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摘要

文本嵌入在各種自然語言處理任務中扮演關鍵角色。近期多項研究聚焦於以

大型語言模型為基礎的文本嵌入方法，並在多種下游任務中展現出卓越的效能。

然而，這些方法大多僅使用模型的最後一層來提取嵌入，而有研究指出，最後一

層未必能提供最佳表示。為此，本研究提出一種結合多層資訊的品質感知池化方

法，根據每一層的品質指標自動分配權重，以生成更具表現力的文本嵌入。實驗

結果顯示，所提方法在多數下游任務中皆能提升性能，驗證其有效性與泛化能

力。

關鍵字：文本嵌入、大型語言模型、多層池化、品質感知、下游任務

iv



doi:10.6342/NTU202503533

Abstract

Text embeddings play a crucial role in various natural language processing tasks.

Recent studies have focused on using large language models (LLMs) to generate high-

quality embeddings, achieving remarkable performance on a wide range of downstream

tasks. However, most existingmethods rely solely on the final layer of the model to extract

embeddings, despite evidence suggesting that the last layer may not always provide the

most informative representation. To address this, we propose a quality-aware multi-layer

pooling approach that integrates information from all layers and assigns weights based on

layer-wise quality scores. Experimental results demonstrate that our method consistently

improves performance across multiple downstream tasks, validating its effectiveness and

generalizability.

Keywords: Text Embedding, Large Language Models, Multi-Layer Pooling, Quality-

Aware, Downstream Tasks
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Chapter 1 Introduction

Text embeddings serve as a universal representation of textual data by mapping input

text into dense, continuous vector spaces. These embeddings are foundational for a wide

range of downstream tasks, such as text classification [20], information retrieval [16, 25],

and semantic textual similarity [3, 8]. While various models exist to generate embeddings,

large language models (LLMs) have recently gained traction as powerful text encoders.

LLMs can be used for text embedding through twomain approaches: training-based [6,

23, 26, 36] and training-free [18, 22, 31, 34, 37] methods. The training-based approach,

such as contrastive learning, encourages semantically similar texts to be closer in the em-

bedding space while pushing apart dissimilar ones. However, this approach typically re-

quires large-scale labeled data and considerable training time. In contrast, training-free

methods leverage prompts to directly extract embeddings from pretrained LLMs. These

methods eliminate the need for additional training and are therefore more efficient and

scalable. In this work, we focus on training-free methods due to their practicality and

flexibility.

Despite their effectiveness, existing text embedding models share a common limita-

tion: they typically rely on the hidden states from the last layer of the model, regardless of

the pooling strategy used (e.g., mean pooling [6, 26], last token pooling [36], or trainable

1
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pooling layers [21]). However, prior studies [22, 29, 33] suggest that the last layer does

not always yield the best performance. Different layers encode different types of informa-

tion, and intermediate layers may capture useful semantics for downstream tasks that the

last layer overlooks.

To verify the effectiveness of using the last layer to construct an embedding, we ana-

lyze the layer-wise downstream performance across models and datasets, as illustrated in

Figure 1.1. The upper part fixes a dataset and plots the downstream performance of each

layer across different models, while the lower part fixes a model and shows the down-

stream performance of each layer across different datasets. Several key observations can

be made from the figure. First, regardless of the setting, the last layer is usually not the

one that yields the best performance. Moreover, for a fixed dataset, the optimal layer for

generating embeddings varies across different models. Conversely, for a fixed model, the

optimal layer of each dataset also varies. These findings suggest that hidden states from

layers other than the last may better support different downstream tasks.

Motivated by these observations, the primary research question of this work is: Can

the embeddings from different layers be combined to create a new representation that

enhances downstream performance? In this paper we focus on finding a set of weights to

linearly combine the embeddings of different layers to generate a better representation.

Themajor challenge lies in the fact that the optimal weights often depend on the down-

stream tasks or datasets, which are most likely unknown during the process of embedding

generation. Since the downstream datasets are unknown, we cannot directly optimize the

weights based on the downstream performance. Another key novelty of this work lies in

a generalizable and efficient means to estimate the embedding quality for optimization,

2
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Figure 1.1: Last layer does not always yield best performance (the STAR sign stands for
the best layer). For clearer visualization in the figure, the downstream performance of
each line is normalized to a range between 0 and 1.

without supervision from the downstream tasks.

