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H I G H L I G H T S

∙ Efficient training-free layer selection utilizes token cosine similarity.

∙ Inter-layer token relationships identify optimal layers for fine-tuning.

∙ Reduces trainable parameters by 75% with a 1.5x training speedup.

∙ Our paper achieves better accuracy on 16 diverse datasets compared to the SOTA works.

∙ Layer selection strategy preserves robust cross-domain generalization.
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A B S T R A C T

The growing scale of pre-trained language models poses a challenge in fine-tuning for downstream 

tasks, especially in resource-constrained settings. Recent studies highlight that not all layers in 

Transformer-based language models contribute equally to downstream task performance, giving 

rise to various partial fine-tuning strategies. We propose a training-free approach for layer-wise 

partial fine-tuning that leverages the cosine similarity between representative tokens across layers 

to identify inter-layer relationships. Our method comprises two stages: (i) scoring layers based 

on their relevance to the task via a single forward pass, and (ii) fine-tuning a subset of layers, 

either highest-scoring, lowest-scoring, or block-wise, while keeping others frozen. We conduct 

experiments on 16 diverse NLP datasets, including single-sentence and sentence-pair classification 

tasks, as well as generation tasks. Our method achieves competitive performance compared to full 

fine-tuning, with an average training speedup of 1.5× and a reduction of trainable parameters by 

75%, and outperforms all comparative baselines in 14 out of 16 evaluated datasets. Additionally, 

our approach does not cause any notable drop in performance when the domain is changed for 

the evaluation tasks, demonstrating a robust cross-domain performance.

1. Introduction

Language Models (LMs) play a crucial role in various NLP tasks as they can extract contextual word representations that capture 

semantic nuances based on their surrounding context, enabling a more accurate and nuanced understanding and generation of text 

[1]. Consequently, pretrained LMs like BERT [2] have set new state-of-the-art benchmarks across many NLP tasks. Several studies 

have explored the factors underlying the capabilities of LMs, revealing that their strength lies in capturing hierarchical representations
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across different layers of the model [3]. Each layer in BERT, for example, learns to interpret language at varying levels of complexity 

and abstraction.

Recent research [4], however, has discovered that not all layers of Transformer models are equally important for downstream 

tasks [5]. As a result, several strategies have been proposed to reduce the number of learnable parameters and memory requirements. 

Various such partial fine-tuning and parameter-efficient training methods have achieved competitive performance compared to fully 

fine-tuned models.

Among recent studies, two major lines of work have been explored. The first line employs dynamic layer selection-based strategies, 

as demonstrated in methods such as SlimFit [6], LIFT [7], SFT [8], and RECAP [9]. These approaches select layers based on similarity 

scores derived from gradient analysis, selective weight updates, or attention-like mechanisms during each training epoch. The second 

line of work focuses on heuristic layer selection and freezing strategies. Methods such as Layer Drop [10], and those proposed by 

Lee et al. [11], or Ingle et al. [12] heuristically select or drop layers without considering their interrelationships with other layers 

within the model or layer blocks. Both these lines of work, however, suffer from several limitations. First, in dynamic layer selection-

based approaches, the gradient-based scores or distances are calculated and updated in every epoch for each sample, leading to 

significant computational overhead. Additionally, these methods require extra resources for auxiliary networks that are updated 

during training, resulting in longer training times. Second, the heuristic-based layer freezing, bias-only updates, or layer-selection 

based on input/output similarity tends to yield less competitive performance [13] as inter-layer relations are overlooked. Third, both 

strategies exhibit further performance degradation in cross-domain evaluation tasks (i.e., when training occurs in one domain and 

testing in another), which undermines the model’s generalization capability.

We address these limitations by proposing a novel training approach in which layer similarity is calculated based on representative 

semantic token representations (e.g., the [CLS] token in encoder-only models or the last token in causal decoder models). We focus on 

these token representations because they encapsulate the overall contextual information [14] of the input sequence [15]. However, 

to the best of our knowledge, layer similarity calculation based on such representative semantic tokens has not yet been explored. 

Thus, our method explicitly captures inter-layer relationships to select layers that are most relevant to the downstream task. Since 

these tokens are obtained during a single forward pass, calculating similarity scores across different layers is cost-effective. Moreover, 

the use of semantic tokens during the forward pass helps preserve the model’s generalization capability.

Our solution consists of two simple stages: a training-free layer selection stage and a partial fine-tuning stage. In the selection stage, 

we first pass a sentence through a pre-trained language model and assign a selection score to each layer based on the cosine similarity 

of the representative tokens immediately after the forward pass. In the second stage, we fine-tune only a few selected layers, based 

on their scores, while keeping the remaining layers frozen. Therefore, our method does not require training additional parameters 

or designing extra networks, unlike the contemporary approaches [16]. Furthermore, our strategy maintains strong performance in 

cross-domain evaluation tasks since layers are selected based on their interrelationships, unlike the heuristic layer selection or freezing 

methods [11]. Finally, our method allows for the selection of layers across different layer blocks, ensuring diversity in representation.

Overall, the key contributions of this paper are as follows:

• We introduce a novel, training-free approach for selecting layers based on inter-layer cosine similarity of representative token

representations (such as [CLS] or last token), which reduces trainable parameters by 75% and accelerates training by 1.5×, 
while being within 0.7% of the accuracy of full fine-tuning. Our approach is training-free because it does not require any 

backpropagation or parameter updates for layer selection. Instead, a single forward pass of the training samples is sufficient 

to compute the cosine similarity scores.

• We investigate multiple selection mechanisms, including fine-tuning the highest-scoring layers, the lowest-scoring layers, and

distributing selections across different layers by grouping layers into blocks. We conduct extensive experiments on 16 diverse 

NLP datasets spanning single-sentence classification, sentence-pair classification, and text generation tasks, which show that 

our approach outperforms existing baselines.

• We demonstrate that our approach maintains strong generalization across domain shifts, as shown by improvements in out-

of-domain evaluations, and exhibits scalability to larger models and datasets, ensuring that models retain their effectiveness 

even when applied to novel data distributions or resource-intensive scenarios.

2. Related work

In this section, we discuss different lines of work that employ parameter-efficient fine-tuning approaches to reduce the parameter 

count and model depth of pre-trained language models.

2.1. Heuristic layer selection and freezing strategies

Early work by Lee et al. [11] demonstrated that fine-tuning only the last 25% of layers in BERT and RoBERTa could achieve 90% 

of full model performance. Shen et al. [17] introduced a partial transfer approach using evolutionary search to determine optimal 

layer freezing patterns in few-shot learning scenarios. Vucetic et al. [18] developed Freeze And Reconfigure (FAR), which freezes 

feed-forward network nodes based on their value changes during an initial priming phase. Similarly, Ingle et al. [12] found that 

freezing the first 50% of layers in RoBERTa could improve few-shot learning performance while reducing training time. A recent 

work by He et al. [10] proposes Layer Drop, which uses cosine similarity between the input and output of the Transformer layers to 

identify redundancy, and drops the redundant layers rather than freezing them. While these methods rely on heuristic layer freezing,
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bias-only updates, or complex optimization techniques, our method explicitly captures inter-layer relationships to select layers most 

relevant to the task.

