practice in instruction
following (Lin et al., 2024), tool use (Schick et al., 2023), and agent memory (Chhikara et al.,
2025). Therefore, a systematical understanding of ICL mechanism has appeared to be important in
engineering designs in many areas of LLMs and NLP.

Recent researches on understanding the ICL mechanism mainly focused on functional modules (Ols-
son et al., 2022; Bietti et al., 2023; Wang et al., 2023a; Li et al., 2024a), theoretical interpretation
based on Bayesian and gradient descent Views (Xie et al., 2022; Zhou et al., 2023; Dai et al., 2023;
Mahankali et al., 2023), and learning and information theoretic perspectives (Garg et al., 2022;
Akyürek et al., 2022; Pan et al., 2023; Yang et al., 2024). In particular, most of such researches con-
centrated on analyzing specific mathematical models such as linear regression for given functional
classes, investigating the asymptotic learning behaviors of ICL, or characterizing different kinds of
convergent properties of transformers in gradient descent. However, there still lacks theoretical jus-
tification of why ICL can performs well with only very few demonstrations, and some important
questions for deeply understanding ICL mechanism remained open, such as theoretically charac-
terizing the knowledge leveraged by LLMs, and quantifying the impact of the prompt engineering
(Brown et al., 2020) in ICL.

In this paper, we develop a theoretical framework to analyze the performance of the Concept-Based
In-Context Learning (CB-ICL) approach to address the aforementioned issues. As illustrated in
Figure 1, in CB-ICL, a pre-trained LLM is employed to represent the semantic embeddings of the
prompt contexts, where the parameters of the LLM is fixed throughout the learning task without
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Figure 1: The targeting task and working pipeline of the CB-ICL approach.

fine-tuning. Then, the concept of the prompt contexts, represented by the vector α, is learned by
the a prompt concept extractor. Finally, the concept vector is applied to estimate the posterior dis-
tribution of the label given the query context for solving the prediction task. To characterize the
performance of CB-ICL, we establish upper bounds for the mean-squared excessive risk between
the estimated posterior distribution and the ground truth distribution. The proposed upper bounds
and the corresponding analyses lead to the theoretical insights and contributions summarized as
follows:

• We model the semantic knowledge leveraged from the pre-trained LLM to the CB-ICL
as a projection of the prompt distribution onto the semantic knowledge subspace spanned
by the LLM embedding, and show that the CB-ICL achieves theoretically provably good
learning performance, if both the semantic concept of the prompt is captured by the pre-
trained LLM, and the correlation between the prompt query and the corresponding label is
strong (which is true in many practical scenarios). This explains why well-designed LLMs
can lead to good performances in many ICL applications.

• In addition, a similarity measure between the prompt demonstrations and queries is defined
from the derived upper bound, which characterizes the impact of selecting related prompt
demonstrations in CB-ICL. Such a similarity measure suggests how to design theoretically
good demonstrations in prompt engineering.

• Moreover, we demonstrate the impacts of the dimension of LLM embedding, number of
prompt demonstrations, and the cardinality of labels in ICL. In particular, it is shown that
the higher LLM embedding dimension, the more difficult to learn the prompt concept from
the semantic knowledge subspace of the LLM embedding, which suggests the importance
of constructing parsimony and informative LLM embeddings in ICL.

• Furthermore, we quantify the learning performance degradation when the prompt demon-
strations are not sufficient to illustrate the prompt concept, or the LLM embedding cannot
fully capture the semantic knowledge of the prompt, which provides theoretical insights of
prompt engineering and pre-training.

• Finally, real-data experiments are conducted on several LLMs and datasets to validate the
performance of CB-ICL. The results show that the performance of CB-ICL is comparable
to the existing ICL methods. Moreover, the aforementioned theoretical insights are also
verified, which leads to useful guidance for designing effective ICL approaches.
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2 RELATED WORKS

2.1 IN-CONTEXT LEARNING MECHANISM

Recent studies have proposed multiple explanations for ICL. One view interprets it as implicit meta-
learning or Bayesian inference, where the prompt defines a latent task and transformers adapt by
approximating Bayesian model averaging over tasks (Xie et al., 2022; Dai et al., 2023; Li et al.,
2023; Zhou et al., 2023). Another line emphasizes algorithmic simulation, showing that transformers
can reproduce standard estimators and approximate gradient descent updates, with deeper layers
corresponding to iterative optimization (Garg et al., 2022; Akyürek et al., 2022; Von Oswald et al.,
2023; Pan et al., 2023). A third perspective highlights the role of pre-training diversity: sufficiently
broad task coverage enables robust in-context generalization, while narrow pre-training yields biased
predictors (Raventós et al., 2023; Yang et al., 2024). Although insightful, these works mostly rely
on simplified setups such as linear regression or asymptotic analysis. Extending theory to real-world
LLMs in high-dimensional semantic spaces remains a key open challenge.

2.2 PROMPT ENGINEERING AND DEMONSTRATION SELECTION

Another research direction studies how prompt design affects ICL. Performance is highly sensitive
to format, order, and content (Wang et al., 2023b; Liu et al., 2024). Retrieval-based approaches
select demonstrations similar to the query (Su et al., 2022; Qin et al., 2023; Li & Qiu, 2023), but
risk redundancy, motivating strategies that balance relevance and diversity (Wang et al., 2023b).
More advanced methods fine-tune retrievers (Rubin et al., 2021; Mavromatis et al., 2023), optimize
policies with reinforcement learning (Zhang et al., 2022), or leverage chain-of-thought prompting
(Wei et al., 2022). Despite practical progress, most strategies are heuristic, lacking principled criteria
to explain why certain demonstrations are more effective. Developing such theory remains an active
research frontier.

3 CB-ICL MODEL FORMULATION

In Context Prompt Assumptions The prompt contexts are consisted of a collection of n demon-
strations {(xi, yi)}ni=1, where xi’s are the input texts, and yi’s are the corresponding answers
such that yi ∈ {1, . . . ,M}, ∀i, and a query input text xQ. Denote xn = (x1, . . . , xn) and
yn = (y1, . . . , yn), the goal of ICL is to predict the label yQ of xQ, given the prompt contexts
xn,yn, and xQ (Yang et al., 2024). In addition, we assume that {(xi, yi)}ni=1 and (xQ, yQ) are
generated and follow the probabilistic relationship:

P (xQ, yQ, y
n|xn) = PXQ

(xQ)PY |X(yQ|xQ)

n∏
i=1

PY |X(yi|xi),

for some ground truth distributions PY |X , and PXQ
, i.e., the labels yn and yQ are conditionally

independently generated from xn and xQ by the same conditional distribution PY |X(y|x), respec-
tively. Note that we do not make assumptions on the joint distribution of the input texts x1, . . . , xn,
such as independent and identically distributed (i.i.d.), since such assumptions are often unrealistic
in practical applications.

Semantic Embeddings Given a pair of input text and label (x, y), we denote the semantic embed-
ding generated by the pre-trained LLM as f(x, y; θ), where θ represents the parameters of the LLM.
Since there is no parameter fine-tuning in ICL, the parameters of the LLM will be fixed throughout
the whole learning tasks, and the semantic embedding will simply be denoted as f(x, y). In addition,
before feeding into the prompt concept extractor, the LLM embedding is normalized and a bias term
is padded at the end of the embedding vector, i.e., if we denote f(x, y) = [f1(x, y), . . . , fK(x, y)],
then

∑
y fk(x, y) = 0,

∑
y f

2
k (x, y) = 1, ∀k < K − 1, and fK(x, y) = 1√

M
, ∀x, y.

Moreover, we express the ground truth distributions PY |X in terms of a projection onto the space
spanned by the LLM embedding functions fk(x, y), for k = 1, . . . ,K, as

PY |X(y|x) =
K∑

k=1

αkfk(x, y) +R(x, y) = αTf(x, y) +R(x, y), ∀x, y, (1)
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where α can be viewed as ground truth concept, and R(x, y) is a residual term that can be interpreted
as the knowledge not captured by the LLM, and is orthogonal to the LLM embeddings, i.e.,∑

x,y

PXQ
(x)fk(x, y)R(x, y) = 0, ∀k.

In the remaining parts, we call the pre-trained LLM model complete if R(x, y) = 0,∀x, y, and
incomplete otherwise. Note that the complete pre-trained LLM model fully captures the semantic
knowledge of the prompt contexts.

Prompt Concept Extractor and Label Predictor Given the prompt contexts and the LLM em-
bedding, the prompt concept extractor is defined as

α̂(xn, yn) ≜ F†
n(x

n)f̄n(x
n, yn) (2)

where

Fn(x
n) =

1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y), f̄n(x

n, yn) =
1

n

n∑
i=1

f(xi, yi),

and where “†” denotes the psuedo-inverse. Note that α̂(xn, yn) can be interpreted as an estimation
of the ground truth concept α from the prompt contexts. In the following, we call the prompt
demonstrations sufficient if Fn(x

n) is invertible, and insufficient otherwise.

Moreover, we denote P̂Y |X(·|xQ) as an estimation of the ground truth distributions PY |X(·|xQ)
given the query input text xQ defined as

P̂Y |X(y|xQ) =

K∑
k=1

α̂k(x
n, yn)fk(xQ, y) = α̂T(xn, yn)f(xQ, y).

Then, the CB-ICL label predictor is given by argmaxy P̂Y |X(y|xQ).

Mean-Squared Excessive Risk In particular, we apply the mean-squared risk to measure the dif-
ference between P̂Y |X(·|xQ) and PY |X(·|xQ), defined as

ℓ (xn, yn;xQ) ≜
∑
y

(
P̂Y |X(y|xQ)− PY |X(y|xQ)

)2
.

The in-context learning capability of CB-ICL is measured by the excessive risk (conditioned on the
prompt input texts xn), defined as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] . (3)

In the next section, we will draw the connection between the excessive risk and the error probability
of label prediction, which shows the usefulness of analyzing the excessive risk in ICL scenarios.

4 THEORETICAL ANALYSES OF CB-ICL

4.1 COMPLETE AND SUFFICIENT MODELS

In this subsection, we analyze the excessive risk of CB-ICL in the case R(x, y) = 0, and Fn(x
n) is

invertible. To delineate the theoretical results, we define the matrices of the LLM embeddings with
respect to the prompt input texts as:

f(xQ) = [f(xQ, 1), . . . , f(xQ,M)] ∈ RK×M , F(xQ) = f(xQ)f
T(xQ) ∈ RK×K ,

f(xn) = [f(x1), . . . , f(xn)] ∈ RK×nM , Fn(x
n) =

1

n
f(xn)fT(xn) ∈ RK×K ,

and the matrices

Q(xi) = diag
{
PY |X(1|xi), . . . , PY |X(M |xi)

}
− ϕiϕ

T
i ,

Q(xn) = diag {Q(x1), . . . ,Q(xn)} (4)

where ϕT
i =

[
PY |X(1|xi), . . . , PY |X(M |xi),

]
.
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Lemma 4.1. The matrix Q(xi) is positive semi-definite, for all i, and the largest eigenvalue of
Q(xi), denoted as λ1(Q(xi)), satisfies

λ1(Q(xi)) ≤ 2PY (ymax|xi) (1− PY (ymax|xi)) ,

where PY (ymax|xi) ≜ maxy PY (y|xi)). Moreover, the largest eigenvalue of Q(xn) satisfies

λ1(Q(xn)) = max
i

λ1(Q(xi)).