Building on these observations, we introduce LayerQW (Layer-wiseQualityWeighting),

a novel training-free framework designed to enhance text embeddings through quality-

aware multi-layer pooling. Unlike conventional approaches that rely solely on the last

layer representation, LayerQW adaptively integrates information from all layers of a large

language model, enabling the extraction of richer semantic features and delivering more

robust performance across a broad spectrum of natural language processing tasks. To de-

3
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termine the optimal contribution of each layer, we formulate the aggregation process as

an optimization problem guided by intrinsic quality metrics that exhibit strong correla-

tions with downstream performance. This formulation allows flexibility in the choice of

optimization algorithms. To effectively guide the optimization, we modify NESum [15],

originally developed for image representations, into a text-compatible variant (NESum-

Text) and employ it as a surrogate objective function. Our empirical analysis shows that

NESum-Text exhibits a strong correlation with downstream performance on text embed-

ding tasks, establishing it as a reliable proxy for model selection in scenarios without

labeled data.

Extensive experiments conducted across a diverse set of NLP benchmarks validate

the effectiveness of our approach. Compared to traditional strategies that utilize only the

last token embedding from the last layer, LayerQW consistently achieves superior perfor-

mance. These results underscore the importance of multi-layer integration and quality-

aware pooling in producing robust and generalizable text representations. We summarize

our contributions as follows:

• Through empirical study, we report that using only the last layer is not an ideal

means to construct embeddings.

• We formulate the embedding generation task as an optimization task to linearly ag-

gregate embeddings of all layers. Without supervised signal from the downstream

performance, our optimization strategy relies on a carefully designed task-agnostic

quality indicator based on the whitening degree of the representation.

• Extensive experiments were conducted, covering five training-free methods, four

base models, and 42 downstream datasets across seven task categories. Results

4
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consistently show that the proposed method yields significant improvement across

a wide range of scenarios.
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Chapter 2 Related Work

We categorize existing text embedding models based on two criteria: whether the

model is LLM-based and whether it has undergone training. This classification results in

four distinct categories, as summarized in Table 2.1. Below, we provide a more detailed

introduction to the embedding models that are based on LLMs.

Table 2.1: Categorization of existing text embedding models by LLM dependency and
training supervision.

Criteria Non-LLM-Based LLM-Based

Training-Based SimCSE [13], DiffCSE [9], PromptBERT [19] E5-Mistral [36], LLM2Vec [6], GritLM [26]

Training-Free BERT [11], RoBERTa [24], ST5 [28] Echo [31], PromptEOL [18], MetaEOL [22]

2.1 Training-Based Methods

These methods adopt contrastive learning to pull the query and its positive document

closer in the embedding space, while pushing the query away from negative documents.

E5-mistral-7b-instruct [36] utilizes a decoder-only LLM, enhanced through fine-tuning

on diverse synthetic datasets generated by GPT-4, thereby eliminating the need for com-

plex multi-stage training pipelines. LLM2Vec [6] introduces a method to repurpose gen-

erative LLMs into robust text encoders by applying bidirectional attention mechanisms,

aligning them more closely with traditional encoder-based architectures. GritLM-7B [26]

is trained to jointly optimize for both generative and embedding performance, bridging

6
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the gap between language generation and representation learning within a single unified

model. Bge-en-icl [23] further enhances embedding performance by leveraging few-shot

in-context learning.

2.2 Training-Free Methods

Several works have proposed different prompts that enable LLMs to generate high-

quality text embeddings without any training. Echo [31] repeats the input sentence to

improve token-level attention and capture richer semantic information. PromptEOL [18]

asks the LLM to represent a sentence using a single word (This sentence: ’[TEXT]’

means in one word:”). Then, the embedding of the ” token is used as the sentence embed-

ding. PCoTEOL [37] introduces a simulated chain-of-thought prompting strategy, while

KEEOL [37] prepends a declarative background definition about sentence embeddings to

guide the LLM’s representation. MetaEOL [22] aggregates outputs from eight prompts

spanning four meta-tasks to enhance robustness. GenEOL [34] employs LLMs as both em-

bedder and generator in constructing embeddings, enabling a generative encoding process

tailored for semantic understanding.

7



doi:10.6342/NTU202503533

Chapter 3 Methodology

3.1 Problem Definition

Given the last token embedding from each hidden layer of a pretrained language

model, denoted asE = {e1, e2, ..., en}, our goal is to learn a set of weightsw = {w1, w2, ..., wn}

to aggregate these layer-wise embeddings into a single final representation:

Efinal = wE =
n∑

i=1

wiei (3.1)

where Efinal denotes the final embedding. Ideally, the best weights w∗ should be

optimized to maximize performance on downstream tasks D:

w∗ = argmax
w

D(Efinal) (3.2)

However, since the specific downstream tasks are unknown, we propose to optimize

the weights based on a surrogate quality metricQ that correlates with downstream perfor-

mance:

8
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w∗ = argmax
w

Q(Efinal) (3.3)

This predefined metric allows us to estimate the utility of each layer＇s representa-

tion without requiring supervision from downstream tasks. The final embedding is then

computed as the weighted sum of the last token embeddings across all layers, guided by

these learned weights.