2.2. Dynamic layer selection and efficient training

More recent approaches have focused on dynamic layer selection and efficient training strategies. Ardakani et al. [6] proposed 

SlimFit, which analyzes gradient contributions to iteratively freeze less important layers. Zhu et al. [7] introduced LIFT, a layer-wise 

fine-tuning approach that updates only one Transformer layer at a time sequentially. Simoulin et al. [8] presented a memory-efficient 

approach that selectively propagates gradients through a subset of input token positions. Pan et al. [19] proposed LISA, which 

randomly freezes a subset of the middle layers iteratively during training to save memory. Gu et al. [20] proposed a semantic 

analysis-based layer freezing method, using deviations between virtual and factual transitions of latent representations to estimate 

the fine-tuning gain for each layer. Ilhan et al. [9] presented RECAP, which uses first-order Taylor approximation to compute the less 

important weights to prune the model and then uses Fisher information for masking the weights that cause the least change in model 

predictions during fine-tuning. Our approach deviates from these by introducing a simple training-free layer selection mechanism 

based on cosine similarity, avoiding complex iterative updates, gradient analysis, or semantic transition estimation, and instead uses 

pre-trained [CLS] token representations to capture inter-layer relationships directly.

2.3. Advanced fine-tuning and selective adaptation strategies

Beyond direct layer selection, recent research has expanded into advanced parameter-efficient fine-tuning (PEFT) frameworks 

and architectural modifications to address specific adaptation challenges. For instance, Ding et al. [16] proposed a Hypernetwork-

based PEFT (HyperPEFT) framework designed to bridge pre-trained models with continual learning. By utilizing hypernetworks to 

generate task-specific parameter adjustments, they effectively mitigate catastrophic forgetting while facilitating knowledge sharing 

across tasks. Similarly, targeting generalization in target-unspecific tasks, Cui et al. [21] introduced a Features Matrix (FM) approach. 

This method incorporates hand-crafted prompts to extract general knowledge from frozen models, thereby preventing overfitting and 

enhancing performance on novel classes and cross-dataset scenarios.

3. Methodology

Our proposed methodology for 𝑘-layer selective fine-tuning has two different stages: i) a Selection Stage, and ii) a Partial Fine-

tuning Stage. In the selection stage, we select the layers that should be fine-tuned and in the fine-tuning stage, we allow those layers 

to be fine-tuned along with the classifier head while keeping the other layers frozen. The selection stage does not require any training. 

The details are provided in Section 3.1 and Section 3.2. The overall methodology is depicted in Fig. 1.

3.1. Selection stage

After passing a sequence 𝑆 into a pre-trained LM 𝑓 , for𝐿𝑀  we extract the layer-wise representations   

 

the input tokens. Specifically,

for layer 𝑙, we extract  

 the hidden representations 𝐻 

𝑙 = {ℎ𝑙 , ℎ𝑙 𝑙 , where is the number of input tokens. If has1 2,… , ℎ }𝑛   𝑛        𝑓𝐿𝑀  𝐿  

 

layers in

total, we extract all layers’ representations H =    

 {𝐻 

1,𝐻 

2 … ,𝐻 

𝐿}.
For each layer 𝑙, we identify a representative token, denoted  

 as ℎ𝑙 , which encapsulates the semantic representation theep  ofr   entire

sequence. For encoder-only models like BERT, this corresponds to the special classification token ([CLS]). For decoder-only models
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Fig. 1. Overall methodology for 𝑘-Layer selective fine-tuning. We adopt a two-stage approach: a selection stage and a fine-tuning stage. In the selection stage, we 

calculate the cosine similarity between representative tokens (e.g., the [CLS] token or the last token) of each layer with all other layers to find layer-wise scores. In 

the fine-tuning stage, we select the highest/lowest scoring 𝑘 layers and fine-tune only those while keeping the remaining layers frozen. See Section 4.3 for specific 

details on the prediction head architecture and token extraction for encoder vs. Decoder models.
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like GPT-2, we utilize the representation of the last token in the sequence, as it aggregates the context of all preceding tokens in 

causal attention mechanisms.

To compute the selection score for layer 𝑙, we measure  

 the cosine similarity between ℎ 

𝑙 andrep  the representative token repre

sentations from all other layers, excluding ℎ𝑙 

       itself. The selection score is obtained by averaging theser  cosine similarity values.ep
Mathematically, the score for layer 𝑙 is defined as:

-

Score(𝑙) = 

1
𝐿 − 1

𝐿
∑ 

𝑖=1
𝑖≠𝑙

cos _𝑠𝑖𝑚 

( 

ℎ 

𝑙
rep, ℎ 

𝑖
rep

)

After calculating the score for each layer, we rank them and choose 𝑘 layers (𝑘 < 𝐿) for fine-tuning in the downstream task. We 

consider three distinct strategies to select these 𝑘 layers:

• High Scoring 𝑘 layers: In this approach, after computing the scores for all layers, we select the 𝑘 layers with the highest scores

for fine-tuning. High cosine similarity often indicates that these layers function as stable information anchors, maintaining 

strong connectivity between raw input embeddings and final outputs. By fine-tuning these layers, we adapt the model’s logical 

reasoning mechanisms while preserving the stability of the inference chain. This strategy is particularly effective for tasks 

requiring robust structural inference, where preserving the integrity of central integration layers is crucial for performance.

• Low Scoring 𝑘 layers: This strategy is the reverse of the previous one. We select the 𝑘 layers with the lowest scores for

fine-tuning. Low similarity scores signify pronounced representational divergence, indicating where the model aggressively 

distorts the feature manifold to separate classes or predict tokens. Fine-tuning these layers allows for the optimization of specific 

parameters responsible for projecting generic features into the task-specific space. This strategy aligns with targeted adaptation 

for semantic classification and generation tasks, facilitating significant transformations without perturbing the stable feature 

extraction in other layers.

• Block-wise 𝑘 layers: Here, we divide the 𝐿 layers into 𝑘 blocks. Within each block, we choose either the highest or lowest-

scoring layer to be fine-tuned. This method ensures coverage across the model’s depth, addressing scenarios where feature 

importance is non-monotonic or distributed with localized peaks (e.g., specific grammatical violations). Furthermore, by se-

lecting the most robust representations within blocks, this strategy mitigates the risk of fine-tuning unstable or noisy deep 

layers that may exhibit low similarity due to semantic confusion rather than useful specialization. This balanced approach 

promotes a comprehensive adaptation that captures distributed features across various levels of abstraction.

3.1.1. Why use cosine similarity to measure the importance of layers?

In deep learning, similarity metrics are crucial for evaluating relationships between vector representations, with cosine similarity 

being favored for its focus on directional alignment rather than magnitude [22]. Unlike dot product and Euclidean distance, which 

consider both direction and magnitude, cosine similarity measures only the angle between vectors, normalizing them to unit length. 

This is especially useful in Transformer models with Pre-Norm architectures, where hidden states’ magnitude increases with layer 

depth [23]. The increase in magnitude can bias dot product similarity, while Euclidean distance may misrepresent similarity between 

vectors with large magnitudes but similar directions [24]. Cosine similarity, by normalizing magnitude, provides a more reliable 

measure of semantic similarity, making it ideal for tasks like sentence embeddings where direction is key.

3.1.2. Representative tokens as an effective tool to capture inter-layer relationships

In Transformer-based models, specific tokens are often designated to aggregate the global context of the input sequence. For 

encoder-only architectures like BERT, the special [CLS] token serves this purpose, capturing a summary of the sequence for classifica-

tion tasks. Similarly, in causal decoder-only architectures like GPT-2, the representation of the last token accumulates the context of all 

preceding tokens. As these representative tokens propagate through the network, their representations evolve, refining task-specific 

features from shallow syntactic patterns to deep semantic structures [25].

Cosine similarity, which measures the directional alignment between vectors, proves to be an effective metric for comparing these 

representative token embeddings across layers. High cosine similarity indicates minimal directional change, suggesting stability, while 

low similarity points to significant representational transformations, highlighting layers where the model is aggressively adapting the 

feature space [26].