Proof. See Appendix F.1.

Then, the following Theorem characterizes the excessive risk in the complete and sufficient case.
Theorem 4.2. When R(x, y) = 0, and Fn(x

n) is invertible, the excessive risk defined in (3) can be
bounded as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] ≤ K

n
λ1

(
F(xQ)F

−1
n (xn)

)
λ1(Q(xn)), (5)

where λ1 denotes the largest eigenvalue, and Q(xn) is as defined in (4).

Proof. See Appendix F.2.

In particular, the following theoretical insights that can be obtained from Theorem 4.2:

• If the input text x and the label y of the prompt are strongly correlated, i.e., the ground truth
distribution satisfies PY |X(ymax|x) ≃ 1, ∀x (e.g. mathematical reasoning tasks), where
PY |X(ymax|x) is as defined in Lemma 4.1, then from Lemma 4.1, it holds for λ1(Q(xi)) ≃
0, and the excessive risk of CB-ICL for learning the ground truth distribution is vanishing.
Therefore, the CB-ICL can achieve striking performance in predicting the label of the query
input text with only a few prompt demonstrations, if the LLM embedding is complete, and
the input text and label are strongly correlated.

• In addition, it is shown in Appendix G.1 that λ1

(
F(xQ)F

−1
n (xn)

)
≥ 1 with equality holds

when F(xQ) = Fn(x
n). This provides a theoretical explanation that designing semanti-

cally correlated demonstrations in the prompt can enhance the ICL performance. Moreover,
the quantity λ−1

1

(
F(xQ)F

−1
n (xn)

)
can be employed as a measure for selecting semanti-

cally correlated demonstrations to improve the ICL performance in prompt engineering.
The real-data experiments in the Section 5 shows the applicability of this measure in real
problem.

• Finally, it can be observed from (4) that excessive risk is inversely proportional to the num-
ber n of demonstrations in the prompt, and proportional to the dimension K of the LLM
embedding. Therefore, although designing high dimensional LLM embeddings can cap-
ture more semantic knowledge of the prompt, i.e., making R(x, y) smaller (c.f. (Kaplan
et al., 2020)), in the meanwhile, it is also more difficulty to learn the prompt concept from
the high-dimensional embedding space reflected by the growing excessive risk with re-
spect to the dimension K. This tradeoff suggest the importance of learning parsimony and
informative semantic embeddings in ICL.

4.2 COMPLETE AND INSUFFICIENT MODELS

In this subsection, we investigate the situation when the LLM embedding is complete, but the prompt
demonstrations are not sufficient to illustrate the prompt concept, i.e., Fn(x

n) is not a full-rank
matrix. We aim to characterize the impact of insufficient prompt demonstrations in CB-ICL, which
can be formalized in the following Theorem.
Theorem 4.3. When R(x, y) = 0, and Fn(x

n) is not invertible, the excessive risk (2) can be
bounded as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] ≤ K

n
λ1

(
F(xQ)F

†
n(x

n)
)
λ1(Q(xn)) +

∥∥fT(xQ)F
⊥
n (x

n)α
∥∥2︸ ︷︷ ︸

(∗)

,

where F⊥
n (x

n) = IK − F†
n(x

n)Fn(x
n).

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

Proof. See Appendix F.3.

Comparing to (5) in Theorem 4.2, there is a penalty term (∗) caused by the insufficiency of the
prompt demonstrations to the upper bound of the excessive risk. To interpret this term, note that
from the definition of (2), α̂(xn, yn) is orthogonal to the null space of Fn(x

n), and hence the CB-
ICL cannot learn the prompt concept aligned with the null space of Fn(x

n). Since F⊥
n (x

n) is a
projection operation, which projects the vector onto the null space of Fn(x

n), the penalty term (∗)
can be interpreted as the information of the query embedding f(xQ) aligned with the null space of
Fn(x

n), which cannot be learned by CB-ICL due to the insufficiency of the prompt demonstrations.

Moreover, it is readily to show that if F(xQ) = Fn(x
n), then the penalty term (∗) is 0. This tells that

if the semantic information of the query text is well illustrated by the prompt demonstrations, the
columns of the query embedding matrix f(xQ) is orthogonal to the null space of Fn(x

n), and there
is no information and performance loss caused by the insufficiency of the prompt demonstrations.
This again indicates the importance of designing illustrative prompt demonstrations.

4.3 INCOMPLETE AND INSUFFICIENT MODELS

In practice, the LLM embeddings often cannot capture the complete knowledge of the prompt con-
texts, i.e., R(x, y) ̸= 0, which introduce the learning performance degradation caused by the in-
complete knowledge LLM embeddings. To quantify such performance degradation, we analyze the
expected excessive risk with respect to PXQ

, and define the vectors

R(xQ) = [R(xQ, 1), . . . , R(xQ,M)]
T ∈ RM ,R(xn) = [R(x1), . . . ,R(xn)]

T ∈ RnM ,

Then, the excessive risk can be characterized as follows.
Theorem 4.4. When R(x, y) ̸= 0, and Fn(x

n) is not invertible, the excessive risk (2) averaged with
respect to PXQ

can be bounded as

EPXQ
PY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

≤ K

n
λ1

(
FQF

†
n(x

n)
)
λ1(Q(xn))

+
1

n
λ1

(
FQF

†
n(x

n)
)
· ∥R(xn)∥2 +

∑
xQ,y

PXQ
(xQ)R

2(xQ, y) (6)

+ αTF⊥
n (x

n)TFQF
⊥
n (x

n)α− 2

n
RT(xn)fT(xn)F†

n(x
n)FQF

⊥
n (x

n)α (7)

where FQ = EPXQ
[F(XQ)].

Proof. See Appendix F.4.

Similar to the discussions in Section 4.1, the penalty term (7) quantifies the amount of semantic
information aligned with the null space of Fn(x

n) that cannot be learned in the CB-ICL approach
due to the insufficiency of the prompt demonstrations. Moreover, the penalty terms (6) quantify the
performance degradation of the excessive risk caused by the incompleteness of the LLM embedding.
In particular, the first term of (6) can be interpreted as the learning bias in the model (1), due to
the incompleteness of the LLM embedding, and the second term of (6) quantifies the amount of
semantic information of the query input text that is not captured by the LLM embeddings. Finally,
we present some remarks of CB-ICL to draw the connections and comparisons to existing intuitions
and techniques of ICL researches:

• It is widely believed in ICL researches that during pre-training, LLM models acquire a
broad range of semantic prior knowledge from the training data, which later aids task-
specific learning representations (Chan et al., 2022; Shin et al., 2022; Yadlowsky et al.,
2023; Yang et al., 2024). In particular, this empirical observation can be theoretically jus-
tified by the CB-ICL, which allows the generalizability to a broad class of ICL problems,
as long as the ground truth distribution of the prompt contexts is somehow aligned with the
semantic knowledge subspace spanned by the LLM embeddings.

6
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• The pre-training/warm-up techniques (Brunet et al., 2023; Shi et al., 2023; Li et al., 2024b)
in traditional ICL can also be beneficial in CB-ICL, which reduces the modeling error
R(x, y), and improve the learning performance. Moreover, the pre-training loss does not
need to be restricted to the MSE loss between P̂Y |X and PY |X , as long as the global mini-
mum of the pre-training loss is achieved at P̂Y |X = PY |X .

• Note that the prompt concept extractor can be interpreted as a wide-sense transformer with
the softmax activation function replaced by a quadratic function (c.f. linear attention (Wang
et al., 2020a; Shen et al., 2021; Han et al., 2024)). This essentially suggests the application
of more general kinds of transformer architectures in theoretical analyses and algorithm
designs in ICL and other machine learning fields. Usually, the linear transformer takes the
form as (Wang et al., 2020a)

Attention(q, {ki, vi}) = ϕT(q)

(∑
i

ϕ(ki)v
T
i

)
,

where ϕ is a feature map such that ⟨ϕ(q), ϕ(k)⟩ = κ(q, k), for some kernel function κ,
allowing the attention operation to be rewritten in a linearized (kernelized) form. In our
setting, we define

ϕ(q) =
(
F†

N (xn)
)1/2

f(xQ), ϕ(k) =
(
F†

N (xn)
)1/2

f(xi),

with vi = ei being one-hot vector with the i-th element equals 1. Under this construction,
the original estimated P̂Y |X(y|xQ) can be written as a linear attention.

4.4 THE LABEL PREDICTING ERROR PROBABILITY

To further justify the practically usefulness of the CB-ICL and the corresponding theoretical analy-
ses, in this subsection we establish the connection between the mean-squared excessive risk and the
label predicting error probability that is widely adopted in real applications. To this end, we define

ŷmax = argmax
y

P̂Y |X(y|xQ), (8)

and denote Pj as the jth largest probability among {PY |X(y|xQ)}My=1. In the following, we assume
P1 > Pj , for all j ≥ 2.
Theorem 4.5. Suppose that for some j ≥ 1, the excessive risk

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] =
1

2
(P1 − Pj)

2 + γ,

where 0 ≤ γ < 1
2 (P1 − Pj+1)

2 − 1
2 (P1 − Pj)

2, then the label predicting error probability is lower
bounded by

EPY n|Xn

[
PY |X(ŷmax|xQ) | Xn = xn

]
≥ Pj −

2γ

2P1 − Pj − Pj+1
. (9)

Proof. See Appendix F.5.

Note that the lower bound of error probability actually defines one upper bound of correct proba-
bility. Theorem 4.5 shows that designing P̂Y |X(y|xQ) with small excessive risk also leads to small
label predicting error probability from the label predictor Eq. (8), which demonstrates the applica-
bility of the theoretical analyses of the CB-ICL in real scenarios.

5 EXPERIMENT

We conduct experiments on four representative benchmarks that collectively measure both general
knowledge and complex reasoning ability, including MMLU (Hendrycks et al., 2020), MMLU-
Pro(Wang et al., 2024), GPQA and GPQA-Diamond (Rein et al., 2024). Together, these datasets
provide a comprehensive evaluation suite, balancing breadth (MMLU, MMLU-Pro) with depth in
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Table 1: Performance comparisons on classification task are conducted in both the vanilla ICL
(Brown et al., 2020) and CB-ICL setting. We report the accuracy with 5 randomly selected demon-
strations from the same task.

Dataset 8B 14B 32B Average
LLaMA3 Qwen3 Deepseek-R1 Qwen3 Deepseek-R1 Qwen3

MMLU ICL (Brown et al., 2020) 68.40% 76.89% 63.54% 81.05% 74.46% 83.61% 74.66%
CB-ICL 71.07% 77.77% 64.58% 81.38% 80.32% 83.62% 76.46%

MMLU-
Pro

ICL (Brown et al., 2020) 35.36% 56.73% 41.10% 61.03% 57.80% 65.54% 52.93%
CB-ICL 33.26% 53.62% 42.30% 60.47% 59.04% 65.89% 52.43%

GPQA ICL (Brown et al., 2020) 34.50% 44.44% 45.32% 47.90% 46.32% 49.49% 44.66%
CB-ICL 40.77% 61.60% 50.82% 50.65% 48.45% 54.82% 51.19%

GPQA-
diamond

ICL (Brown et al., 2020) 28.29% 62.00% 49.10% 64.31% 59.10% 68.40% 55.20%
CB-ICL 33.56% 63.01% 48.82% 64.88% 60.13% 66.34% 56.13%

complex reasoning (GPQA, GPQA-Diamond). Furthermore, we benchmark three representative
families of open-source LLMs at different parameter scales (8B, 14B, and 32B), including LLaMA3
family (Dubey et al., 2024), Qwen3 family (Yang et al., 2025) and Deepseek-R1 distilled (Guo
et al., 2025) model family. This selection covers both general-purpose and reasoning-enhanced
model families, enabling a systematic comparison across scaling and architectural choices.