3.2 Quality Metric Design for Text Embeddings

Inspired by NESum [15] from the image domain, we design NESum-Text, a variant

adapted for textual data. Given a text dataset T of length N , we first apply a text embed-

ding model ϕ to obtain an embedding matrix M = ϕ(T) ∈ RN×d, where each row is a

d-dimensional embedding vector andN is the number of samples. To capture the linear re-

lationships among embedding dimensions, we compute the covariance matrix C ∈ Rd×d,

defined as:

C =
1

N − 1
(M− M̄)⊤(M− M̄) (3.4)

Here, let mi denote the i-th row of M. Then, M̄ is a matrix where each row is the

mean vector m̄ = 1
N

∑N
i=1mi. Since the covariance matrix C is symmetric and positive

semi-definite, we can perform eigendecomposition:

C = VΛV⊤ (3.5)

9
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where V ∈ Rd×d is an orthogonal matrix whose columns are the eigenvectors of C,

and Λ = diag(λ1, λ2, ..., λd) is a diagonal matrix containing the non-negative eigenvalues

of C. NESum-Text (Normalized Eigenvalue Sum) is then calculated as follows:

NESum-Text(Λ) =
d∑

i=1

λi

maxj λj

(3.6)

This metric is used to quantify the degree of whitening in an embedding. That is,

it measures how evenly the features are distributed across different dimensions. In the

context of text embeddings, whitening has been shown to enhance representation quality

by removing dominant directions and encouraging isotropic distributions [12, 32]. When

only a few eigenvalues of the covariancematrix dominate, theNESum-Text score becomes

low, indicating that the representation is concentrated in limited directions and lacks bal-

ance. Conversely, when the eigenvalues are more uniform in magnitude, the NESum-Text

score increases, reflecting a more isotropic and well-whitened embedding space. A higher

NESum-Text thus suggests reduced risk of the curse of dimensionality, leading to better

generalization and improved downstream task performance.

3.3 Bayesian Optimization with TPE

SinceNESum-Text is non-differentiable, traditional gradient-based optimizationmeth-

ods cannot be directly applied. To address this challenge, we adopt Bayesian optimization,

a technique widely used for solving black-box optimization problems [30].

In Bayesian Optimization, the goal is to maximize the objective function y = f(x)

as follows:

10
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x∗ ∈ argmax
x∈X

f(x) (3.7)

where x denotes a hyperparameter configuration, x∗ represents the optimal configura-

tion, andX is the search space containing all valid configurations. Bayesian Optimization

iteratively searches for the optimal x∗ using an acquisition function, which balances ex-

ploration and exploitation.

Specifically, we utilize the Tree-structured Parzen Estimator (TPE) algorithm [7], as

implemented in the Optuna framework [5]. TPEmodels the objective function by dividing

the search space into two densities with respect to a predefined threshold yγ:

p(x | y) =


ℓ(x) if y ≥ yγ

g(x) if y < yγ

(3.8)

Here, p(x | y) is the conditional probability density, where ℓ(x) represents the density

over better configurations (i.e., those with y ≥ yγ), and g(x) over worse ones. Both ℓ(x)

and g(x) are modeled using Parzen estimators, which are kernel density estimators (KDEs)

approximating distributions from observed samples.

The optimization of the expected improvement in TPE is equivalent to maximizing

the ratio ℓ(x)/g(x). The configuration selected at iteration t is therefore given by:

xt = argmax
x∈X

ℓ(x)

g(x)
(3.9)

By leveraging kernel-based density estimation and a flexible non-parametric model-

11
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ing strategy, TPE can efficiently navigate high-dimensional and irregular search spaces,

making it particularly suitable for optimizing our non-differentiable quality metric.

12
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Chapter 4 Experiment

4.1 Experiment Setup

4.1.1 Datasets

To compute the quality metric scores, we randomly sampled 10,000 sentences from

English Wikipedia. Given the task-agnostic nature of the quality metrics, we intentionally

refrained from using any labeled datasets for this evaluation. For assessing downstream

performance, we utilized the Massive Text Embedding Benchmark (MTEB) [27] to eval-

uate downstream scores across a variety of datasets. To demonstrate the general applica-

bility of our method, we conducted tests on 42 datasets, encompassing seven distinct task

categories: Semantic Textual Similarity (STS), Classification, Pair Classification, Clus-

tering, Retrieval, Ranking, and Summarization. The statistics for all datasets are detailed

in Table 4.1.