For the purpose of fine-tuning, where the goal is to efficiently adapt the model to a new task while minimizing overfitting and 

computational cost, this approach highlights inter-layer relationships: selecting layers with pronounced representational changes 

(low similarity) targets the most influential parameters for feature projection, while layers with high similarity can be fine-tuned 

to adapt the model’s logical reasoning mechanisms while preserving the stable information anchors. Thus, the cosine similarity 

of representative tokens offers a theoretically grounded method to identify inter-layer relationships and enable strategic, targeted 

fine-tuning to conserve computational resources.

3.2. Partial fine-tuning stage

At this stage, we train only the selected 𝑘 layers, keeping the remaining layers frozen. The configuration of the prediction head 

depends on the nature of the downstream task:
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• Classification Tasks: We extract the representative token embeddings (e.g., [CLS]) from all layers, both selected and unse-

lected, and concatenate them. A linear classifier is then applied to this aggregated representation.

• Generation Tasks: We utilize the model’s standard language modeling head. The selected 𝑘 layers are optimized using the

autoregressive loss, while the head and other layers remain frozen.

During training, gradients are backpropagated only through the classification/generation head and the selected 𝑘 layers. 

Specifically for the classification architecture used 

1in  

 our encoder-only experiments, let H = {𝐻 , ..,    

 𝐻 

𝑗 , .., 𝐻 

𝐿}, where 𝐻 

𝑗 (for

𝑗 ∈ {1, 2, … , 𝑘}) represents the selected layers that will be fine-tuned. We extract the representative token embedding from each

layer, including both selected and unselected layers. The concatenated representation is given by:

𝐻 final = concat
(

𝐻1
rep,𝐻 

2
rep,… ,𝐻 

𝐿 

rep

)

where 𝐻 

𝑙 denotes representativeep  ther   token embedding for layer 𝑙. The concatenated representation 𝐻 final 

is then passed through a

linear classifier. Algorithm 1 outlines the complete process for our 𝑘-layer selection strategy.

4. Experimental setup 

4.1. Datasets

We present an extensive evaluation of our method and baselines encompassing 16 distinct datasets, spanning single-sentence 

classification, sentence-pair classification, regression, and natural language generation tasks. Following previous work [27], we 

selected 15 English language understanding tasks drawn from the GLUE benchmark [28], the SNLI corpus, and six additional well-

established sentence classification datasets: SST-5, MR, CR, MPQA, Subj, and TREC. Furthermore, we include the E2E NLG Challenge 

dataset [29] to evaluate generation capabilities. We categorize these datasets based on their input structure and task objective 

below:

Single-Sentence Tasks. We utilize 8 datasets where the model processes a single input string to predict a class label.

• Sentiment Analysis: We use SST-2 (Stanford Sentiment Treebank) for binary sentiment classification and SST-5 for fine-grained

sentiment classification across five levels (very negative to very positive). Additionally, we employ MR (Movie Reviews) and 

CR (Customer Reviews) for binary sentiment detection in movie and product reviews, respectively.

• Opinion and Subjectivity: The MPQA (Multi-Perspective Question Answering) dataset is used for opinion polarity detection,

while the Subj (Subjectivity) dataset tasks the model with classifying sentences as either subjective descriptions or objective 

facts.

• Linguistic Acceptability: We use CoLA (Corpus of Linguistic Acceptability) to determine whether a given sentence is grammati-

-

cally correct.

• Question Classification: The TREC dataset involves classifying questions into six coarse semantic categories (e.g., person, loca

tion, numeric information).

Algorithm 1 𝑘-Layer selective fine-tuning.

Input: Model 𝑀 with 𝐿 layers, layers to fine-tune 𝑘, method 𝑓 ∈ {‘high scoring’, ‘low scoring’} 

Output: Trained model 𝑀 

Initialize: Freeze all layers in 𝑀 

for batch B do
rep 𝐿

Extract representative tokens {𝐡𝓁 } (e.g.,
𝓁=1  [CLS] or last token) 

Compute cosine similarity for each layer pair:

𝐡 𝓁 

⋅
1

𝐡 

sim(𝐡
 𝓁 

 𝓁1
,𝐡 2

 

 

) = 

 

 

𝓁2 
‖𝐡𝓁 ‖‖

1
𝐡𝓁 ‖

2

end for

Compute average similarity avg_sim for layer𝓁  each   

 

𝓁
Select Lselect  

 

as the 𝑘 layers with:
{

highest avg_sim𝓁  

 

if 𝑓 = ‘high scoring’
lowest avg_sim if𝓁  𝑓 = ‘low scoring’

for 𝓁 = 1 to 𝐿 do

Unfreeze 𝓁 if 𝓁 ∈ Lselect ;  

 

else keep frozen

end for 

Train 𝑀 on the dataset
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Sentence-Pair Tasks. We evaluate on 7 datasets requiring the model to analyze the relationship between two text segments.

• Natural Language Inference (NLI): These tasks require determining if a hypothesis is entailed by, contradicts, or is neutral to a

premise. We use MNLI (Multi-Genre NLI), SNLI (Stanford NLI), QNLI (Question NLI; derived from SQuAD to check if a sentence 

contains the answer to a question), and RTE (Recognizing Textual Entailment).

• Paraphrase and Duplicate Detection: MRPC (Microsoft Research Paraphrase Corpus) tasks the model with identifying if two

sentences are paraphrases. QQP (Quora Question Pairs) involves identifying if two questions are semantically equivalent.

• Semantic Similarity: STS-B (Semantic Textual Similarity Benchmark) is a regression task where the model predicts a similarity

score ranging from 0 to 5 for a pair of sentences. 

Generative Tasks.

• Natural Language Generation: To assess our method beyond classification, we use the E2E NLG Challenge dataset. This is a data-

to-text generation task where the model must generate a natural language description of a restaurant based on a structured 

meaning representation (key-value pairs).

4.2. Baselines

We compare our method with several baselines, including full fine-tuning (where all layers are fine-tuned); PEFT baselines such 

as LoRA [30], Adapters [31], Prefix-Tuning [32], and (IA) 

3 [33]; and partial fine-tuning baselines such as LIFT [7], RECAP [9], 

and SlimFit [6]. Additionally, we explore layer selection strategies: random selection (where 𝑘 layers are chosen randomly), top 

selection (top 𝑘 layers fine-tuned), and bottom selection (bottom 𝑘 layers fine-tuned). For consistency, 𝑘 is set to 3 for all selection-

based baselines, including our method. We also compare our results with input–output similarity-based selection, as proposed in 

Layer Drop [10], which calculates the cosine similarity between the input and output (hidden states) of each transformer layer. High 

similarity indicates redundancy, while low similarity suggests important layers. We fine-tune both the 𝑘 low and 𝑘 high similarity 

layers for comprehensive comparison with our method. We also experiment with different values of 𝑘 in Section 7.

4.3. Network architecture and implementation details

We evaluate our approach using two distinct architectures to demonstrate versatility across task types: 

Encoder-only (Classification): We utilize the pre-trained bert-base-cased model from the Hugging Face Transformers library, 

which consists of 12 transformer encoder layers with a hidden dimension size of 768. To capture the hierarchical semantic information 

processed by the network, we extract the hidden states corresponding to the special classification token ([CLS]) from the output of 

every transformer layer, excluding the initial embedding layer. Consequently, for each input sequence, we obtain a stack of 12 distinct 

[CLS] vector representations. For the downstream classification task, we employ a concatenation-based prediction head. The [CLS] 

representations from all 12 layers are concatenated into a single dense vector with a dimensionality of 12 × 768. This aggregated 

representation is passed through a dropout layer with a probability of 0.3 to mitigate overfitting before entering a specific classifier 

block. This classifier consists of a sequential module comprising a fully connected linear layer that projects the concatenated input 

down to the original hidden size of 768, followed by a Rectified Linear Unit (ReLU) activation function, and a final linear projection 

layer that maps the features to the number of target classes.