5.1 PERFORMANCE VALIDATIONS OF CB-ICL

The result in Table 1 provide consistent evidence for the effectiveness of CB-ICL: To begin with,
across all model families and datasets, CB-ICL either matches or surpasses vanilla ICL (Brown
et al., 2020), denoting the effectiveness of proposed CB-ICL framework. Moreover, improvements
are larger on harder datasets. On MMLU (general factual recall), gains are marginal (less than 2%),
while on GPQA and GPQA-Diamond the improvements are substantial. Furthermore, scaling laws
persist under CB-ICL. For example, within Qwen3 family, performance consistently increases from
8B to 32B, expect Qwen3-8B on GPQA dataset. This shows that CB-ICL is compatible with scaling,
implying that this mechanism complements rather than replaces larger model capacity.

5.2 PROMPT DEMONSTRATION DESIGNS

As discussed in Section 4.1, the semantic similarity λ−1
1

(
F(xQ)F

†(xn)
)

works as a score function
of the quantity of prompt. To demonstrate this, we adopt a simple “translate to Chinese” dataset
split into two parts that differ only in the cue language (English to Chinese and Italian to Chinese).
We call a demonstration set similar to a query if they come from the same part, otherwise dissimilar.
As is illustrated in Figure. 2, when the demonstrations are chosen from the similar prompt, the
similarity score λ−1

1

(
F(xQ)F

†(xn)
)

tends to be larger.

To further validate the effectiveness of our proposed similarity measure, we compare CB-ICL under
two settings: (i) CB-ICL, where demonstrations are randomly selected from the same task, and (ii)
CB-ICL (golden), where demonstrations are selected based on the similarity measure. Specifically,
for each candidate demonstration xi in the demonstration pool, we compute its similarity score
λ−1
1 (F(xQ)F

†(xi)) with the target query xQ, and then the top 5 demonstrations with the highest
scores are selected as the golden demonstrations. The results are shown in Table 2. We observe
two consistent trends: First, golden selection substantially improves accuracy across datasets. These
large margins highlight that the similarity measure successfully identifies high-value demonstrations
that guide the model more effectively. Second, the improvement generalizes across model families
and scales. Both LLaMA3, Qwen3 and DeepSeek-R1 benefit from golden selection, regardless of
parameter size, suggesting that the similarity measure provides complementary guidance beyond
model architecture and scaling.

What’s more, we compared the performance of CB-ICL (golden) with the cosine similarity base-
line across models of different parameter scales and datasets, where the top-5 demonstrations are
selected according to embedding cosine similarity. Results show that across most model scales and
benchmarks, CB-ICL (golden) matches or outperforms cosine similarity selection by 0.4%–1.5% in
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Figure 2: Comparison of similarity score λ−1
1

(
F(xQ)F

†(xn)
)

between similar and dissimilar
demonstration sets on the “translate to Chinese” task. We report the result with 5 demonstrations.

Table 2: Performance is compared between randomly selected and golden demonstrations. CB-ICL
uses 5 random demonstrations, while ICL (Consine Similarity) and CB-ICL (golden) selects the
top-5 demonstrations ranked by proposed similarity metric.

Dataset 8B 14B 32B Average
LLaMA3 Qwen3 Deepseek-R1 Qwen3 Deepseek-R1 Qwen3

MMLU
CB-ICL 71.07% 77.77% 64.58% 81.38% 80.32% 83.62% 76.46%

ICL (Consine Similarity) 72.45% 79.41% 68.24% 82.98% 83.15% 84.20% 78.41%
CB-ICL (golden) 73.74% 80.86% 68.44% 82.64% 82.34% 84.42% 78.74%

MMLU-
Pro

CB-ICL 33.26% 53.62% 42.30% 60.47% 59.04% 65.89% 52.43%
ICL (Consine Similarity) 36.54% 59.74% 42.84% 60.34% 61.52% 66.24% 54.54%

CB-ICL (golden) 36.58% 58.97% 44.24% 62.67% 61.34% 67.29% 55.18%

GPQA
CB-ICL 40.77% 61.60% 50.82% 50.65% 48.45% 54.82% 51.19%

ICL (Consine Similarity) 49.10% 66.67% 52.56% 53.16% 50.50% 57.35% 54.89%
CB-ICL (golden) 48.51% 65.77% 51.67% 55.83% 52.32% 58.73% 55.47%

GPQA-
diamond

CB-ICL 33.56% 63.01% 48.82% 64.88% 60.13% 66.34% 56.12%
ICL (Consine Similarity) 41.35% 70.56% 51.78% 66.39% 61.32% 66.67% 61.92%

CB-ICL (golden) 42.28% 73.83% 52.47% 67.32% 62.91% 67.43% 59.68%

average accuracy, with particularly consistent gains on MMLU, MMLU-Pro, and GPQA-Diamond.
These improvements are most pronounced for all-scale models (8B, 14B and 32B). Notably, while
cosine similarity sometimes achieves competitive or even slightly higher performance on specific
tasks (e.g., GPQA with 8B models), CB-ICL (golden) exhibits more stable improvements across
datasets and model families, leading to higher average performance in most settings. Overall, these
results suggest that although cosine similarity is a strong and commonly used baseline, incorporating
higher-order structure through the proposed similarity measure yields more robust and consistently
effective demonstration selection.

5.3 IMPACT OF EMBEDDING DIMENSION K

In section 4.1, the trade-off of dimension K is discussed. A larger dimension K will improve the
representation ability of semantic knowledge, but the associated excessive risk will increase since
the larger dimension K adds to the difficulty of estimation α. In this section, we conducted an
experiment to validate this phenomenon. To manipulate the dimension K, we trained a lightweight
auto-encoder (with a three-layer MLP as encoder) on the raw hidden states of the model. The
encoder–decoder is trained with MSE reconstruction loss until the loss is less than 2.5e− 6. During
evaluation, we replace the original hidden state with the encoded representation, ensuring that the
rest of the model remains unchanged. We report the 5-shot MMLU results of Qwen3-8B and Qwen3-
14B as in the Table 3. We find that performance improves as the dimension grows from 256 to

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Table 3: Effect of embedding dimension K on CB-ICL performance (accuracy, %). The results are
reported on MMLU dataset with the same demonstrations.

Dimension K 128 256 512 1024 2048 4096 5120

Qwen3-8B 79.52 80.14 80.96 81.16 81.92 80.86 79.68
Qwen3-14B 79.27 80.52 81.32 82.45 83.13 83.32 82.64

(a) MMLU: Accuracy (↑) vs residual risk R2 (↓). (b) GPQA: Accuracy (↑) vs residual risk R2 (↓).

Figure 3: Performance of incomplete models across datasets. We report the results with 5 golden
demonstrations and disturbed last layer of model.

around 2048, but drops again when K becomes excessively large. As for the larger model, this trend
still holds, with the dimension of best dimension increases from 2048 to 4096. This matches our
theoretical prediction of a non-monotonic risk curve that too small a dimension underfits, whereas
too large a dimension amplifies noise and increases excess risk.

5.4 IMPACT OF INCOMPLETENESS OF LLMS IN ICL

To further validate the theoretical insights of CB-ICL, we conduct experiments on incomplete mod-
els, i.e., R(x, y) ̸= 0 for some x and y. We disturb the last layer of LLMs. For each model and
dataset, we measure two metrics: (i) accuracy: calculated across the benchmark with 5 golden
demonstrations; (ii) the mean residual R2 =

∑
x,y PX(x)R2(x, y): quantifying the amount of

knowledge not captured by the LLM embeddings, with higher R2 indicating stronger incomplete-
ness. Figure 3 reports the relationship between accuracy and R2 of different models. A clear nega-
tive correlation emerges: (i) R2 decreases as accuracy increases, implying that their representations
better align with the task concepts. (ii) Incomplete models suffer from high R2 (e.g. LLaMA3-
8B achieves the largest R2), reflecting the incompleteness of the model; (iii) The observed trend is
consistent across different architectures, demonstrating that the proposed residual measure is model-
agnostic and captures a general phenomenon of incompleteness.

6 CONCLUSION

In this paper, we present theoretical analyses of CB-ICL, which reveals the fundamental mechanism
of why and how ICL can perform well in prompts with only a few demonstrations. Moreover, our
theory quantifies the knowledge leveraged by the pre-trained LLM embeddings, the similarity of
the prompt demonstrations and query input text, as well as the impact of the number of prompt
demonstrations and the dimensions of LLM embeddings, which provides useful guidance for model
pre-training and prompt engineering. Finally, the effectiveness of our theory is validated by several
real-data experiments. While our theory offers valuable insights into the performance of CB-ICL,
there are several limitations to consider. First, our experiments focus on classification tasks, while
the applicability to more complex tasks such as sequence generation or reasoning remains to be fully
explored. Second, while we demonstrate improvements on several benchmarks, we acknowledge
that the performance gains may not generalize to all datasets, particularly those with substantial
reasoning requirements or small sample sizes.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

7 ETHICS STATEMENT

This work is a theoretical and empirical study of ICL in LLMs. Our analyses are purely mathe-
matical, and our experiments are conducted on publicly available benchmark datasets (e.g., MMLU,
GPQA). We do not involve human subjects, personal data, or sensitive attributes. The datasets used
are standard in the community and have been widely adopted in prior work. Our contributions
are methodological and theoretical in nature, and we do not foresee any direct risks of harm, pri-
vacy leakage, or fairness concerns arising from our results. We adhere to the ICLR Code of Ethics
throughout the research and submission process.

8 REPRODUCIBILITY STATEMENT

We have taken multiple steps to ensure the reproducibility of our work. All theoretical results are
stated with explicit assumptions and are accompanied by complete proofs, which are provided in
the main paper and the appendix. The experimental evaluations are conducted on publicly available
benchmark datasets (MMLU, MMLU-Pro, GPQA, GPQA-diamond). We also release the imple-
mentation of our proposed methods and all experiment scripts as anonymous supplementary ma-
terial to facilitate independent verification. Together, these efforts ensure that both the theoretical
analyses and the empirical results can be reproduced by the community.
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A THE USE OF LLM

In this work, we used large language models (LLMs) solely as general-purpose assistive tools.
Specifically, LLMs were employed in three ways:

• To assist with the polishing and clarification of mathematical proofs.
• To improve the readability and fluency of the manuscript writing.
• To serve as a coding assistant (e.g., code completion and debugging support).

LLMs were not involved in the research ideation, theoretical development, or experimental design.
All conceptual contributions and scientific insights are the work of the authors.

B NOTATION TABLE

In this section, we summarize the notation appeared in this paper.