4.1.2 Training-Free Methods

Weevaluate LayerQWusing five training-free embedding strategies: Echo, PromptEOL,

PCoTEOL, KEEOL, and MetaEOL. Prompt-based methods were originally proposed to

enhance sentence embeddings without additional training. This experimental setup en-

13
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Table 4.1: Statistics of datasets.

Category Evaluation Metric Datasets

STS Spearman Correlation BIOSSES, SICK-R, STS12, STS13, STS14, STS15, STS16,
STS17, STS22, STSBenchmark

Retrieval NDCG@10 ArguAna, NFCorpus, SCIDOCS, SciFact

Classification Accuracy AmazonCounterfactualClassification, AmazonReviews-
Classification, Banking77Classification, EmotionClas-
sification, MassiveIntentClassification, MassiveScenari-
oClassification, MTOPDomainClassification, MTOPIn-
tentClassification, ToxicConversationsClassification,
TweetSentimentExtractionClassification

PairClassification Maximum Average Precision SprintDuplicateQuestions, TwitterSemEval2015, Twit-
terURLCorpus

Clustering V-Measure ArXivHierarchicalClusteringP2P, ArXivHierarchical-
ClusteringS2S, BiorxivClusteringP2P, BiorxivCluster-
ingS2S, MedrxivClusteringP2P, MedrxivClusteringS2S,
RedditClustering, StackExchangeClusteringP2P, StackEx-
changeClustering, TwentyNewsgroupsClustering

Reranking Mean Average Precision AskUbuntuDupQuestions, MindSmallReranking, SciDoc-
sRR, StackOverflowDupQuestions

Summarization Spearman Correlation SummEvalSummarization

ables a comprehensive assessment of the generalizability of LayerQW across a diverse

range of prompting paradigms. For each training-free method, we extract the last token

embedding from the large language model to serve as the text representation. This consis-

tent embedding strategy ensures a fair comparison across all evaluated methods.

4.1.3 Base Models

To assess the generalizability of our approach across diverse model architectures and

training paradigms, we adopt four large language models: DeepSeek-R1-Distill-Qwen-

7B [10], Mistral-7B [17], Qwen2-7B [2], and LLaMA3.1-8B [35]. All selected models

are publicly available via the Hugging Face Model Hub and represent a range of open-

weight LLMs with varying design choices and pretraining objectives.
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4.1.4 Baselines

In addition to using the last layer representation (Last) as a standard baseline, we

implement a uniform layer averaging strategy (Avg-All), where equal weights are assigned

to all layers during aggregation. To further establish a strong baseline, we also consider

averaging the last 10 layers of the model (Avg-Last10), motivated by prior observations

that the upper layers typically capture more task-relevant information.

4.1.5 Statistical Test

Following prior work [33], we apply theWilcoxon Signed-Rank Test to assesswhether

the performance gains of our method over baseline approaches are statistically signifi-

cant. This non-parametric test is well-suited for comparing paired results across multiple

datasets without assuming normality. We consider results with p-values less than 0.05 to

indicate statistically significant differences.

4.2 Main Results

Table 4.2 and Table 4.3 present a comprehensive evaluation of various embedding

combination strategies across five training-free prompting methods and four base mod-

els. Each column in the table represents the average downstream score across all datasets

within the corresponding task type. The last column, Avg., indicates the average score

across all 42 datasets. To facilitate interpretation, we mark LayerQW results with aster-

isks (*) to indicate statistically significant improvements over the strongest baseline (i.e.,

the best of Last, Avg-All, or Avg-Last10). In addition, the values in parentheses indicate
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Table 4.2: Experimental results on DeepSeek-R1-Distill-Qwen-7B and Mistral-7B.

Prompt Method STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

Base Model: DeepSeek-R1-Distill-Qwen-7B

Echo

Last 23.74 31.25 25.06 33.45 46.72 0.85 1.50 28.28
Avg-All 21.33 30.78 24.32 33.18 46.62 0.81 1.62 27.44

Avg-Last10 20.85 30.50 24.20 33.19 45.51 0.79 6.64 27.13
LayerQW 24.18 32.10 24.23 34.13 50.51 0.80 9.16 29.39 (+3.95%)

PromptEOL

Last 53.76 62.69 36.63 47.68 66.29 8.62 8.47 47.35
Avg-All 53.80 55.22 35.25 46.32 66.77 6.44 13.78 46.40

Avg-Last10 55.44 56.04 36.60 47.31 67.03 8.47 16.65 47.59
LayerQW 58.13 57.97 38.34 48.49 67.88 12.95 18.59 49.57 (+4.16%)*

PCoTEOL

Last 54.41 61.81 35.63 47.20 66.25 7.28 11.51 47.09
Avg-All 54.11 54.70 35.28 46.59 67.27 5.59 14.35 46.52