Decoder-only (Generation): For the text generation task, we utilize the gpt2-small model (124 M parameters), which also 

consists of 12 layers with a hidden dimension of 768. Since GPT-2 is a causal language model without a [CLS] token, we adapt our 

selection stage by utilizing the hidden state of the last token in the input sequence from each layer, as it aggregates the context of all 

preceding tokens. For the fine-tuning stage, we utilize the model’s standard language modeling head without concatenation, applying 

gradients only to the selected 𝑘 layers while keeping the head frozen.

During the fine-tuning phase for both architectures, we explicitly freeze the parameters of the unselected transformer layers. 

Gradient updates are only applied to the weights of the 𝑘 layers identified by our selection strategy (and also to the classifier head 

parameters for the encoder-only model).

4.4. Hyperparameters

We conducted an extensive hyperparameter search to optimize model performance across different learning rates and training 

epochs. Specifically, we explored learning rates in the range of {1e−5, 2e−5, 5e−5} and evaluated model performance across 3, 5, and 

10 epochs. The batch size was varied between 16 and 32. We chose the optimal parameters for each of the datasets. We used the 

AdamW optimizer with 𝛽 1 

=0.9 and 𝛽 2 

=0.99, and weight decay=0.01. In the LoRA fine-tuning approach for our main results, we 

applied low-rank adaptation in all query value vectors with r=16 and 𝛼=32. We further analyzed the impact of varying 𝑟 and 𝛼 in 

Section 7. We set random seeds of [0, 42, 100] for the three different runs in all our experiments.

5. Results 

5.1. Single sentence tasks

We compare our method with the baselines mentioned in Section 4.2 on single-sentence tasks in Table 1. Our layer selection 

strategies consistently outperform LoRA, Adapters, Prefix-Tuning, and (IA) 

3 , showing improvements of 2.2%, 1.9%, 2.1%, and 2.0%,
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respectively, on average across the eight single-sentence tasks. Compared to partial fine-tuning approaches, our methods surpass the 

random, top, and bottom 𝑘-layer partial fine-tuning strategies by a considerable margin, achieving improvements of 2.1%, 1.3%, and 

2.3%, respectively, on average.

Furthermore, our methods outperform LIFT by a notable margin of 0.9%, RECAP by 0.6%, and SlimFit by 0.5%, on average. 

Specifically, our Block-wise lowest layer strategy achieves the best performance with an average accuracy of 85.0%, surpassing 

other methods. Additionally, the Low Scoring 𝑘 layers approach also shows competitive performance, with an average accuracy 

of 84.9%, exceeding other baselines.

On the other hand, our method also achieves comparable results on these datasets for full fine-tuning, being within 0.7% of the 

full fine-tuning accuracy on average. For the MR and TREC datasets, our method even outperforms the accuracy of fully fine-tuning 

the model. These results highlight the effectiveness of our layer selection strategies in single-sentence tasks.

While our approach outperforms all baselines on 7 out of 8 datasets in Table 1, we observe that on the CR dataset, our best strategy 

(Block-wise lowest) slightly underperforms SlimFit (86.9% vs. 87.2%). This marginal gap suggests that for certain tasks, dynamic 

layer selection methods like SlimFit, which update selection criteria during training, may capture transient optimization dynamics 

that a static, training-free selection misses. However, this comes at the cost of significantly higher training time and computational 

resources.

Furthermore, we note that no single selection strategy (High, Low, or Block-wise) is universally superior. As analyzed later in 

Section 5.5, this variance is not random but stems from the linguistic nature of the tasks: semantic tasks (like SST-2) generally benefit 

from fine-tuning lower-similarity deep layers (Low Scoring), while structural tasks (like MR) benefit from preserving the inference 

chain in the middle layers (High Scoring). Therefore, the best performing method is contingent on the downstream task type, a 

property common in transfer learning scenarios.

5.2. Sentence pair tasks

In Table 2, we present the results for the sentence-pair tasks of our methods along with the baselines. We also observe an almost 

similar pattern where our model demonstrates consistent improvements over LoRA, Adapters, Prefix-Tuning, and (IA) 

3 , with average 

score increases of 2.5%, 1.8%, 2.2%, and 2.0%, respectively, across the sentence pair tasks. When compared to partial fine-tuning 

approaches, our methods outperform the random, top, and bottom 𝑘 layers-based partial fine-tuning strategies by a notable margin, 

achieving improvements of 2.3%, 0.9%, and 2.2%, respectively, on average.

Additionally, our approaches outperform LIFT, RECAP, and SlimFit, showing an average improvement of 0.8%, 0.3%, and 0.6%, 

respectively. Notably, all our methods achieve accuracies that are very close to those of full fine-tuning on these sentence-pair tasks 

as well.

Table 1 

Results for 3 

 single sentence tasks. We compare our method with full fine-tuning, LoRA, Adapters, Prefix-Tuning, (IA) , partial fine-tuning, LIFT, RECAP, 

SlimFit, and input–output similarity baselines. We use 𝑘=3 for all layer selection baselines. All results are the mean of 3 runs with different seeds. 

Bold indicates the best-performing model, and underline indicates the second best.

Single Sentence Tasks

SST-2 SST-5 MR CR MPQA Subj TREC CoLA Avg.

(acc) (acc) (acc) (acc) (acc) (acc) (acc) (acc)

Full Fine-tuning 91.7 ±0.3 53.7 ±0.6 87.8 ±0.4 88.0 ±0.5 88.4 ±0.4 96.8 ±0.2 96.7 ±0.2 82.4 ±0.8 85.7

PEFT Baselines

LoRA 88.6 ±0.5 50.9 ±0.8 85.8 ±0.4 85.2 ±0.7 86.1 ±0.5 92.6 ±0.4 92.8 ±0.4 80.3 ±1.0 82.8

Adapters [31] 89.0 ±0.4 51.1 ±0.7 86.0 ±0.5 85.4 ±0.6 86.3 ±0.4 93.0 ±0.3 93.1 ±0.3 80.5 ±0.9 83.1

Prefix-Tuning [32] 88.7 ±0.5 50.9 ±0.8 85.9 ±0.4 85.3 ±0.6 86.2 ±0.5 92.7 ±0.4 92.9 ±0.3 80.3 ±1.1 82.9

(IA) 

3 [33] 88.9 ±0.4 51.0 ±0.9 85.8 ±0.5 85.6 ±0.5 86.3 ±0.4 92.8 ±0.4 93.0 ±0.4 80.4 ±1.0 83.0

Partial Fine-tuning Baselines

Random 𝑘 layers 88.4 ±1.7 50.2 ±2.1 85.4 ±1.6 84.7 ±1.8 85.5 ±1.6 93.3 ±1.5 95.2 ±1.4 79.6 ±2.2 82.8

Bottom 𝑘 layers 88.2 ±0.8 50.8 ±0.9 85.1 ±0.7 84.8 ±0.8 85.4 ±0.6 93.2 ±0.6 94.1 ±0.5 79.2 ±1.3 82.6

Top 𝑘 layers 89.0 ±0.6 51.2 ±0.8 86.6 ±0.5 85.5 ±0.6 86.8 ±0.5 94.9 ±0.4 94.2 ±0.5 80.4 ±1.1 83.6