Table 4: Basic Variables

Symbol Description
x, y Input text and corresponding label

xn = (x1, . . . , xn) Collection of n demonstration input texts
yn = (y1, . . . , yn) Collection of n demonstration labels

xQ Query input text
yQ Query label to be predicted
M Number of possible classes/labels
K Dimension of LLM embedding space
θ Parameters of the pre-trained LLM

PXQ
(xQ) Distribution of query inputs

PY ∥X(y∥x) Ground truth conditional distribution

Table 5: LLM Embeddings

Symbol Description

f(x, y) = [f1(x, y), . . . , fK(x, y)] ∈ RK Semantic K-dimensional embedding
f(x) = [f(x, 1), . . . , f(x,M)] ∈ RK×M Embedding matrix for all labels of input x

F (x) = f(x)fT (x) ∈ RK×K Outer product matrix for input x
Fn(x

n) = 1
n

∑n
i=1

∑M
y=1 f(xi, y)f

T (xi, y) Average embedding matrix for demonstrations
f̄n(x

n, yn) Average embedding of demonstrations with their labels

Table 6: Concept and Prediction

Symbol Description
α Ground truth concept vector

R(x, y) Residual term (knowledge not captured by LLM)
α̂(xn, yn) = F †

n(x
n)f̄n(x

n, yn) Estimated prompt concept
P̂Y ∥X(y∥xQ) = α̂T (xn, yn)f(xQ, y) Estimated conditional distribution

ŷ∗max Predicted label

C ALGORITHM

In this section, we describe the main pipeline of Algorithm as in Algorithm 1.
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Table 7: Risk and Error Measures

Symbol Description
ℓ(xn, yn;xQ) Mean-squared risk

EPY n∥Xn [ℓ(xn, Y n;xQ)∥Xn = xn] Excessive risk (conditioned on prompt inputs)
R2 =

∑
x,y PX(x)R2(x, y) Measure of LLM incompleteness

Table 8: Matrix Operations

Symbol Description

A† Pseudo-inverse of matrix A
F⊥
n (xn) = IK − F †

n(x
n)Fn(x

n) Projection onto null space of Fn(x
n)

λ1(·) Largest eigenvalue of a matrix
ϕi = [PY ∥X(1∥xi), . . . , PY ∥X(M∥xi)]

T Probability vector for input xi

Q(xi) = diag{PY ∥X(1∥xi), . . . , PY ∥X(M∥xi)} − ϕiϕ
T
i Covariance-like matrix

Q(xn) = diag{Q(x1), . . . , Q(xn)} Block diagonal matrix

D ABLATION AND EXTRA EXPERIMENTS

D.1 ABLATION ON TRANSFORMER ARCHITECTURE

In this section, we report the results tested with encoder-decoder and decoder-only transformers. We
conducted experiments on encoder-only model (including BERT, MPNet, MiniLM) and encoder-
decoder models (including FLAN-T5, BART), covering all architectural types mentioned. The ex-
periments followed the same CB-ICL workflow as the main paper. The model we used is listed as
in Table 10.

We extract the output of the last layer of encoder and generate the embedding with mean pooling.
We report the resuls on MMLU, MMLU-Pro, GPQA and GPQA-diamond as in Table 11.

For detail information, we repeat all experiment 10 times and report the average value. Results
confirm that CB-ICL is effective across these paradigms: on most datasets (e.g., GPQA-Diamond,
GPQA), CB-ICL consistently outperforms vanilla ICL. For instance, FLAN-T5-XXL achieves
30.10% in the setting of CB-ICL, compared with 22.46% under ICL on GPQA-Diamond, and
BART reaches 33.24% (CB-ICL) compared with 21.50% (ICL) on the same dataset. Even for
encoder-only models where vanilla ICL is not applicable, CB-ICL still yields meaningful perfor-
mance (e.g., 29.18% on GPQA-Diamond for MPNET), demonstrating CB-ICL’s broad applicability
beyond decoder-only LLMs. What’s more, by comparison, decoder-only models had higher ICL
baselines (e.g., Qwen3-32B reached 76.46% on MMLU) and required no additional adjustments to
work with CB-ICL.

D.2 ABLATION ON ATTENTION

As is stated in Section 4.3, the proposed estimator can be viewed as a special case of linear attention.
To compare the performance with standard attention (Vaswani et al., 2017), we set the standard
attention as

P̂Y |X(y|xQ) = softmax
(
fT(xQ)f(x

n)√
K

)
V,

where V = [ey1
; ey2

; . . . , eyn
] ∈ RnM and eyi

∈ Rm is one-hot vector with the yith element
being 1. Based on this, we test the performance of LLaMA, Qwen and Deepseek families as in
Table 12. The results demonstrate that the proposed approach consistently outperforms traditional
attention-based models across different benchmarks, as highlighted in Table 12.
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Table 9: Similarity Measure

Symbol Description

λ−1
1 (F (xQ)F

†
n(x

n)) Similarity score between query and demonstrations

Algorithm 1 CB-ICL Detailed Procedure
Require: LLM parameters θ, system prompt s, demonstrations {(xi, yi)}ni=1, query xQ

Ensure: Predicted label ŷQ
1: // Semantic embedding generation
2: for i = 1 to n do
3: for y = 1 to M do
4: contexti,y ← [s, xi, y] // Construct full context with system prompt
5: hi,y ← LLMθ(contexti,y) // Forward pass through LLM
6: f(xi, y)← hlast layer

i,y [last token] // Extract embedding from last layer, last token
7: end for
8: end for
9: for y = 1 to M do

10: query contexty ← [s, xQ, y]

11: hy
Q ← LLMθ(query contexty)

12: f(xQ, y)← hlast layer
Q,y [last token]

13: end for
14: // Embedding normalization (as specified in Section 3)
15: for k = 1 to K do
16: // Zero-mean and unit variance constraints
17: µk ← 1

M

∑M
y=1 f

y
Q[k]

18: σk ←
√

1
M

∑M
y=1(f

y
Q[k]− µk)2

19: fy
Q[k]←

fy
Q[k]−µk

σk
for all y

20: end for
21: // Add bias dimension
22: fy

Q[K + 1]← 1√
M

for all y
23: // Concept estimation
24: Fn ← 1

n

∑n
i=1

∑M
y=1 f(xi, y)f

T (xi, y)

25: f̄n ← 1
n

∑n
i=1 f(xi, yi)

26: α̂← F †
nf̄n

27: Prediction
28: for y = 1 to M do
29: P̂ (y)← α̂T fy

Q

30: end for
31: ŷQ ← argmaxy P̂ (y)
32: return ŷQ

D.3 WALL-CLOCK TIME REPORT

We report the runtime and memory overhead of CB-ICL in Table 13, decomposing the cost into
golden demonstration selection and prediction probability extraction. All statistics are measured
across the full evaluation set and reported using average, minimum, and maximum values.

The results show that prediction probability extraction incurs negligible overhead, with an average
latency of only 3.32 ms and nearly constant memory usage around 73 MB. This stage corresponds
to a single forward pass over candidate labels and does not involve matrix inversion or similarity
computation, explaining both its low latency and stable memory footprint.
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Table 10: The used Transformers architecture and selected models. The embeddings are generated
with the of encoder layer with mean pooling.

Model Structure Selected Model

Encoder-decoder Flan-T5 (Chung et al., 2024), BART(Lewis et al., 2020)
Encoder-only BERT (Koroteev, 2021), MPNet(Song et al., 2020), MiniLM (Wang et al., 2020b)

Table 11: Performance comparisons between vanilla ICL and CB-ICL across encoder–decoder and
encoder-only models. We report 5-shot accuracy. For encoder-only models, vanilla ICL is not
applicable.

Dataset Encoder-Decoder Encoder-Only

FLAN-T5-XXL (%) FLAN-T5-XL (%) BART (%) MiniLM (%) BERT (%) MPNet (%)

MMLU ICL 55.10 52.40 22.90 – 23.02 –
CB-ICL 54.67 50.53 26.12 25.75 25.65 25.85

MMLU-Pro ICL 16.54 15.37 11.24 – 10.59 –
CB-ICL 15.43 15.90 10.36 10.10 9.43 9.72

GPQA ICL 26.85 23.52 27.27 – 25.44 –
CB-ICL 28.00 27.80 26.93 29.08 27.31 28.63

GPQA-Diamond ICL 22.46 24.08 21.50 – 29.19 –
CB-ICL 30.10 29.03 33.24 25.98 29.03 29.18

In contrast, golden demonstration selection constitutes the primary computational cost of CB-ICL.
The average runtime is 17.38 ms, with higher variance across samples. This variance is expected, as
golden selection involves embedding construction and similarity evaluation over the demonstration
pool, whose cost depends on both the embedding dimension and the numerical properties of the
aggregated matrices. Despite this, the average overhead remains modest and is incurred only once
per query, not per token generation step.

From a memory perspective, golden selection requires additional workspace to store embedding
matrices and intermediate statistics, leading to higher peak memory usage (up to 507.84 MB in
worst-case samples). However, the average memory usage remains well within practical GPU limits,
and the prediction stage itself does not introduce additional memory pressure.

Overall, these results indicate that CB-ICL introduces a small, one-off preprocessing overhead
for demonstration selection, while leaving inference-time cost almost unchanged. This makes the
method practical for real-world deployment, especially in scenarios where multiple queries reuse
the same or similar demonstration pools.

E CHECK OF PROPOSED ESTIMATOR

In this section, we check the sum-to-one property of proposed estimator P̂Y |X(y|xQ) as∑
y

P̂Y |X(y|x) =
∑
y

α̂T(xn, yn)f(x, y) = α̂T(xn, yn)

(∑
y

f(x, y)

)
with ∑

y

f(x, y) = [0, . . . , 0,
√
M ]T.

Furthermore, since F(x) =
∑

y f(x, y)f
T(x, y) and F(xn) = 1

n

∑n
i=1 F(x), Let (F(x))ij denote

the element at i-th row and j-th column, we have that

(F(x))Kj =
∑
y

fK(x, y)fj(x, y) =
1√
M

∑
y

fj(x, y) = 1(j = K),

with 1(j = K) = 1 if j = K and 1(j = K) = 0 if j ̸= K, and

(F(x))jK =
∑
y

fj(x, y)fK(x, y) =
1√
M

∑
y

fj(x, y) = 1(j = K).
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Table 12: Comparison between CB-ICL and Attention-based example selection across different
model scales. We report average 5-shot accuracy with 10 times repeated experiments.

Dataset 8B 14B 32B

LLaMA3 Qwen3 Deepseek-R1 Qwen3 Deepseek-R1 Qwen3

MMLU CB-ICL 71.07 77.77 64.58 81.38 80.32 83.62
Attention 50.24 59.02 53.19 67.43 64.53 65.12

MMLU-Pro CB-ICL 33.26 53.62 42.30 60.47 59.04 65.89
Attention 12.60 43.78 31.40 52.08 53.08 51.41

GPQA CB-ICL 40.77 61.60 50.82 50.65 48.45 54.82
Attention 21.41 40.52 39.56 46.43 47.15 46.91

GPQA-Diamond CB-ICL 33.56 63.01 48.82 64.88 60.13 66.34
Attention 10.18 55.21 38.47 50.43 57.96 60.32

Table 13: Runtime and memory statistics for golden demonstration selection and prediction proba-
bility extraction.

