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Retrieval-Augmented Generation (RAG)

• Data Preparation: document parsing and text chunking → C = {c1, c2, . . . , cm}

• Indexing: vectorization → E = {e1, e2, . . . , em}, where ei = g(ci)

− ei: embedding vector of chunk ci

− g(·): embedding model

• Retrieval:

− Computing the similarity between query q and each chunk: si =
g(q)·ei
|g(q)||ei|

− Selecting the top-k chunks with the highest similarity scores

• Augmented Generation: incorporating the retrieved information to enrich the
input to the generative model

Confidence of LLMs

Various metrics can be used to measure the confidence of an LLM’s response,
such as Average Log-Probability (AvgLogP), Gini Impurity (Gini), Entropy, Dis-
tributional Perplexity (DP), and KL divergence to the uniform distribution (Self-
Certainty). According to experimental results, model performance is positively
correlated with these confidence scores:

Fig. 1: Cumulative Distribution Function (CDF) of Accuracy for Different Metrics
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Fig. 2: Workflow

• Motivation: Different embedding models yield different retrieval results due to varia-
tions in architecture and training data. Our goal is to enable LLMs to adaptively select
the optimal embedding model for each query, guided by confidence signals.

• Methodology:

− Generate answers using RAG repeatedly, each time employing a different embed-
ding model for indexing and retrieval.

− Output the answer with the highest confidence score.

• Confidence Metrics:
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− f(): LLM

− x: the prompt

− y<i: the first generated i− 1 tokens

− yi: the ith token

− vj: the jth element in the vocabulary v

− |v|: the vocabulary size

− n: the answer length

Experiment

A. Experiment Setup:

• LLMs: Qwen2.5-Math-7B [6], Llama-3.1-8B [8], OLMo-2-1124-7B [2]

• Embedding Models: MiniLM-L6-v2 [7], ModernBERT-large [7], MathBERT
[4], and stsb-roberta-large [5]

• Q&A Datasets: Gsm8k [1]

• Corpus: Mathematics Textbooks from OpenStax [3]

Qwen2.5-Math-7B Llama-3.1-8B OLMo-2-1124-7B

w/o RAG 75.2 16.6 21.0
vanilla RAG 80.5 21.3 26.0

AvgLogP 80.1 26.8 31.5
Self-Certainty 84.3 27.0 31.2
Gini 80.0 26.7 30.5
Entropy 80.6 26.9 31.8
DP 81.6 27.0 33.3

Tab. 1: Evaluation Accuracy: The last five rows correspond to Confident-RAG results using different confidence

metrics. RAG results are averaged across various embedding models. Bold indicates the best performance; under-

line indicates the second best.

B. Experiment Results:

• Confident-RAG consistently outperforms vanilla RAG across most scenar-
ios.

• Confident-RAG yields greater improvements for general-purpose LLMs than
for domain-specific LLMs, as the latter already possess substantial knowl-
edge aligned with the external corpus.

• Self-Certainty and DP achieve the best performance when used as confi-
dence metrics for Confident-RAG.
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