LIFT [7] 90.4 ±0.4 50.5 ±0.9 86.8 ±0.4 86.1 ±0.5 87.0 ±0.4 95.9 ±0.3 95.8 ±0.3 80.5 ±1.0 84.1

RECAP [9] 90.3 ±0.4 51.2 ±0.7 86.3 ±0.5 86.7 ±0.4 87.3 ±0.3 96.2 ±0.2 96.3 ±0.2 81.0 ±0.9 84.4

SlimFit [6] 90.1 ±0.5 51.8 ±0.6 87.5 ±0.4 87.2 ±0.4 87.8 ±0.3 96.3 ±0.2 96.1 ±0.3 79.5 ±1.2 84.5

I/O Similarity-based Selection

𝑘 Low Similarity (Important) [10] 89.1 ±0.6 51.3 ±0.8 86.3 ±0.5 85.2 ±0.7 86.0 ±0.5 95.2 ±0.4 94.0 ±0.5 80.0 ±1.1 83.4

𝑘 High Similarity (Redundant) [10] 89.8 ±0.5 51.8 ±0.7 86.8 ±0.4 85.5 ±0.6 86.8 ±0.4 95.1 ±0.4 95.4 ±0.4 80.6 ±1.0 84.0

Layer Selection (Ours)

High Scoring 𝑘 layers 90.6 ±0.4 52.5 ±0.7 88.1 ±0.3 86.0 ±0.5 87.1 ±0.4 96.2 ±0.2 96.2 ±0.3 81.0 ±0.9 84.7

Low Scoring 𝑘 layers 90.8 ±0.3 52.9 ±0.6 87.0 ±0.5 86.7 ±0.4 87.7 ±0.3 96.2 ±0.2 96.8 ±0.2 80.8 ±1.0 84.9

Block-wise highest layer 90.7 ±0.3 52.5 ±0.7 88.0 ±0.3 86.7 ±0.4 88.2 ±0.3 96.2 ±0.3 96.4 ±0.2 81.1 ±0.9 85.0

Block-wise lowest layer 90.4 ±0.4 52.3 ±0.8 87.7 ±0.4 86.9 ±0.4 88.1 ±0.3 96.4 ±0.2 96.7 ±0.2 81.2 ±0.8 85.0
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Table 2 

Results for sentence pair tasks. We compare our method with full fine-tuning, LoRA, Adapters, Prefix-Tuning, (IA) 

3 , partial fine-tuning, 

LIFT, RECAP, SlimFit, and input–output similarity baselines. We use 𝑘=3 for all layer selection baselines. All results are the mean of 

3 runs with different seeds. Bold indicates the best-performing model, and underline indicates the second best.

Sentence Pair Tasks

MNLI

(acc)

SNLI

(acc)

QNLI

(acc)

RTE

(acc)

MRPC

(F1)

QQP

(F1)

STS-B

(Pear.)

Avg.

Full Fine-tuning 84.0 ±0.2 90.8 ±0.3 90.9 ±0.3 62.0 ±1.5 81.8 ±0.8 90.5 ±0.4 86.2 ±0.5 83.7

PEFT Baselines

LoRA 80.5 ±0.4 88.2 ±0.5 84.9 ±0.6 56.3 ±1.8 72.1 ±1.2 88.3 ±0.6 83.4 ±0.7 79.1

Adapters [31] 81.0 ±0.4 88.5 ±0.4 86.0 ±0.5 58.0 ±1.7 73.0 ±1.1 88.5 ±0.5 83.8 ±0.6 79.8

Prefix-Tuning [32] 80.8 ±0.5 88.3 ±0.5 85.5 ±0.5 57.1 ±1.9 72.5 ±1.2 88.4 ±0.6 83.5 ±0.7 79.4

(IA) 

3 [33] 80.6 ±0.5 88.5 ±0.4 85.7 ±0.6 57.5 ±1.8 72.7 ±1.1 88.2 ±0.7 83.7 ±0.6 79.6

Partial Fine-tuning Baselines

Random 𝑘 layers 80.2 ±1.7 87.6 ±1.8 86.9 ±1.6 59.7 ±3.0 70.6 ±2.5 87.2 ±1.8 80.5 ±1.9 79.0

Bottom 𝑘 layers 80.3 ±0.8 87.4 ±0.8 85.7 ±0.7 58.8 ±2.1 71.4 ±1.4 87.9 ±0.7 81.4 ±0.8 79.0

Top 𝑘 layers 81.6 ±0.6 88.9 ±0.6 87.8 ±0.5 60.9 ±1.8 74.1 ±1.2 88.8 ±0.5 83.0 ±0.7 80.7

LIFT [7] 81.5 ±0.5 89.3 ±0.4 87.6 ±0.5 59.2 ±1.9 74.2 ±1.1 88.4 ±0.6 83.7 ±0.6 80.6

RECAP [9] 81.3 ±0.4 89.1 ±0.5 87.5 ±0.4 61.3 ±1.6 75.0 ±1.0 89.2 ±0.5 84.4 ±0.6 81.1

SlimFit [6] 82.2 ±0.4 89.2 ±0.4 88.0 ±0.4 58.5 ±1.8 75.9 ±0.9 87.8 ±0.7 84.3 ±0.6 80.8

I/O Similarity-based Selection

𝑘 Low Similarity (Important) [10] 80.8 ±0.6 88.7 ±0.5 88.1 ±0.4 60.4 ±1.7 72.2 ±1.3 88.8 ±0.6 82.0 ±0.8 80.1

𝑘 High Similarity (Redundant) [10] 81.3 ±0.5 88.9 ±0.5 88.5 ±0.4 60.8 ±1.7 73.4 ±1.2 88.6 ±0.6 81.2 ±0.9 80.4

Layer Selection (Ours)

High Scoring 𝑘 layers 82.1 ±0.4 90.1 ±0.3 90.2 ±0.3 61.0 ±1.6 75.0 ±1.0 89.0 ±0.5 82.4 ±0.7 81.4

Low Scoring 𝑘 layers 82.5 ±0.3 90.0 ±0.4 89.4 ±0.4 61.4 ±1.5 72.5 ±1.2 89.0 ±0.5 83.3 ±0.6 81.2

Block-wise highest layer 81.8 ±0.4 89.7 ±0.4 88.7 ±0.5 61.7 ±1.5 75.3 ±0.9 89.8 ±0.4 84.5 ±0.5 81.6

Block-wise lowest layer 82.0 ±0.4 90.0 ±0.3 90.1 ±0.3 62.0 ±1.4 71.6 ±1.3 89.7 ±0.4 83.3 ±0.7 81.2

5.3. Generation tasks

To assess the versatility of our approach beyond classification and regression tasks, we evaluate our method on the E2E NLG 

Challenge dataset using the GPT-2 Small model. Since GPT-2 is a decoder-only architecture and does not utilize a [CLS] token, we 

adapt our selection stage by using the representation of the last token in the input sequence, which encapsulates the context of the 

entire sequence in causal language models. Table 3 presents the performance comparison across five standard generation metrics: 

BLEU, NIST, METEOR (MET), ROUGE-L, and CIDEr.

Our layer selection strategies demonstrate strong capabilities in the text generation domain, consistently outperforming Full Fine-

tuning. Specifically, our Low Scoring 𝑘 layers strategy achieves a BLEU score of 68.9, surpassing Full Fine-tuning (67.5) by 1.4 points. 

Similarly, the Block-wise lowest layer strategy achieves the highest performance among all methods in terms of NIST (8.77) and 

ROUGE-L (71.0) scores. This suggests that by freezing the majority of the model, our approach acts as a regularizer, preventing the 

overfitting often observed when fully fine-tuning language models on small-to-medium generation datasets.