Metric Statistic Golden Demonstration Selection Prediction Probability Extraction

Time
Average 17.38 ms 3.32 ms
Min 4.24 ms 2.16 ms
Max 257.91 ms 29.71 ms

Memory Usage
Average 161.97 MB 73.51 MB
Min 41.73 MB 73.47 MB
Max 507.84 MB 73.55 MB

Therefore, we have that

F(x) =

[
(F(x))1:K−1,1:K−1 0

0 1

]
and

F†
n(x) =

[(
F†

n(x)
)
1:K−1,1:K−1

0

0 1

]
Hence, the sum of P̂Y |X(y|xQ) is

∑
y

P̂Y |X(y|x) =

(
1

n

n∑
i=1

f(xi, yi)

)T

F†
n(x)

(∑
y

f(xQ, y)

)

=

(
1

n

n∑
i=1

f(xi, yi)

)T [
0 0

0
√
M

]

=
1

n

√
M

n∑
i=1

fK(xi, yi)

=

√
M

n

n√
M

= 1.

In our formulation, since only the sum-to-one constraint holds, the coefficients should be viewed as
signed weights (possibly extrapolative) rather than strictly “share of attention” in the conventional
sense. We recognize that this is a limitation of our current linear framework, as we do not yet
guarantee that the weights reside in the [0, 1] interval, which would make the analogy to soft-
attention tighter.
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F PROOFS OF LEMMAS AND THEOREMS

F.1 PROOF OF LEMMA 4.1

In this section, we aim to prove Lemma 4.1. We separate the proof into three steps. First, we analyze
the spectrum of Q(xi) for a fixed i. After that, we derive the upper bound of the largest eigenvalue
of Q(xi). Finally, we extend the result to Q(xn).

Lemma F.1. Let

Q(xi) = diag{PY |X(1|xi), . . . , PY |X(M |xi)} − ϕiϕ
T
i ,

where ϕi = [PY |X(1|xi), . . . , PY |X(M |xi)]
T. Then the eigenvalues of Q(xi) are either some

PY |X(j|xi) or solutions to

1 +

M∑
j=1

P 2
Y |X(j|xi)

λ− PY |X(j|xi)
= 0, (10)

with all such solutions satisfying λ ≤ maxj PY |X(j|xi).

Proof. The eigenvalues of Q(xi) are the roots of the equation

det(λI − diag
{
PY |X=xi

}
+ ϕiϕ

T
i ) = 0, (11)

where diag
{
PY |X=xi

}
= diag{PY |X(1|xi), . . . , PY |X(M |xi)}. For λ ̸= PY |X(j|xi), ∀j, the

determinant can be factorized as

det(λI − diag
{
PY |X=xi

}
+ ϕiϕ

T
i )

= det(λI − diag
{
PY |X=xi

}
)(1 + ϕT

i (λI − diag
{
PY |X=xi

}
)−1ϕi)

=

M∏
j=1

(λ− PY |X(j|xi))

1 +

M∑
j=1

P 2
Y |X(j|xi)

λ− PY |X(j|xi)


Thus, eigenvalues are either some PY |X(j|xi) or solutions to Eq. (10). Furthermore, we have that
all the solutions λ to the Eq. (10) must satisfy that λ < maxj PY |X(j|xi), which makes all roots of
Eq. (11) no larger than maxj PY |X(j|xi).

Lemma F.2. For each i, the largest eigenvalue of Q(xi) satisfies

λ1(Q(xi)) ≤ 2max
j

PY |X(j|xi)
(
1−max

j
PY |X(j|xi)

)
.

Proof. To prove this result, we distinguish between two cases: whether the maximum probability is
attained by more than one label, or by a unique label.

Case 1: The size of set argmaxj PY |X(j|xi) is larger than 1 By continuity, we have

det(PY |X(j|xi) · I − diag
{
PY |X=xi

}
+ ϕiϕ

T
i ) = P 2

Y |X(j|xi)
∏
k ̸=j

(PY |X(j|xi)− PY |X(k|xi)).

Since argmaxy PY |X(y|xi) is not a single point set, maxy PY |X(y|xi) is one solution to Eq. (11).
Then, the largest eigenvalue of Q(xi) is maxy PY |X(y|xi). In this case, since the size of set
argmaxj PY |X(j|xi) is larger than 1, we have that maxj PY |X(j|xi) ≤ 1/2, which gives that
maxj PY |X(j|xi) ≤ 2maxj PY |X(j|xi)(1−maxj PY |X(j|xi)).
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Case 2: The size of set argmaxj PY |X(j|xi) equals to 1 Let j0 = argmaxj PY |X(j|xi) and
denote the largest root of the Eq. (10) by λ0. Further, let arbitrary j1 ∈ argmaxj,j ̸=j0 PY |X(j|xi).
Note that

1 +

M∑
j=1

P 2
Y |X(j|xi)

λ− PY |X(j|xi)
> 1,∀λ > PY |X(j0|xi),

lim
λ→PY |X(j0|xi)−

1 +

M∑
j=1

P 2
Y |X(j|xi)

λ− PY |X(j|xi)
= −∞,

and

lim
λ→PY |X(j1|xi)+

1 +

M∑
j=1

P 2
Y |X(j|xi)

λ− PY |X(j|xi)
=∞.

We have PY |X(j1|xi) < λ0 < PY |X(j0|xi). Following the analysis in Case 1, the value
PY |X(j0|xi) will not be the root of Eq. (11). Hence, we have the largest eigenvalue of Q(xi)
must be λ0.

In this case, we have the

P 2
Y |X(j0|xi)

λ0 − PY |X(j0|xi)
+

P 2
Y |X(j1|xi)

λ0 − PY |X(j1|xi)
≤

=−1︷ ︸︸ ︷
M∑
j=1

P 2
Y |X(j|xi)

λ0 − PY |X(j|xi)

and
=−1︷ ︸︸ ︷

M∑
j=1

P 2
Y |X(j|xi)

λ0 − PY |X(j|xi)
≤

P 2
Y |X(j0|xi)

λ0 − PY |X(j0|xi)
+

∑
k ̸=j P

2
Y |X(k|xi)

λ0 − PY |X(j1|xi)

≤
P 2
Y |X(j0|xi)

λ0 − PY |X(j0|xi)
+

(1− PY |X(j0|xi))
2

λ0 − (1− PY |X(j0|xi))

Hence, solving
P 2
Y |X(j0|xi)

λ0 − PY |X(j0|xi)
+

(1− PY |X(j0|xi))
2

λ0 − (1− PY |X(j0|xi))
≥ −1

gives λ0 ≤ 2PY |X(j0|xi)(1 − PY |X(j0|xi)), where the equality is achieved by Bernoulli distribu-
tion.

In conclusion of the two cases, both cases give that

λ1(Q(xi)) ≤ 2max
y

PY |X(y|xi)

(
1−max

y
PY |X(y|xi)

)
.

This completes the proof.

Lemma F.3. The largest eigenvalue of the block matrix Q(xn) satisfies

λ1(Q(xn)) = max
i

λ1(Q(xi)).

Proof. By the Rayleigh–Ritz characterization,

λ1(Q(xn)) = max
∥v∥=1

vTQ(xn)v.

Write vT = [vT
1 , . . . ,v

T
n], with vi that matches the size of Q(xi). Then

vTQ(xn)v =

n∑
i=1

vT
i Q(xi)vi ≤

n∑
i=1

λ1(Q(xi))∥vi∥2 ≤ max
i

λ1(Q(xi)).
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Let j ∈ argmaxi λ1(Q(xi)) and let uj be a unit eigenvector of Q(xj) for λ1(Q(xj)). Define v by
vj = uj and vi = 0 for i ̸= j. Then ∥v∥ = 1 and

vTQ(xn)v = uT
jQ(xj)uj = λ1(Q(xj)) = max

i
λ1(Q(xi)).

Therefore, λ1(Q(xn)) ≥ maxi λ1(Q(xi)). Combining both inequalities yields

λ1(Q(xn)) = max
i

λ1(Q(xi)).

This completes the proof.

By Lemmas F.1, F.2, and F.3, we conclude the proof of Lemma 4.1.

F.2 PROOF OF THEOREM 4.2

To prove the Theorem 4.2, we first develop the lemma for expectation value of estimated concept α̂.

Lemma F.4. For sufficient prompt demonstrations, i.e., Fn(x
n) is invertible, it holds that for all xn,

EPY n|Xn [α̂(x
n, Y n)|Xn = xn] = α.

Proof. From definition of α̂ in Eq. (2), we have that

EPY n|Xn [α̂(xn, Y n)|Xn = xn]

= EPY n|Xn

[
F−1

n (xn)f̄n(x
n, Y n)|Xn = xn

]
=
∑
yn

n∏
i=1

PY |X(yi|xi)

(
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)

)−1(
1

n

n∑
i=1

f(xi, yi)

)

=

(
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)

)−1
1

n

n∑
i=1

∑
y

PY |X(y|xi)f(xi, y)

=

(
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)

)−1
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)α

= α.

With the Lemma F.4, we directly have the written form of excessive risk for a complete model (i.e.
R(x, y) = 0 for all x, y).

Corollary F.5. For sufficient prompt demonstrations and complete model, the excessive risk can be
written as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] = tr
{
F−1

n (xn)F(xQ)F
−1
n (xn)F(xn)

}
− αTF(xQ)α,

where F(xn) = EPY n|Xn

[
f̄n(x

n, Y n)f̄T
n (xn, Y n)|Xn = xn

]
.
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Proof. From the definition of ℓ (xn, yn;xQ), we have that (note that F−1
n (xn) is symmetric)

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= EPY n|Xn

[∑
y

(
P̂Y |X(y|xQ)− PY |X(y|xQ)

)2
|Xn = xn

]

= EPY n|Xn

[∑
y

(
α̂Tf(xQ, y)− αTf(xQ, y)

)2
|Xn = xn

]
= EPY n|Xn

[
(α̂− α)

T
F(xQ) (α̂− α) |Xn = xn

]
= EPY n|Xn

[
α̂TF(xQ)α̂|Xn = xn

]
− 2EPY n|Xn

[
α̂TF(xQ)α|Xn = xn

]
+ αTF(xQ)α

= EPY n|Xn

[
tr
{
F−1

n (xn)TF(xQ)F
−1
n (xn)f̄n(x

n, Y n)f̄T
n (xn, Y n)

}
|Xn = xn

]
− αTF(xQ)α

= tr
{
F−1

n (xn)F(xQ)F
−1
n (xn)F(xn)

}
− αTF(xQ)α.

Further, F(xn) can be written as

F(xn) =
1

n2
f(xn)Q̃(xn)fT(xn),

where

Q̃(xn) = diag{diag{PY |X=x1
}, . . . ,diag{PY |X=xn

}}+
n∑

i=1

n∑
j=1

viv
T
j −

∑
i

viv
T
i ,

with diag{PY |X=xi
} = diag{PY |X(1|xi), . . . , PY |X(M |xi)}, and

vi =
[
0, . . . , 0, PY |X(1|xi), . . . , PY |X(M |xi), 0 . . . , 0

]T
.

In the next step, we show the connection between vi, f(xn) and α.

Lemma F.6. It holds that

1

n2
tr

F−1
n (xn)F(xQ)F

−1
n (xn)f(xn)

∑
i,j

viv
T
j

 fT(xn)

 = αTF(xQ)α.