Avg-Last10 55.52 55.24 36.21 47.30 67.31 7.74 16.56 47.45
LayerQW 57.22 57.03 37.54 48.25 68.03 10.90 18.65 48.91 (+3.08%)*

KEEOL

Last 51.77 66.03 35.45 46.32 67.31 6.99 11.92 46.87
Avg-All 50.61 55.90 34.14 46.20 67.63 3.62 7.07 45.19

Avg-Last10 52.05 56.94 35.20 46.72 67.96 4.19 10.31 46.12
LayerQW 54.37 59.67 36.88 47.92 68.74 5.83 12.45 47.77 (+1.93%)*

MetaEOL

Last 54.79 69.21 35.23 46.69 69.54 17.70 15.30 49.43
Avg-All 57.67 62.28 34.82 47.23 69.94 5.56 12.03 48.43

Avg-Last10 59.81 63.90 36.49 47.93 70.23 7.77 16.08 49.90
LayerQW 60.17 65.15 36.82 48.35 70.60 8.89 16.15 50.39 (+0.98%)*

Base Model: Mistral-7B

Echo

Last 38.19 42.16 29.44 42.66 59.13 1.87 4.79 37.55
Avg-All 34.77 38.41 28.85 41.02 57.76 1.51 4.67 35.81

Avg-Last10 36.05 39.57 29.08 41.61 59.06 1.56 5.00 36.63
LayerQW 39.76 44.36 29.83 43.60 59.83 2.19 5.55 38.47 (+2.47%)*

PromptEOL

Last 63.43 62.07 38.88 51.23 69.11 22.60 24.20 52.86
Avg-All 66.68 62.26 39.70 52.31 70.20 23.38 26.91 54.34

Avg-Last10 66.54 62.62 39.67 52.43 70.07 23.89 26.52 54.34
LayerQW 67.67 62.25 40.04 52.48 70.80 23.66 26.88 54.84 (+0.92%)*

PCoTEOL

Last 62.46 64.53 37.51 52.18 68.85 21.14 22.20 52.31
Avg-All 66.31 64.81 38.96 53.33 70.06 23.52 24.37 54.27

Avg-Last10 66.21 65.02 38.84 53.48 69.84 23.90 24.38 54.24
LayerQW 67.53 64.41 39.80 53.56 70.81 25.11 27.48 55.16 (+1.64%)*

KEEOL

Last 65.26 70.73 35.62 49.11 70.56 22.57 22.34 53.23
Avg-All 67.13 69.74 36.90 50.25 71.62 23.40 25.27 54.42

Avg-Last10 67.27 70.20 36.74 50.37 71.46 24.17 25.96 54.51
LayerQW 67.23 68.78 37.59 50.77 72.22 23.34 26.42 54.75 (+0.45%)

MetaEOL

Last 69.05 77.63 40.93 53.10 73.00 30.44 23.93 57.64
Avg-All 70.89 77.13 41.83 53.58 73.87 30.31 25.72 58.54

Avg-Last10 70.75 77.31 41.87 53.63 73.72 31.10 26.08 58.58
LayerQW 70.85 77.23 42.08 53.55 73.92 30.77 25.86 58.65 (+0.13%)

the percentage improvement of LayerQW relative to the best-performing baseline, provid-

ing a more intuitive understanding of the relative gain.

The experimental results clearly demonstrate that LayerQWconsistently outperforms

both naive averaging across layers and the use of the original last layer representation.
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Table 4.3: Experimental results on Qwen2-7B and LLaMA3.1-8B.

Prompt Method STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

Base Model: Qwen2-7B

Echo

Last 28.97 38.71 26.21 37.15 53.92 0.87 -2.07 32.31
Avg-All 24.21 32.32 25.70 34.99 51.79 0.84 -4.54 29.83

Avg-Last10 24.58 32.72 25.63 35.43 51.30 0.77 -3.36 29.87
LayerQW 29.54 38.81 25.63 37.79 56.04 1.06 -2.87 32.88 (+1.77%)

PromptEOL

Last 62.51 69.81 40.49 51.79 70.50 22.92 12.09 53.70
Avg-All 63.09 62.12 40.61 51.46 72.17 22.82 22.37 53.92

Avg-Last10 63.73 62.77 40.99 51.97 72.16 26.77 26.83 54.73
LayerQW 65.19 64.79 41.74 52.63 72.55 28.90 25.40 55.73 (+1.83%)*

PCoTEOL

Last 62.87 68.57 39.41 51.55 71.00 20.44 14.60 53.36
Avg-All 62.59 61.30 38.61 50.61 72.40 15.19 23.87 52.54

Avg-Last10 63.16 61.84 39.03 50.99 72.30 19.33 27.18 53.31
LayerQW 64.62 64.43 40.03 52.19 72.85 23.64 24.85 54.68 (+2.47%)*