Compared to other partial fine-tuning baselines, our method shows clear superiority. All our proposed strategies outperform 

Random, Bottom 𝑘, Top 𝑘, LIFT, and RECAP across almost every metric. For instance, our Block-wise lowest layer strategy surpasses 

SlimFit, the strongest partial fine-tuning baseline, by notable margins in NIST (+0.14) and CIDEr (+0.04). While LoRA achieves 

the highest BLEU score (69.3), our method remains highly competitive (within 0.4 BLEU) while outperforming LoRA on the NIST, 

ROUGE-L, and CIDEr metrics, demonstrating that our training-free selection of layers preserves the critical generation capabilities of 

the pre-trained model.

5.4. Training time and parameters

We also compare our methods with the baseline methods in terms of both speed and parameter efficiency in Table 4. We notice 

that LoRA fine-tuning achieves the highest speedup factor of 1.63, as it only has 1.84 M trainable parameters. In contrast, our method 

provides an average speedup of 1.54, which is slightly lower than LoRA’s, but still very competitive when considering the performance 

gains. Notably, our method uses 28.3 M trainable parameters, which is more efficient than SlimFit (40.7 M) and considerably less 

than full fine-tuning (116.6 M). Although LoRA is faster, our method consistently outperforms LoRA by up to 3% in terms of task 

performance. This shows that while LoRA offers quicker training times, our model offers a better trade-off between computational 

efficiency and performance, making it a superior choice when task accuracy is the priority.

5.5. Layer selection analysis

To investigate why specific layer selection strategies yield superior performance on distinct tasks, we analyze the inter-layer cosine 

similarity of [CLS] token representations, visualized as topological profiles in Figs. 2 and 3. This analysis reveals that the pre-trained
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Table 3 

Results for GPT-2 on the E2E NLG Challenge. We compare full fine-tuning against various parameter-efficient and partial 

fine-tuning baselines. We use 𝑘 = 3 for all layer selection baselines. All results are the mean of 3 runs with different seeds. 

For all metrics, higher is better. Bold indicates the best performance, and underline indicates the second-best.

Method # Trainable

Parameters

BLEU NIST MET ROUGE-L CIDEr

Full Fine-tuning (FT) 124.4 M 67.5±.6 8.55±.11 45.8±.5 70.2±.6 2.41±.06

PEFT Baselines 

LoRA 1.96 M 69.3±.4 8.75±.06 46.3±.4 70.8±.5 2.47±.05
Adapters [31] 3.84 M 68.3±.5 8.61±.09 45.9±.5 70.4±.5 2.43±.05
Prefix-Tuning [32] 0.43 M 68.1±.6 8.59±.12 46.0±.4 70.3±.6 2.42±.06
(IA) 

3 [33] 0.11 M 67.8±.8 8.57±.11 45.8±.6 70.2±.8 2.41±.08

Partial Fine-tuning Baselines

Random 𝑘 layers 21.3 M 64.1±2.5 7.25±.82 42.1±1.4 66.1±2.1 1.79±.45
Bottom 𝑘 layers 21.3 M 66.4±1.4 8.39±.25 45.3±0.9 69.4±1.2 2.37±.15
Top 𝑘 layers 21.3 M 67.1±1.2 8.48±.21 45.6±.8 69.9±1.0 2.39±.12
LIFT [7] 27.5 M 67.9±.9 8.58±.13 45.9±.6 70.3±.8 2.42±.08
RECAP [9] 29.0 M 68.1±.8 8.60±.11 46.0±.5 70.4±.7 2.43±.07
SlimFit [6] 35.5 M 68.3±.7 8.63±.09 46.1±.5 70.5±.6 2.44±.06

I/O Similarity-based Selection

𝑘 Low Similarity (Important) [10] 21.3 M 67.7±1.0 8.56±.18 45.8±.8 70.1±.9 2.41±.11
𝑘 High Similarity (Redundant) [10] 21.3 M 67.3±1.1 8.51±.22 45.7±.9 70.0±1.0 2.40±.14

Layer Selection (Ours)

High Scoring 𝑘 layers 21.3 M 68.6±.7 8.67±.10 46.0±.4 70.6±.6 2.45±.06
Low Scoring 𝑘 layers 21.3 M 68.9±.6 8.73±.09 46.1±.5 70.9±.5 2.49±.04
Block-wise highest layer 21.3 M 68.4±.7 8.65±.11 46.0±.5 70.5±.6 2.44±.07
Block-wise lowest layer 21.3 M 68.8±.5 8.77±.08 46.2±.5 71.0±.4 2.48±.05

Table 4 

Comparison of number of trainable parameters and average speedup for 

BERT. We take the average of the speedup factor across all four of our 

layer selection methods. We set 𝑘=3.

Method Avg Speedup ↑ #Params↓

Full Fine-tuning – 116.6 M

PEFT

LoRA 1.63 1.84 M

Adapters 1.35 3.6 M

Prefix-Tuning 1.58 0.4 M

(IA) 

3 1.76 0.1 M

Partial Fine-tuning

LIFT 0.53 29.7 M

RECAP 1.39 32.1 M

SlimFit 1.21 40.7 M

I/O Similarity based 1.40 31.1 M

Random Selection 1.47 28.3 M

Our Method 1.54 28.3 M

model does not utilize a uniform processing pipeline for all inputs; rather, the semantic transformation of the hidden states varies 

significantly depending on the linguistic objective of the downstream task.

For semantic classification and generation tasks, specifically SST-2 (Fig. 2, top) and E2E NLG (Fig. 3, bottom), we observe a 

trajectory of late-stage representational divergence. As indicated by the heatmaps, these models maintain high similarity across the 

early and intermediate layers, implying generic linguistic processing, but exhibit a sharp reduction in similarity within the final three 

layers. Theoretically, this indicates that the deep layers are responsible for aggressively distorting the feature manifold [34] to separate 

classes or predict tokens [35]. This visualization provides a direct causal explanation for our empirical results where the Low Scoring 

strategy prevails for SST-2 and E2E: by targeting these low-similarity deep layers, the method optimizes the specific parameters 

responsible for projecting generic features into the task-specific space, thereby facilitating adaptation [36] without perturbing the 

stable feature extraction in the earlier layers [37].

In contrast, tasks requiring robust structural inference, such as QNLI (Fig. 2, middle), exhibit a centrality-focused topology. The 

visualizations demonstrate that the middle layers, typically layers 5 through 8, maintain the highest average cosine similarity, ef-

fectively functioning as information anchors that connect the raw input embeddings with the final prediction heads. Linguistically, 

this aligns with prior research suggesting that the intermediate layers of transformer models encode the syntactic dependencies [25] 

and logical implications essential for Natural Language Inference [37]. Consequently, our High Scoring strategy achieves the best
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Fig. 2. Heatmaps of inter-layer cosine similarity (left) and layer selection scores (right) for SST-2, QNLI, and CoLA. Error bars show standard deviation. The distinct 

visual patterns, such as the sharp drop in similarity for deep layers in SST-2 versus the high similarity in the middle layers of QNLI, help explain why different selection 

strategies (Low Scoring vs. High Scoring) work best in our experiments.

performance for QNLI because it fine-tunes these central integration layers, allowing the model to adapt its logical reasoning mech-

anisms while preserving the stability of the inference chain. Conversely, selecting the low-scoring peripheral layers in QNLI disrupts 

the continuity of logical implications, which accounts for the inferior performance of the Low Scoring strategy on this dataset.

Furthermore, the necessity of our Block-wise strategies is theoretically justified by the non-monotonic and early-convergence 

profiles observed in CoLA, MRPC, and STS-B.

For CoLA (Fig. 2, bottom), the selection scores exhibit a distributed variance with localized peaks rather than a smooth gradient. 

This profile reflects the nature of linguistic acceptability tasks, which rely on specific grammatical feature violations distributed across
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Fig. 3. Heatmaps of inter-layer cosine similarity (left) and layer selection scores (right) for MRPC, STS-B, and E2E NLG (GPT-2). Error bars show standard deviation. 