Proof. We have that

1

n2
tr

F−1
n (xn)F(xQ)F

−1
n (xn)f(xn)

∑
i,j

viv
T
j

 fT(xn)


= tr

F−1
n (xn)F(xQ)F

−1
n (xn)

∑
i,j

(
1

n
f(xn)vi

)(
1

n
f(xn)vj

)T


= tr

F−1
n (xn)F(xQ)F

−1
n (xn)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T

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From model 1, we have that for a complete model, PY |X(y|x) = αTf(x, y). Hence, we have that

tr

F−1
n (xn)F(xQ)F

−1
n (xn)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T


= tr

F−1
n (xn)F(xQ)F

−1
n (xn)

 1

n

∑
i,y

f(xi, y)f
T(xi, y)α

 1

n

∑
j,y

f(xj , y)f
T(xj , y)α

T


= tr
{
F−1

n (xn)F(xQ)F
−1
n (xn)Fn(x

n)α (Fn(x
n)α)

T
}

= αTF(xQ)α.

This completes the proof.

Hence, we have the excessive risk without α.

Corollary F.7. Let

Q(xi) = diag{PY |X(1|xi), . . . , PY |X(M |xi)} − ϕiϕ
T
i ,

where ϕi = [PY |X(1|xi), . . . , PY |X(M |xi)]
T, and let

Q(xn) = diag {Q(x1), . . . ,Q(xn)} ,

it holds that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] = tr

{
1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)Q(xn)fT(xn)

}
.

Proof. Based on the Corollary F.5 and Lemma F.6, we have the excessive risk being

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr
{
F−1

n (xn)F(xQ)F
−1
n (xn)F(xn)

}
− αTF(xQ)α

= tr

{
1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)Q̃(xn)fT(xn)

}
− αTF(xQ)α

= tr

 1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)

Q̃(xn)−
∑
i,j

viv
T
j

 fT(xn)

 .

Note that Q̃(xn) =
∑

i,j viv
T
j +Q(xn), we have that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] = tr

{
1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)Q(xn)fT(xn)

}
.

Based on this form, we further find the upper bound.

Lemma F.8. For sufficient prompt demonstrations and complete model, the excessive risk can be
bounded by

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] ≤ 1

n
λ1

(
F(xQ)F

−1
n (xn)

)
SK(Q),

where SK(Q) is the sum of top K eigenvalues.
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Proof. Denote F
−1/2
n (xn) as F−1

n (xn) = F
−1/2
n (xn)F

−1/2
n (xn). Then, by Corollary F.7, the ex-

cessive risk can be written as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

}
.

Denote the i-th large eigenvalue for one matrix as λi(·). Note that both matrices
F

−1/2
n (xn)F(xQ)F

−1/2
n (xn) and F

−1/2
n (xn)f(xn)Q(xn)fT(xn)F

−1/2
n (xn) are Hermitian. From

Von Neumann’s trace inequality (Mirsky, 1975), we have the

tr

{
1

n2
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

}
≤ 1

n

K∑
i=1

λi

(
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)

)
λi

(
1√
n
F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

1√
n

)
.

Since that (
1√
n
F−1/2

n (xn)f(xn)

)(
1√
n
F−1/2

n (xn)f(xn)

)T

=
1√
n
F−1/2

n (xn)f(xn)fT(xn)F−1/2
n (xn)

1√
n

= F−1/2
n (xn)Fn(x

n)F−1/2
n (xn)

= I,

the matrix 1√
n
F

−1/2
n (xn)f(xn) is an orthogonal matrix. Then, the eigenvalues of matrix

1√
n
F

−1/2
n (xn)f(xn)Q(xn)fT(xn)F

−1/2
n (xn) 1√

n
equal to those of Q(xn), i.e.,

λi

(
1√
n
F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

1√
n

)
= λi (Q(xn)) .

Furthermore, we prove that Q(xn) is semi-positive definite. For any vector v = [vT1 , . . . , v
T
n ]

T, we
have that

vTQ(xn)v =

n∑
i=1

vTi Q(xi)vi =

n∑
i=1

M∑
j=1

PY |X(j|xi)v
2
i (j)−

n∑
i=1

 M∑
j=1

PY |X(j|xi)vi(j)

2

≥ 0,

where the inequality is achieved by Jensen’s inequality. Hence, all eigenvalues of Q(xn) are non-
negative, making that

tr

{
1

n2
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

}
≤ 1

n

K∑
i=1

λi

(
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)

)
λi

(
1√
n
F−1/2

n (xn)f(xn)Q(xn)fT(xn)F−1/2
n (xn)

1√
n

)

≤ 1

n
λ1

(
F−1/2

n (xn)F(xQ)F
−1/2
n (xn)

) K∑
i=1

λi (Q(xn))

=
1

n
λ1

(
F(xQ)F

−1
n (xn)

)
SK(Q).

Based on Lemma F.8, we prove the Theorem 4.2 by

SK(Q(xn)) ≤ Kλ1(Q(xn)).
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F.3 PROOF OF THEOREM 4.3

Similar to Lemma F.4, we have the expectation of α under insufficient demonstrations.
Lemma F.9. For insufficient prompt demonstrations, i.e., Fn(x

n) is not invertible, it holds that for
all xn,

EPY n|Xn [α̂(x
n, Y n)|Xn = xn] = F†

n(x
n)Fn(x

n)α.

Proof. From definition of α̂ in Eq. (2), we have that
EPY n|Xn [α̂(xn, Y n)|Xn = xn]

= EPY n|Xn

[
F†

n(x
n)f̄n(x

n, Y n)|Xn = xn
]

=
∑
yn

n∏
i=1

PY |X(yi|xi)F
†
n(x

n)

(
1

n

n∑
i=1

f(xi, yi)

)

= F†
n(x

n)
1

n

n∑
i=1

∑
y

PY |X(y|xi)f(xi, y)

= F†
n(x

n)
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)α

= F†
n(x

n)Fn(x
n)α.

Corollary F.10. For insufficient prompt demonstrations and complete model, the excessive risk can
be written as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α,

where F(xn) = EPY n|Xn

[
f̄n(x

n, Y n)f̄T
n (xn, Y n)|Xn = xn

]
.

Proof. From the definition of ℓ (xn, yn;xQ), we have that (note that F−1
n (xn) is symmetric)

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= EPY n|Xn

[∑
y

(
P̂Y |X(y|xQ)− PY |X(y|xQ)

)2
|Xn = xn

]

= EPY n|Xn

[∑
y

(
α̂Tf(xQ, y)− αTf(xQ, y)

)2
|Xn = xn

]
= EPY n|Xn

[
(α̂− α)

T
F(xQ) (α̂− α) |Xn = xn

]
= EPY n|Xn

[
α̂TF(xQ)α̂|Xn = xn

]
− 2EPY n|Xn

[
α̂TF(xQ)α|Xn = xn

]
+ αTF(xQ)α

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α.

Write F(xn) as

F(xn) =
1

n2
f(xn)Q̃(xn)fT(xn),

where

Q̃(xn) = diag{diag{PY |X=x1
}, . . . ,diag{PY |X=xn

}}+
n∑

i=1

n∑
j=1

viv
T
j −

∑
i

viv
T
i ,

with diag{PY |X=xi
} = diag{PY |X(1|xi), . . . , PY |X(M |xi)}, and

vi =
[
0, . . . , 0, PY |X(1|xi), . . . , PY |X(M |xi), 0 . . . , 0

]T
.
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Lemma F.11. For an insufficient demonstrations and complete model, it holds that

1

n2
tr

F†
n(x

n)F(xQ)F
†
n(x

n)f(xn)

∑
i,j

viv
T
j

 fT(xn)


=
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α.

Proof. We have that

1

n2
tr

F†
n(x

n)F(xQ)F
†
n(x

n)f(xn)

∑
i,j

viv
T
j

 fT(xn)


= tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T


From model 1, we have that for a complete model, PY |X(y|x) = αTf(x, y). Hence, we have that

tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T


= tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

f(xi, y)f
T(xi, y)α

 1

n

∑
j,y

f(xj , y)f
T(xj , y)α

T


= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)α (Fn(x

n)α)
T
}

=
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α.

This completes the proof.

Hence, we have the excessive risk in a simplified form.
Corollary F.12. Let

Q(xi) = diag{PY |X(1|xi), . . . , PY |X(M |xi)} − ϕiϕ
T
i ,

where ϕi = [PY |X(1|xi), . . . , PY |X(M |xi)]
T, and let

Q(xn) = diag {Q(x1), . . . ,Q(xn)} ,
it holds that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)Q(xn)fT(xn)

}
+
∥∥fT(xQ)F

⊥
n (x

n)α
∥∥2 ,

where F⊥
n (x

n) = IK − F†
n(x

n)Fn(x
n).

Proof. Based on the Corollary F.5 and Lemma F.6, we have the excessive risk being

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α.

= tr

 1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)

Q̃(xn)−
∑
i,j

viv
T
j

 fT(xn)


+
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α..
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Note that Q̃(xn) =
∑

i,j viv
T
j +Q(xn) and F(xQ) = f(xQ)f

T(xQ), we have that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)Q(xn)fT(xn)

}
+
∥∥fT(xQ)F

⊥
n (x

n)α
∥∥2 .

Lemma F.13. For sufficient prompt demonstrations and complete model, the excessive risk can is
bounded by

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn] ≤ 1

n
λ1

(
F(xQ)F

†
n(x

n)
)
SK(Q(xn))+

∥∥fT(xQ)F
⊥
n (x

n)α
∥∥2 ,

where SK(Q(xn)) is the sum of top K eigenvalues.

Proof. Denote F†
n(x

n)1/2 as F†
n(x

n) = F†
n(x

n)1/2F†
n(x

n)1/2. Then, by Corollary F.12, the exces-
sive risk can be written as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F†

n(x
n)1/2(xn)F(xQ)F

†
n(x

n)1/2F†
n(x

n)1/2f(xn)Q(xn)fT(xn)F†
n(x

n)1/2
}

+
∥∥fT(xQ)F

⊥
n (x

n)α
∥∥2 .

From Von Neumann’s trace inequality (Mirsky, 1975), denote the i-th large eigen-
value for one matrix as λi(·), since both matrices F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2 and
F†

n(x
n)1/2(xn)f(xn)Q(xn)fT(xn)F†

n(x
n)1/2 are Hermitian, we have that

tr

{
1

n2
F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2F†
n(x

n)1/2f(xn)Q(xn)fT(xn)F†
n(x

n)1/2
}

≤ 1

n

K∑
i=1

λi

(
F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2
)
λi

(
1√
n
F†

n(x
n)1/2f(xn)Q(xn)fT(xn)F†

n(x
n)1/2

1√
n

)
.

Since that (
1√
n
F†

n(x
n)1/2f(xn)

)(
1√
n
F†

n(x
n)1/2f(xn)

)T

=
1√
n
F†

n(x
n)1/2f(xn)fT(xn)F†

n(x
n)1/2

1√
n

= F†
n(x

n)1/2Fn(x
n)F†

n(x
n)1/2

is a projection matrix, the eigenvalues of matrix 1√
n
F†

n(x
n)1/2f(xn)Q(xn)fT(xn)F†

n(x
n)1/2 1√

n

equals to that of Q(xn), i.e.,

λi

(
1√
n
F†

n(x
n)1/2f(xn)Q(xn)fT(xn)F†

n(x
n)1/2

1√
n

)
= λi (Q(xn)) .