KEEOL

Last 64.63 71.57 37.63 49.50 70.96 20.50 12.77 53.32
Avg-All 63.88 62.56 37.05 47.93 72.04 9.72 20.21 51.63

Avg-Last10 64.60 63.15 37.12 48.27 72.02 14.63 25.21 52.47
LayerQW 66.70 67.95 37.82 50.45 72.35 24.38 28.11 54.76 (+2.69%)*

MetaEOL

Last 64.16 76.28 40.23 50.70 72.69 26.54 21.64 55.48
Avg-All 65.95 66.57 39.02 49.55 73.60 11.67 23.80 53.67

Avg-Last10 66.78 67.13 40.02 49.89 73.59 19.86 29.31 55.08
LayerQW 67.55 70.03 40.34 50.87 74.00 22.20 27.27 55.92 (+0.79%)

Base Model: Llama3.1-8B

Echo

Last 39.42 42.27 31.25 42.18 58.58 2.04 -4.15 37.90
Avg-All 31.76 35.73 28.53 38.83 53.31 0.99 -5.69 33.26

Avg-Last10 35.26 38.32 29.09 40.42 56.91 1.17 -5.78 35.43
LayerQW 41.43 43.07 30.49 43.31 59.27 2.10 -3.57 38.55 (+1.71%)

PromptEOL

Last 65.47 60.43 40.71 51.92 69.24 26.58 25.97 54.18
Avg-All 65.91 57.97 38.50 50.81 71.01 26.47 25.44 53.88

Avg-Last10 66.88 59.23 39.31 51.67 70.97 29.79 26.32 54.80
LayerQW 67.13 59.66 39.63 51.88 71.07 29.77 26.69 55.02 (+0.40%)*

PCoTEOL

Last 67.66 62.55 41.29 53.27 69.06 27.36 23.09 55.08
Avg-All 68.07 60.61 40.13 52.39 70.82 28.31 24.50 55.22

Avg-Last10 68.80 61.62 40.59 53.10 70.81 31.16 25.74 55.95
LayerQW 69.05 62.20 41.07 53.36 70.88 31.25 26.07 56.22 (+0.48%)*

KEEOL

Last 67.79 66.86 41.34 52.42 70.47 23.96 22.35 55.34
Avg-All 66.40 63.27 38.82 51.21 72.12 24.49 22.52 54.49

Avg-Last10 67.55 64.85 40.02 52.11 72.12 27.57 23.89 55.57
LayerQW 67.68 69.21 40.21 52.27 71.88 29.98 22.20 56.11 (+0.96%)

MetaEOL

Last 71.37 77.22 44.67 53.73 72.23 29.04 18.11 58.66
Avg-All 71.18 74.03 43.00 53.47 74.12 28.38 22.32 58.45

Avg-Last10 72.01 75.61 44.11 54.01 74.05 33.36 23.92 59.57
LayerQW 71.94 75.79 43.75 53.89 74.30 31.47 22.96 59.33 (-0.41%)

This trend is especially pronounced under the PromptEOL prompting strategy with the

DeepSeek-R1-Distill-Qwen-7Bmodel, where LayerQWachieves an average performance

improvement of 4.16% over the strongest baseline, with the difference being statistically

significant. Similar patterns are observed across other prompting methods and base mod-

els, suggesting that LayerQW generalizes well across different configurations and task
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settings.

Our analysis confirms that multi-layer pooling often yields more informative rep-

resentations than using only the last layer. Even simple average pooling across all lay-

ers improves performance in many cases. This improvement is particularly notable for

Mistral-7B, where PromptEOL and PCoTEOL improve from 52.86 to 54.34 and from

52.31 to 54.27, respectively. These gains suggest that earlier layers capture complemen-

tary semantic information. However, we also observe instances where Avg-All degrades

performance, notably in the Echo prompting condition. This indicates that naive averaging

may suppress important task-specific signals.

We compare the performance of Avg-All and Avg-Last10. Our results show that Avg-

Last10 consistently outperforms Avg-All across most settings, with only two exceptions:

DeepSeek-R1-Distill-Qwen-7B with Echo and Mistral-7B with PCoTEOL, where Avg-

Last10 yields slightly lower performance. This aligns with prior observations that the final

layers of large languagemodels tend to capturemore task-relevant information. As a result,

aggregating only the last 10 layers generally leads to better downstream performance.