The differences in layer patterns, ranging from the instability in the deep layers of MRPC to the gradual change in layers for E2E, align with the effectiveness of 

block-wise and low scoring strategies, respectively.

the network depth [38] rather than a linear semantic accumulation [39]. A global selection strategy risks missing these disjointed 

local peaks, whereas our Block-wise approach ensures the coverage of distributed syntactic features.

Similarly, MRPC (Fig. 3, top) displays a profile of early-layer convergence, where shallow and intermediate layers maintain high 

connectivity, but deep layers show significant stochastic variance. Unlike SST-2, where deep divergence indicates useful specialization, 

in noisy paraphrase tasks, this variance often represents semantic confusion or over-abstraction [40]. This explains why the Low 

Scoring strategy performs poorly on MRPC by fine-tuning these unstable deep layers [41], while the Block-wise Highest strategy 

succeeds by discarding the deep noise and selecting the most robust representations from the stable early and intermediate blocks.
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Finally, STS-B (Fig. 3, middle) displays a multi-stage integration profile with similarity peaks in the early, middle, and late blocks, 

justifying why Block-wise selection, which captures the primary integrator layer from each processing stage, outperforms global

strategies [42].

6. Cross-domain evaluation

To assess the domain generalization capability and out-of-distribution performance of our partial fine-tuning approach, we perform 

several cross-domain experiments and compare them with full fine-tuning and other baselines in Table 5. For the experiments, we 

train the methods on one training set and evaluate them on the evaluation set of another similar dataset. The datasets used in 

these experiments are Stanford Sentiment Treebank (SST-2) Dataset [43], IMDb Movie Reviews Dataset [44], Offensive Language 

Identification Dataset (OLID) [45], and Dynamically Generated Hate Speech Dataset (Dyn. Hate) [46].

We see that our method performs comparably to full fine-tuning, remaining within 1% of the accuracy, especially given that our 

method only fine-tunes 25% of all the layers. This shows that the cross-domain performance of our method does not degrade even 

when the majority of the layers are not fine-tuned for the downstream task. This highlights the robustness of our approach and further 

demonstrates the redundancy of certain transformer layers for further fine-tuning on other datasets.

7. Ablation 

7.1. Performance across different 𝑘 values

One of the key hyperparameters of our method is the value of 𝑘, i.e., the number of layers to select and train based on the 

selection score. To empirically select the optimal value of 𝑘, we perform an ablation study for all 𝑘 values (ranging from 1 to 11) 

on the BERT BASE 

model, considering both the accuracy and the speedup of training time compared to full fine-tuning. We show the 

ablation graphs for two of the datasets, SST-2 and QNLI, in Figs. 4 and 5. For the SST-2 dataset, we observe that fine-tuning the 

lowest-scoring layers gives better accuracy than fine-tuning the highest-scoring layers for all values of 𝑘, while for the QNLI dataset, 

we observe the opposite. Hence, we include the results for both in our main results tables (Tables 1 and 2). As for the speedup in

Table 5 

Comparison of cross-domain performance. For our method, we report the re-

sult of the best-performing strategy (High/Low/Block) for 𝑘=3. Bold indicates 

the best-performing model, and underline indicates the second best.

Method Training set Evaluation set Accuracy

Full Fine-tuning 88.8

Random Selection 84.5

LoRA 85.3

LIFT SST-2 IMDB 84.8

RECAP 85.0

SlimFit 86.2

I/O Similarity 85.8

Our Method 87.6

Full Fine-tuning 89.0

Random Selection 84.2

LoRA 86.9

LIFT IMDB SST-2 84.7

RECAP 85.1

SlimFit 87.0

I/O Similarity 86.5

Our Method 88.5

Full Fine-tuning 52.8

Random Selection 46.4

LoRA 47.8

LIFT OLID Dyn. Hate 46.7

RECAP 48.2

SlimFit 51.3

I/O Similarity 47.6

Our Method 53.0

Full Fine-tuning 71.7

Random Selection 66.0

LoRA 68.6

LIFT Dyn. Hate OLID 66.5

RECAP 67.3

SlimFit 69.2

I/O Similarity 68.8

Our Method 71.6
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Fig. 4. Comparison of accuracy and speedup across 𝑘 for the SST-2 dataset.

Fig. 5. Comparison of accuracy and speedup across 𝑘 for the QNLI dataset.

training time, we observe a continuous decline in speedup as the value of 𝑘 increases. Considering the trade-off between the accuracy 

and speedup, we choose 𝑘=3 to be an optimal value for all of our experiments.

7.2. Performance across different LLMs

We also report our results for various LMs and LLMs, including RoBERTa-base, DeBERTa-base, ELECTRA-base, Gemma-2-2B [47], 

and TinyLlama-1.1B [48], in Table 6. We compare our method with random 𝑘, bottom 𝑘, and top 𝑘 layer selection. As can be seen from 

the table, our method outperforms these baselines, achieving high performance across all tested LMs and proving to be consistent 

across various datasets. This highlights the broad applicability of our approach to different language models.

Scalability to Larger Models and Datasets. To explicitly evaluate the scalability of our approach, we tested billion-parameter 

models (Gemma-2-2B and TinyLlama-1.1B) as reported in Table 6. We observed that our method maintains its advantage over random 

and heuristic baselines even as model depth and width increase. Furthermore, our experiments on sentence-pair tasks (Table 2) 

encompass large-scale datasets, including MNLI (392k samples), QQP (363k samples), and SNLI (550k samples). The consistent 

performance gains observed on these large-scale benchmarks demonstrate that our training-free layer selection strategy is robust and 

effective not only for smaller datasets but also scales efficiently to resource-intensive training scenarios.

7.3. Comparison with Euclidean distance

To empirically confirm that cosine similarity is the most effective metric for calculating the similarity between layers, as explained 

in Section 3, we perform the same experiment, but instead of cosine similarity, we use the Euclidean distance to calculate the similarity 

scores between the [CLS] tokens. The results in Table 7 show conclusive evidence, as using Euclidean distance instead of cosine 

similarity causes a notable drop in performance.

7.4. Comparison with alternative importance metrics

To further validate the effectiveness of using [CLS] token cosine similarity as a selection metric, we compared our approach against 

two established methods for quantifying layer importance:
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Table 6 

Comparison of performance across different language models. We use 𝑘=3 for all layer selection 

methods. Bold indicates the best performance, and underline indicates the second-best.

Model Method RTE MRPC SST-2 STS-B

(acc) (F1) (acc) (Pear.)

RoBERTa Random 𝑘 layers 67.4 82.1 90.2 84.8

Bottom 𝑘 layers 68.3 82.9 91.4 85.3

Top 𝑘 layers 69.1 83.6 90.8 86.2

High Scoring 𝑘 layers 71.8 85.1 92.2 88.4

Low Scoring 𝑘 layers 72.9 84.6 92.0 87.3

DeBERTa Random 𝑘 layers 78.4 84.8 92.8 87.2

Bottom 𝑘 layers 79.4 85.2 93.4 88.1

Top 𝑘 layers 79.7 85.3 93.2 87.0

High Scoring 𝑘 layers 81.2 87.4 93.2 89.7

Low Scoring 𝑘 layers 83.4 86.2 94.6 88.5

ELECTRA Random 𝑘 layers 71.3 82.6 88.4 83.8

Bottom 𝑘 layers 72.0 83.8 87.3 85.6

Top 𝑘 layers 72.6 83.9 89.2 84.2

High Scoring 𝑘 layers 74.7 86.3 88.5 87.6

Low Scoring 𝑘 layers 74.0 85.8 93.2 89.1

Gemma-2-2B Random 𝑘 layers 74.4 80.2 85.8 80.3

Bottom 𝑘 layers 69.0 85.8 93.6 82.3

Top 𝑘 layers 75.8 82.3 90.0 85.8

High Scoring 𝑘 layers 78.9 89.8 95.3 88.6

Low Scoring 𝑘 layers 75.4 89.1 96.8 87.2

TinyLlama-1.1B Random 𝑘 layers 61.0 84.9 83.6 83.5

Bottom 𝑘 layers 59.9 81.5 56.4 84.9

Top 𝑘 layers 61.7 81.7 86.2 68.7

High Scoring 𝑘 layers 63.8 86.4 92.4 84.3

Low Scoring 𝑘 layers 62.5 85.7 92.7 86.7

Table 7 

Comparison using Euclidean distance as the similarity metric. We use 𝑘=3 for high scoring 

𝑘 and low scoring 𝑘 layers.