As is proved in Lemma F.8, all eigenvalues of Q(xn) are non-nagetive, makeing that

tr

{
1

n2
F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2F†
n(x

n)1/2f(xn)Q(xn)fT(xn)F†
n(x

n)1/2
}

≤ 1

n

K∑
i=1

λi

(
F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2
)
λi

(
1√
n
F†

n(x
n)1/2f(xn)Q(xn)fT(xn)F†

n(x
n)1/2

1√
n

)

≤ 1

n
λ1

(
F†

n(x
n)1/2F(xQ)F

†
n(x

n)1/2
) K∑

i=1

λi (Q(xn))

=
1

n
λ1

(
F(xQ)F

†
n(x

n)
)
SK(Q(xn)).
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Based on Lemma F.13, we simply prove the Theorem 4.3 by

SK(Q(xn)) ≤ Kλ1(Q(xn)).

F.4 PROOF OF THEOREM 4.4

Similar to Lemma F.9, we have the expectation of α under insufficient demonstrations with incom-
plete model.
Lemma F.14. For insufficient prompt demonstrations, i.e., Fn(x

n) is not invertible, and incomplete
model, i.e. R(x, y) ̸= 0, it holds that for all xn,

EPY n|Xn [α̂(x
n, Y n)|Xn = xn] = F†

n(x
n)Fn(x

n)α+
1

n
F†

n(x
n)f(xn)R(xn).

Proof. From definition of α̂ in Eq. (2), we have that
EPY n|Xn [α̂(xn, Y n)|Xn = xn]

= EPY n|Xn

[
F†

n(x
n)f̄n(x

n, Y n)|Xn = xn
]

= F†
n(x

n)
1

n

n∑
i=1

∑
y

PY |X(y|xi)f(xi, y)

= F†
n(x

n)
1

n

n∑
i=1

∑
y

f(xi, y)f
T(xi, y)α+ F†

n(x
n)

1

n

n∑
i=1

∑
y

f(xi, y)R(xi, y)

= F†
n(x

n)Fn(x
n)α+

1

n
F†

n(x
n)f(xn)R(xn).

Corollary F.15. For insufficient prompt demonstrations and incomplete model, the excessive risk
can be written as

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α

− 2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)α− 2RT(xQ)f

T(xQ)F
⊥
n (x

n)α

+
2

n
RT(xQ)f

T(xQ)F
†
n(x

n)f(xn)R(xn) +
∑
y

R2(xQ, y),

where F(xn) = EPY n|Xn

[
f̄n(x

n, Y n)f̄T
n (xn, Y n)|Xn = xn

]
.

Proof. From the definition of ℓ (xn, yn;xQ), we have that (note that F−1
n (xn) is symmetric)

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= EPY n|Xn

[∑
y

(
α̂Tf(xQ, y)− αTf(xQ, y) +R(xQ, y)

)2
|Xn = xn

]
= EPY n|Xn

[
(α̂− α)

T
F(xQ) (α̂− α) |Xn = xn

]
+ 2EPY n|Xn

[∑
y

(α̂− α)
T
f(xQ, y)R(xQ, y)|Xn = xn

]
+
∑
y

R2(xQ, y)

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α

− 2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)α− 2RT(xQ)f

T(xQ)F
⊥
n (x

n)α

+
2

n
RT(xQ)f

T(xQ)F
†
n(x

n)f(xn)R(xn) +
∑
y

R2(xQ, y).
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Lemma F.16. For an insufficient demonstrations and an incomplete model, it holds that

1

n2
tr

F†
n(x

n)F(xQ)F
†
n(x

n)f(xn)

∑
i,j

viv
T
j

 fT(xn)


=
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α

+
2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)α

+
1

n2
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)R(xn).

Proof. We have that

1

n2
tr

F†
n(x

n)F(xQ)F
†
n(x

n)f(xn)

∑
i,j

viv
T
j

 fT(xn)


= tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T


From model 1, we have that for an incomplete model, PY |X(y|x) = αTf(x, y) + R(x, y). Hence,
we have that

tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

PY |X(y|xi)f(xi, y)

 1

n

∑
j,y

PY |X(y|xj)f(xj , y)

T


= tr

F†
n(x

n)F(xQ)F
†
n(x

n)

 1

n

∑
i,y

f(xi, y)(f
T(xi, y)α+R(xi, y))


 1

n

∑
j,y

f(xj , y)(f
T(xj , y)α+R(xi, y))

T


= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)α (Fn(x

n)α)
T

+
2

n
F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)αfT(xn)RT(xn)

+
1

n2
F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)R(xn)fT(xn)RT(xn)

}
=
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α

+
2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)α

+
1

n2
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)R(xn).

This completes the proof.

Hence, we have the excessive risk in a simplified form.

Corollary F.17. Let

Q(xi) = diag{PY |X(1|xi), . . . , PY |X(M |xi)} − ϕiϕ
T
i ,
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where ϕi = [PY |X(1|xi), . . . , PY |X(M |xi)]
T, and let

Q(xn) = diag {Q(x1), . . . ,Q(xn)} ,

it holds that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)Q(xn)fT(xn)

}
+

∥∥∥∥fT(xQ)F
⊥
n (x

n)α− R(xQ)−
1

n
fT(xQ)F

†
n(x

n)f(xn)R(xn)

∥∥∥∥2 ,
where F⊥

n (x
n) = IK − F†

n(x
n)Fn(x

n).

Proof. Based on the Corollary F.5 and Lemma F.6, we have the excessive risk being

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr
{
F†

n(x
n)F(xQ)F

†
n(x

n)F(xn)
}
− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α.

= tr

 1

n2
F−1

n (xn)F(xQ)F
−1
n (xn)f(xn)

Q̃(xn)−
∑
i,j

viv
T
j

 fT(xn)


+
(
F†

n(x
n)Fn(x

n)α
)T

F(xQ)F
†
n(x

n)Fn(x
n)α− 2αTF(xQ)F

†
n(x

n)Fn(x
n)α+ αTF(xQ)α

+
2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)Fn(x
n)α

+
1

n2
RT(xn)fT(xn)F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)R(xn)

− 2

n
RT(xn)fT(xn)F†

n(x
n)F(xQ)α− 2RT(xQ)f

T(xQ)F
⊥
n (x

n)α

+
2

n
RT(xQ)f

T(xQ)F
†
n(x

n)f(xn)R(xn) +
∑
y

R2(xQ, y).

Note that Q̃(xn) =
∑

i,j viv
T
j +Q(xn) and F(xQ) = f(xQ)f

T(xQ), we have that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

= tr

{
1

n2
F†

n(x
n)F(xQ)F

†
n(x

n)f(xn)Q(xn)fT(xn)

}
+

∥∥∥∥fT(xQ)F
⊥
n (x

n)α− R(xQ)−
1

n
fT(xQ)F

†
n(x

n)f(xn)R(xn)

∥∥∥∥2 .

Following Lemma F.13, we have that

EPY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

≤ 1

n
λ1

(
F(xQ)F

†
n(x

n)
)
SK(Q(xn))

+

∥∥∥∥fT(xQ)F
⊥
n (x

n)α− R(xQ)−
1

n
fT(xQ)F

†
n(x

n)f(xn)R(xn)

∥∥∥∥2
≤ K

n
λ1

(
F(xQ)F

†
n(x

n)
)
λ1(Q(xn))

+

∥∥∥∥fT(xQ)F
⊥
n (x

n)α− R(xQ)−
1

n
fT(xQ)F

†
n(x

n)f(xn)R(xn)

∥∥∥∥2 ,
where SK(Q(xn)) is the sum of top K eigenvalues.

31



1674
1675
1676
1677
1678
1679
1680
1681
1682
1683
1684
1685
1686
1687
1688
1689
1690
1691
1692
1693
1694
1695
1696
1697
1698
1699
1700
1701
1702
1703
1704
1705
1706
1707
1708
1709
1710
1711
1712
1713
1714
1715
1716
1717
1718
1719
1720
1721
1722
1723
1724
1725
1726
1727

Under review as a conference paper at ICLR 2026

Taking expectation over PXQ
, we have the result as

EPXQ
PY n|Xn [ℓ (xn, Y n;xQ) |Xn = xn]

≤ K

n
λ1

(
FQF

†
n(x

n)
)
λ1(Q(xn))

+
1

n
λ1

(
FQF

†
n(x

n)
)
· ∥R(xn)∥2 +

∑
xQ,y

PXQ
(xQ)R

2(xQ, y)

+ αTF⊥
n (x

n)TFQF
⊥
n (x

n)α− 2

n
RT(xn)fT(xn)F†

n(x
n)FQF

⊥
n (x

n)α,

where FQ = EPXQ
[F(xQ)]. This is because

∑
xQ

PX(xQ)f
T(xQ)R(xQ) = 0.

F.5 PROOF OF THEOREM 4.5

To prove the Theorem 4.5, we aim to find the minium value of EPY n|Xn [PY |X(ŷmax|xQ)|Xn = xn],
which is equivalent to solve the following problem:

min
P̂Y |X(·|xQ)

∑
yn

PY n|Xn(yn|xn)PY |X(ŷmax|xQ)

s.t.
∑
yn

PY n|Xn(yn|xn)ℓ(xn, yn;xQ) ≤ γ,

∑
yn

PY n|Xn(yn|xn) = 1,

∑
y

(P̂Y |X(y|xQ; y
n)− PY |X(y|xQ))

2 = ℓ(xn, yn;xQ)

ŷmax = argmax
y

P̂Y |X(y|xQ; y
n)

Lemma F.18. Given demonstrations xn, yn, and query xQ, if the mean-squared risk ℓ(xn, yn;xQ)

satisfies ℓ(xn, yn;xQ) <
1
2 (P1 − Pj+1)

2, for some j ≥ 1, then

PY |X(ŷmax|xQ) ≥ Pj . (12)

Proof. We prove the contrapositive. Fix an index s ≥ j + 1. We show that if the predicted label
equals s (or more weakly, if P̂s ≥ P̂1), then necessarily

ℓ(xn, yn;xQ) ≥ 1
2

(
P1 − Ps

)2 ≥ 1
2

(
P1 − Pj+1

)2
,

which contradicts the hypothesis. Since this holds for every s ≥ j+1, no such s can be the predicted
label, and hence the predicted label must lie in {1, . . . , j}. Because for any r ≤ j we have Pr ≥ Pj ,
the conclusion follows. Thus fix s ≥ j + 1 and suppose P̂s ≥ P̂1. Consider the optimization

min
P̂

M∑
t=1

(P̂t − Pt)
2 s.t. P̂s − P̂1 ≥ 0,

where P̂ ranges over RM (the feasible set for probability vectors only increases the minimal cost,
so this relaxation provides a valid lower bound). To obtain a lower bound it suffices to restrict
attention to coordinates 1 and s and leave all other coordinates equal to their true values Pt. With
this restriction the problem reduces to

min
u,v∈R

(u− P1)
2 + (v − Ps)

2 s.t. v − u ≥ 0.

The minimal value of this two-variable problem under the constraint v − u ≥ 0 is attained when
v = u (pushing toward equality is best), hence we set u = v = η and minimize

(η − P1)
2 + (η − Ps)

2.
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This quadratic in η is minimized at η = P1+Ps

2 , giving the minimum value(
P1 + Ps

2
− P1

)2

+

(
P1 + Ps

2
− Ps

)2

= 2
(P1 − Ps

2

)2
= 1

2

(
P1 − Ps

)2
.

Therefore any P̂ with P̂s ≥ P̂1 must satisfy
M∑
t=1

(P̂t − Pt)
2 ≥ 1

2

(
P1 − Ps

)2
.