Crucially, LayerQWconsistently achieves superior performance regardless ofwhether

uniform averaging improves or degrades downstream task outcomes. For instance, under

the PromptEOL setting with the Qwen2-7B backbone, Avg-All improves the score from

53.70 to 53.92, and Avg-Last10 further raises it to 54.73. LayerQW surpasses both base-

lines, reaching 55.73 with a statistically significant improvement of 1.83%. In addition,

under the Echo setting with theMistral-7B backbone, Avg-All leads to a performance drop

from 37.55 to 35.81. Although Avg-Last10 partially recovers the performance to 36.63, it

still lags behind Last. In contrast, LayerQW reverses this decline and boosts performance
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to 38.47, yielding a statistically significant gain of 2.47%.

In summary, LayerQW emerges as a robust and versatile approach for aggregating

multi-layer representations in large language models. It consistently yields improved

downstream performance over conventional methods, maintains effectiveness across di-

verse prompts and architectures, and achieves statistically significant gains in nearly all

evaluated cases. These findings underscore LayerQWpotential as a principled and reliable

method for enhancing sentence representation quality in training-free settings.

4.3 The Upper Bound of Task-Agnostic Optimization

To estimate the upper bound of our method, we conduct an oracle experiment where

we assume access to downstream task performance during the optimization process. Specif-

ically, we define the objective function as the average performance across all 10 STS

datasets, thereby allowing the optimizer to directly optimize for true downstream perfor-

mance rather than relying on a proxy metric. This setting simulates an ideal case where

downstream supervision is available during search, which is not a feasible scenario in real-

world deployment but useful for understanding the ceiling of task-agnostic methods. The

experiment is conducted using the LLaMA3.1-8B backbone and PromptEOL configura-

tion.

The results are summarized in Table 4.4. We denote this ideal result as Oracle, and

for each method, we also report the relative performance gap to Oracle in parentheses. No-

tably, LayerQW achieves performance remarkably close to this upper bound, with only a

0.28% relative difference. This small gap highlights the effectiveness of our optimization

framework in the absence of downstream labels. The closeness to Oracle indicates that
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our task-agnostic quality metric (NESum-Text) successfully aligns with actual task perfor-

mance, despite not relying on any supervision. This suggests that NESum-Text captures

intrinsic embedding properties that are robust and transferable across diverse downstream

tasks.

Table 4.4: Upper bound estimation using downstream-aware optimization.

Method BIOSSES SICK-R STS12 STS13 STS14 STS15 STS16 STS17 STS22 STSB. STS Avg.

Last 74.10 70.44 60.77 80.15 69.64 76.89 78.23 59.88 11.98 72.65 65.47 (-2.75%)
Avg-All 72.61 71.02 60.14 80.61 69.93 77.26 77.26 66.39 10.61 73.30 65.91 (-2.09%)

Avg-Last10 73.63 71.66 61.67 81.82 71.27 78.28 78.31 67.57 9.95 74.63 66.88 (-0.65%)
LayerQW 74.49 71.66 61.80 81.70 71.19 78.29 78.48 67.67 11.45 74.59 67.13 (-0.28%)
Oracle 74.79 71.66 61.93 81.64 71.18 78.38 78.72 67.59 12.84 74.50 67.32
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Chapter 5 Ablation Study

5.1 Comparison of Different Objective Function

In addition to NESum, other quality metrics such as α-ReQ and RankMe can also

be used to assess the quality of text embeddings. α-ReQ [4] captures the spectral decay

behavior of representations by modeling the distribution of eigenvalues with a power-law.

RankMe [14] evaluates the effective dimensionality of a representation by computing the

entropy of its normalized singular values. We compare the performance of different quality

metrics when used as the objective function in our framework. Specifically, we fix the

training-free method to PromptEOL and conduct this experiment across four base models:

LLaMA3.1-8B, Mistral-7B, DeepSeek-R1-Distill-Qwen-7B, and Qwen2-7B.

The results, shown in Table 5.1, report downstream performance across seven task

types, as well as the average score across all tasks. We observe that embeddings optimized

using NESum consistently achieve the best overall performance on three out of the four

models: LLaMA3.1-8B, Mistral-7B, and DeepSeek-R1-Distill-Qwen-7B. In the case of

Qwen2-7B, RankMe slightly outperformsNESum by a narrowmargin in the average score

(55.77 vs. 55.73), although NESum still performs best on most individual tasks. This

further supports the use of NESum as a reliable and effective quality metric for guiding

training-free model selection.
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Table 5.1: Downstream performance optimized by various quality metrics.