SST-2 CoLA QNLI MRPC

(acc) (acc) (acc) (F1)

Layer selection based on Euclidean distance 

High Scoring 𝑘 layers 87.3 78.6 87.3 72.4

Low Scoring 𝑘 layers 87.6 77.3 86.5 70.7

Layer selection based on cosine similarity

High Scoring 𝑘 layers 90.6 81.0 90.2 75.0

Low Scoring 𝑘 layers 90.8 80.8 89.4 72.5

• Gradient Norm-based Selection: We compute the 𝐿 2 

norm of the gradients for each layer over a single epoch of the training

data. We then select the top-𝑘 layers with the highest gradient norms, under the assumption that layers with larger gradients 

are more sensitive to the task and thus more critical to fine-tune.

• Feature Variance-based Selection: We calculate the variance of the hidden state representations for each layer across the

training set. We select the top-𝑘 layers with the highest variance, assuming that layers with higher statistical variability encode 

more discriminative features.

Table 8 presents the results on four diverse datasets. Our [CLS]-based strategies (specifically the best-performing strategy for each 

task) consistently outperform or match the Gradient Norm and Feature Variance baselines.

Notably, the Gradient Norm method, while competitive on QNLI (89.5%), underperforms on CoLA (78.8%) compared to our Block-

wise Lowest strategy (81.2%). This suggests that the magnitude of updates (gradients) does not always correlate with the structural 

importance required for linguistic acceptability tasks. Furthermore, Gradient Norm selection requires a full backward pass, making 

it computationally more expensive than our forward-pass-only approach.

The Feature Variance method generally lags behind, particularly on MRPC (71.5 F1 vs 75.3 F1 for our method), indicating that 

raw statistical variance in hidden states is a noisier proxy for task relevance than the semantic trajectory captured by [CLS] cosine 

similarity.

Hence, our method not only achieves superior accuracy but does so with greater computational efficiency, as it is entirely training-

free and does not require backpropagation for selection.
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Table 8 

Comparison of our [CLS] similarity-based selection against gradient norm and feature 

variance-based selection metrics. We use 𝑘 = 3 for all methods. For our method, we report 

the result of the best-performing strategy (High/Low/Block) for that specific dataset.

Selection Metric SST-2 CoLA QNLI MRPC

(acc) (acc) (acc) (F1)

Gradient Norm 90.1 78.8 89.5 73.9

Feature Variance 89.5 77.4 87.9 71.5

[CLS] Similarity (Ours) 90.8 81.2 90.2 75.3

Table 9 

Ablation study on intra-block selection criteria. We compare select-

ing the highest and lowest scoring layers against median and random 

selection within blocks. We use 𝑘 = 3 blocks for all experiments.

Intra-Block Selection SST-2 CoLA QNLI MRPC

Criterion (acc) (acc) (acc) (F1)

Block-wise Random 89.9 79.9 88.5 70.2

Block-wise Median 90.1 80.1 88.8 70.8

Block-wise Highest (Ours) 90.7 81.1 90.2 75.3

Block-wise Lowest (Ours) 90.4 81.2 90.1 71.6

7.5. Influence of intra-block selection strategy

To investigate the necessity of selecting only the highest or lowest scoring layers within the block-wise setting, we experimented 

with two additional intra-block selection criteria:

• Block-wise Median: Selecting the layer with the median cosine similarity score within each defined block.

• Block-wise Random: Randomly selecting a single layer from within each defined block.

Table 9 compares these variations against our proposed Block-wise Highest and Block-wise Lowest strategies on four representative 

datasets (SST-2, CoLA, QNLI, and MRPC).

The results demonstrate that selecting the layers with extreme scores (either Highest or Lowest) consistently outperforms the 

Median and Random selection strategies within blocks. For instance, on CoLA, the Block-wise Lowest strategy achieves 81.2% 

accuracy, whereas Block-wise Median drops to 80.1%. Similarly, on QNLI, the Block-wise Highest strategy (90.2%) significantly 

outperforms Block-wise Median (88.8%).

This empirical evidence supports our hypothesis that the highest/lowest similarity scores serve as strong signals for layer utility. 

The Highest scoring layers act as critical information hubs (preserving stability), while the Lowest scoring layers represent areas of 

high semantic transformation (requiring adaptation). Intermediate (median) layers appear to lack this distinctiveness, resulting in 

suboptimal fine-tuning performance.

7.6. Influence of LoRA hyperparameters (𝑟 and 𝛼)

To ensure a comprehensive comparison with parameter-efficient baselines, we investigate the impact of the rank 𝑟 and scaling 

factor 𝛼 in LoRA. While our main experiments utilize 𝑟 = 16 and 𝛼 = 32, we evaluate LoRA with varying ranks (𝑟 ∈ {8, 16, 32, 64}) 

while maintaining the ratio 𝛼 = 2𝑟.
Table 10 presents the performance on four representative datasets. We observe that increasing the rank generally yields marginal 

performance improvements. However, even with 𝑟 = 64, which significantly increases the number of trainable parameters, LoRA still 

consistently underperforms compared to our optimal layer selection strategies. This suggests that fine-tuning full, strategically selected 

transformer layers allows for more effective task adaptation than low-rank approximations applied across all layers, particularly for 

tasks requiring distinct semantic or structural adjustments.

8. Conclusion

In this paper, we propose a novel selective layer fine-tuning approach that incorporates inter-layer relationships by leveraging 

layer-wise semantic representations of sentences, a direction that has received limited attention in previous studies. Through experi-

ments on fifteen different datasets, our model consistently outperformed existing approaches for layer selection and partial fine-tuning, 

highlighting the importance of inter-layer relationships in enhancing performance. Notably, our method achieved competitive results 

compared to fully fine-tuned models while reducing parameter requirements by three-fourths. Additionally, cross-domain task exper-

iments demonstrated the robustness and generalization capability of our approach, enabling reliable predictions across varied tasks. 

We believe our method and findings contribute to advancing the efficient and effective utilization of language models in downstream 

applications.
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Table 10 

Comparison of LoRA performance across different rank (𝑟) and alpha (𝛼) values 

against our best-performing layer selection strategy for each dataset.

Method / Configuration SST-2 CoLA QNLI MRPC

(acc) (acc) (acc) (F1)

LoRA (𝑟 = 8, 𝛼 = 16) 88.2 79.8 84.5 71.5

LoRA (𝑟 = 16, 𝛼 = 32) 88.6 80.3 84.9 72.1

LoRA (𝑟 = 32, 𝛼 = 64) 88.9 80.7 85.3 72.6

LoRA (𝑟 = 64, 𝛼 = 128) 89.1 80.9 85.5 73.0

Our Method (Best) 90.8 81.2 90.2 75.3
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