Because Ps ≤ Pj+1 for all s ≥ j + 1, we have 1
2 (P1 − Ps)

2 ≥ 1
2 (P1 − Pj+1)

2. Hence if

ℓ(xn, yn;xQ) <
1
2

(
P1 − Pj+1

)2
,

no index s ≥ j + 1 can satisfy P̂s ≥ P̂1, i.e. the maximizer ŷmax must belong to {1, . . . , j}. This
implies

PY |X(ŷmax | xQ) ≥ Pj .

Lemma F.18 provides the theoretical guarantee of the CB-ICL label predictor with respect to differ-
ent threshold values of the mean-squared risk. Notice that PY |X(ŷmax|xQ) ≤ maxy PY |X(y|xQ) =

P1, and the equality is achieved when ℓ(xn, yn;xQ) <
1
2 (P1 − P2)

2. Therefore, the CB-ICL label
predictor is reduced to the Maximum a Posteriori (MAP) decision when the mean-squared risk is
small. Moreover, the following Theorem establishes the connection between the excessive risk and
the label predicting error probability based on Lemma F.18.

From Lemma F.18, we know that when 1
2 (P1 − Pj)

2 ≤ ℓ(xn, yn;xQ) < 1
2 (P1 − Pj+1)

2, the
minimum value PY |X(ŷmax|xQ) can take is Pj . Hence, the original problem can turn into a com-
bination problem that ℓ only takes value in {0, 1

2 (P1 − P2)
2, . . . , 1

2 (P1 − PM )2}, with the fol-
lowing PY |X(ŷmax|xQ) being P1, P2, . . . , PM . Denote ℓj as the discrete variable taking value in
{0, 1

2 (P1−P2)
2, . . . , 1

2 (P1−PM )2} with corresponding Pj being the discrete variable taking value
in {P1, P2, . . . , PM}. The original problem becomes that assign each yn to one j ∈ {1, . . . ,M}
such that

∑
j

∑
yn PY n|Xn(yn|xn)1σ(yn)=jPj achieves minimum (with σ denoting the assign func-

tion). Denote the weight assigned to jth index as wj =
∑

yn PY n|Xn(yn|xn)1σ(yn)=j , and we have
the original problem being

min
w

M∑
j=1

wjPj (P1)

s.t.
M∑
j=1

wjℓj ≤ γ,

wj =
∑
yn

PY n|Xn(yn|xn)1σ(yn)=j .

To solve this problem, we consider an approximation to this problem as

min
w

M∑
j=1

wjPj (P2)

s.t.
M∑
j=1

wjℓj ≤ γ,

M∑
j=1

wj = 1.

Lemma F.19. Denote the solution to problem (P1) as {w∗,1
j }Mj=1 and solution to problem (P2) as

{w∗,2
j }Mj=1. Then,

∑M
j=1 w

∗,1
j Pj ≥

∑M
j=1 w

∗,2
j Pj .
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Proof. Let

S1 =
{
w ∈ RM : ∃ σ : [M ]n → [M ] such that wj =

∑
yn

PY n|Xn(yn|xn)1{σ(yn)=j}

}
be the feasible set of problem (P1), and

S2 =
{
w ∈ RM

+ :

M∑
j=1

wj = 1,

M∑
j=1

wjℓj ≤ γ
}

be the feasible set of problem (P2). We first show S1 ⊆ S2.

Take any w ∈ S1. By definition there exists an assignment σ such that

wj =
∑
yn

PY n|Xn(yn|xn)1{σ(yn)=j} (j = 1, . . . ,M).

Clearly wj ≥ 0 for all j and

M∑
j=1

wj =

M∑
j=1

∑
yn

PY n|Xn(yn|xn)1{σ(yn)=j} =
∑
yn

PY n|Xn(yn|xn) = 1.

Moreover
M∑
j=1

wjℓj =

M∑
j=1

∑
yn

PY n|Xn(yn|xn)1{σ(yn)=j}ℓj = EPY n|Xn

[
ℓ(xn, Y n;xQ)

]
≤ γ,

where the last inequality is exactly the feasibility condition in (P1). Hence w ∈ S2, proving S1 ⊆ S2.

Now let f(w) =
∑M

j=1 wjPj be the objective. Since S1 ⊆ S2, the minimum of f over the smaller
set S1 cannot be smaller than the minimum over the larger set S2. Formally,

min
w∈S1

f(w) ≥ min
w∈S2

f(w).

Noting that the left-hand side equals
∑

j w
∗,1
j Pj and the right-hand side equals

∑
j w

∗,2
j Pj , the

claimed inequality follows.

By Lemma F.19, we transfer solving of problem (P1) to problem (P2).

Lemma F.20. The solution to problem (P2), denoted as {w∗,2
j }Mj=1, has at most two nonzero com-

ponents. Furthermore, if there exists two nonzero components, the two components are adjacency
to each other.

Proof. Using Lagrange, we have the dual problem as

min
w

∑
j

wjPj + µ

∑
j

wj − 1

+ λ

∑
j

wjℓj − γ

 .

The Karush-Kuhn-Tucker (KKT) condition (Bertsekas, 1997) gives that

Pj + µ+ λℓj

{
= 0, wj > 0

> 0, wj = 0

Therefore for all j, we have that P̂j + µ + λℓj ≥ 0. In other words, the support of the optimal
distribution P is contained in the set of indices that minimize the affine functional

P 7→ P + λℓ.

Consequently, the optimal solution must assign positive probability only to those outcomes lying on
the lower envelope of the family of affine functions parameterized by λ.
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Define the discrete slopes

st :=
Pt − Pt+1

ℓt − ℓt+1
, t = 1, . . . ,M − 1.

Compute explicitly using ℓt =
1
2 (P1 − Pt)

2:

st = −
2

2P1 − Pt − Pt+1
.

Because Pt is nonincreasing and t 7→ (2P1 − Pt − Pt+1) is nondecreasing, we have s1 < s2 <
· · · < sM−1 (strict inequality unless ties occur in the Pt’s; ties can be handled by tie-breaking but
do not affect the argument).

Now suppose there exist positive wi > 0 and wk > 0 with k ≥ i + 2 (not adjacent). Since
Pt + λℓt is affine in the pair (Pt, ℓt) and the intersection equality above holds for t = i and t = k,
by intermediate value there must exist an index r with i < r < k such that Pr + λℓr is strictly
smaller than the common value (because the sequence of slopes st is strictly increasing, the line
through (ℓi, Pi) and (ℓk, Pk) lies strictly above at some intermediate lattice point). But then r would
yield a strictly smaller Pr + λℓr, contradicting the KKT condition that all positive-weight indices
minimize Pt + λℓt. Therefore no two positive indices can be non-adjacent; positive indices must be
adjacent.

Lemma F.21. If mass is placed only at ℓj and ℓj+1 with weights 1 − α and α and the mean loss
equals ℓj + γ (with 0 ≤ γ < ℓj+1 − ℓj), then

α =
γ

ℓj+1 − ℓj
.

Proof. Immediate from (1− α)ℓj + αℓj+1 = ℓj + γ.

By Lemma F.20 any extreme minimizer has at most two adjacent nonzero elements. Therefore the
minimizer can be taken with support {ℓj , ℓj+1}. Let the mass at ℓj+1 be α; by Lemma F.21 we have
α = γ/(ℓj+1 − ℓj). Consequently

E
[
PY |X(ŷmax | xQ)

]
≥ (1− α)Pj + αPj+1 = Pj − α(Pj − Pj+1).

For each j,

ℓj+1 − ℓj =
1
2

[
(P1 − Pj+1)

2 − (P1 − Pj)
2
]
= (Pj − Pj+1)

(
P1 − Pj+Pj+1

2

)
,

hence
Pj − Pj+1

ℓj+1 − ℓj
=

2

2P1 − Pj − Pj+1
.

Therefore,

α(Pj − Pj+1) = γ · Pj − Pj+1

ℓj+1 − ℓj
= γ · 2

2P1 − Pj − Pj+1
.

Thus

E
[
PY |X(ŷmax | xQ)

]
≥ Pj −

2γ

2P1 − Pj − Pj+1
,

completing the proof.

G PROOFS OF PROPERTIES

G.1 LOWER BOUND OF λ1(F(xQ)F
−1
n (xn))

Theorem G.1. Let

f(x, y) ∈ RK , f(x) = [ f(x, 1), . . . , f(x,M) ] ∈ RK×M ,
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and define

F(xQ) = f(xQ)f(xQ)
T, Fn(x

n) =
1

n
f(xn)f(xn)T =

1

n

n∑
i=1

M∑
y=1

f(xi, y)f(xi, y)
T.

Assume Fn(x
n) is positive definite. If the last coordinate satisfies fK(x, y) = 1/

√
M for every x, y,

then
λ1

(
F(xQ)F

−1
n (xn)

)
≥ 1,

where λ1(·) denotes the largest eigenvalue.

Proof. Recall the characterization of the largest generalized eigenvalue for symmetric matrices:

λ1

(
F(xQ)F

−1
n (xn)

)
= sup

w∈RK\{0}

wTF(xQ)w

wTFn(xn)w
.

Let eK ∈ RK be the unit vector with 1 in the K-th coordinate and zeros elsewhere. Using
fK(x, y) = 1/

√
M for every x, y, we compute

eTKF(xQ)eK =

M∑
y=1

(
fK(xQ, y)

)2
=

M∑
y=1

1

M
= 1,

and

eTKFn(x
n)eK =

1

n

n∑
i=1

M∑
y=1

(
fK(xi, y)

)2
=

1

n

n∑
i=1

M∑
y=1

1

M
= 1.

Hence the Rayleigh quotient at eK equals 1:

eTKF(xQ)eK
eTKFn(xn)eK

= 1.

Since the supremum over all nonzero w is at least the value at eK , we obtain
λ1

(
F(xQ)F

−1
n (xn)

)
≥ 1,

as required.

Proposition G.2 (When equality holds). With the notation and assumptions of Theorem G.1, we
have

λ1

(
F(xQ)F

−1
n (xn)

)
= 1

if and only if
F(xQ) ⪯ Fn(x

n),

i.e. Fn(x
n)−F(xQ) is positive semidefinite. In particular, a simple sufficient condition for equality

is
Fn(x

n) = F(xQ),

which occurs for example when n = 1 and x1 = xQ, or more generally when every sample equals
xQ (i.e. x1 = · · · = xn = xQ).

Proof. By the Rayleigh characterization,

λ1

(
F(xQ)F

−1
n (xn)

)
= sup

w ̸=0

wTF(xQ)w

wTFn(xn)w
.

Equality λ1 = 1 holds iff for every nonzero w,

wTF(xQ)w

wTFn(xn)w
≤ 1, i.e. wTF(xQ)w ≤ wTFn(x

n)w.

The last inequality for all w is exactly the PSD ordering F(xQ) ⪯ Fn(x
n). Hence equality is

equivalent to F(xQ) ⪯ F(x
n)n.

If Fn(x
n) = F(xQ) then trivially F(xQ) ⪯ Fn(x

n) and thus λ1 = 1. The condition Fn(x
n) =

F(xQ) holds when f(xi, y) = f(xQ, y) for every i, y, i.e. when xi = xQ for all i; in particular it
holds when n = 1 and x1 = xQ. This proves the stated sufficient condition.
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