Model Quality STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

Llama3.1-8B
NESum 67.13 59.66 39.63 51.88 71.07 29.77 26.69 55.02
RankMe 66.57 58.98 39.07 51.35 71.09 29.38 26.09 54.60
α-ReQ 63.83 55.58 37.05 49.08 70.64 21.96 22.63 52.11

Mistral-7B
NESum 67.67 62.25 40.04 52.48 70.80 23.66 26.88 54.84
RankMe 67.26 61.80 40.01 52.13 70.83 22.88 27.10 54.61
α-ReQ 65.94 60.43 39.24 51.34 70.58 20.42 25.78 53.61

DeepSeek-R1-Distill-Qwen-7B
NESum 58.13 57.97 38.34 48.49 67.88 12.95 18.59 49.57
RankMe 57.29 57.50 37.58 48.14 67.70 10.57 18.08 48.83
α-ReQ 54.96 56.96 34.81 47.01 67.55 6.99 15.05 47.03

Qwen2-7B
NESum 65.19 64.79 41.74 52.63 72.55 28.90 25.40 55.73
RankMe 65.12 64.38 41.96 52.60 72.55 29.16 25.75 55.77
α-ReQ 61.85 62.23 38.99 50.96 72.20 15.96 21.81 52.54

To further validate the effectiveness of each quality metric, we compute their cor-

relation with actual downstream performance across datasets. Specifically, we calculate

quality scores for each layer of the four base models using PromptEOL. For each model,

we then evaluate the Pearson correlation between the layer-wise quality scores and the cor-

responding downstream task performance. The results, presented in Table 5.2, show that

NESum consistently achieves the highest correlation, followed by RankMe and α-ReQ.

These findings suggest that NESum aligns more closely with real-world task performance

and serves as a more reliable proxy objective.

Table 5.2: Correlations between quality metric scores and downstream performance.

Quality STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

NESum 83.05 77.27 82.96 89.15 76.05 94.31 86.82 82.91
RankMe 86.95 78.42 72.64 87.75 83.46 82.00 88.32 81.89
α-ReQ 64.02 63.31 49.96 67.96 76.17 57.60 64.63 63.31

5.2 Comparison of Different Samplers

Wecompare the performance of our selected sampling strategy, Tree-structured Parzen

Estimator (TPE), with a commonly used heuristic method, the Genetic Algorithm (GA) [1].

The comparison is conducted under a training-free setting using PromptEOL,where LLaMA3.1-
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8B serves as the base model for generating embeddings. As presented in Table 5.3, TPE

achieves slightly better average performance than GA across the evaluated tasks (55.02 vs.

54.95). However, statistical significance testing reveals that the performance difference

is not significant, indicating that both methods are comparably effective in our setting.

Table 5.3: Comparative results of different sampling strategies.

Sampler STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

TPE 67.13 59.66 39.63 51.88 71.07 29.77 26.69 55.02
GA 67.05 59.72 39.52 51.82 71.07 29.45 26.97 54.95

Overall, our findings demonstrate that the proposed framework is robust to the choice

of sampling method. While TPE offers better efficiency and slightly more stable results,

the compatibility with alternative strategies like GA highlights the general applicability

and adaptability of our approach in black-box optimization scenarios.

5.3 Comparison of Different Trial Numbers

The number of optimization trials is treated as a tunable hyperparameter in our frame-

work. We adopt PromptEOL as the training-free method and use Mistral-7B as the base

model to investigate how varying the number of trials affects embedding quality and down-

stream performance.

As shown in Table 5.4, increasing the number of trials from 10 to 100 leads to consis-

tent improvements across most task types. However, performance plateaus beyond 100

trials, with average scores remaining stable and even slight drops observed in some tasks.

This suggests limited additional value from further exploration.

Each trial only requires computing the NESum-Text score, which is lightweight and
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training-free. Therefore, running hundreds of trials is still efficient. Nonetheless, 100 trials

strike a good balance between performance and efficiency, making it a practical default.

Table 5.4: Performance comparison across different numbers of optimization trials.

Trials STS PairClass. Clust. Rerank Class. Retr. Summ. Avg.

10 66.76 61.46 39.48 52.02 70.87 22.41 26.70 54.29
50 66.89 61.75 39.78 52.06 70.92 22.72 26.29 54.44
100 67.67 62.25 40.04 52.48 70.80 23.66 26.88 54.84
200 67.48 62.17 40.12 52.38 70.85 23.48 26.91 54.80
300 67.39 62.16 39.97 52.33 70.88 23.49 26.79 54.74
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Chapter 6 Conclusion

This work highlights the limitations of relying solely on last layer representations in

large language models for text embedding, and demonstrates the benefits of aggregating

information across all layers. By leveraging a task-agnostic quality metric originally de-

veloped for the image domain, we utilize a training-free, quality-aware framework that

optimizes layer-wise integration without requiring labeled data. Extensive experiments

across diverse models, tasks, and datasets confirm the robustness and generalizability of

our approach. These findings underscore the importance of revisiting layer utilization

strategies in LLMs and open new directions for embedding optimization in zero-shot and

low-resource NLP settings.
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