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Abstract
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. However,
current methods often introduce significant training overhead or rely on simple heuristics that yield suboptimal
performance and poor generalization. We propose PRiSM (Partial Ranking via inter-layer Semantic Measurement),
a training-free approach for layer-wise partial fine-tuning that leverages the cosine similarity between pre-trained
aggregate token representations across layers to identify inter-layer relationships. PRiSM 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
block-wise highest-scoring layers, while keeping others frozen. We conduct experiments on 15 diverse NLP datasets,
including single-sentence and sentence-pair classification tasks. Our method achieves competitive performance
compared to full fine-tuning, with an average training speedup of 1.5x and a reduction of trainable parameters by
75%, and outperforms all the comparative baselines. Additionally, our approach does not cause any notable drop in
performance when the domain is changed for the evaluation tasks, demonstrating robust cross-domain generalizability.

Keywords: Layer Selection, Partial Fine-tuning, Parameter-Efficient Fine-tuning

1. Introduction

The remarkable success of large-scale Language
Models (LMs) like BERT (Devlin et al., 2019) stems
from their ability to learn rich, hierarchical represen-
tations of language (Arora et al., 2020; Niu et al.,
2022). These models have consistently set new
state-of-the-art benchmarks across a wide array
of NLP tasks (Choi et al., 2021). However, their
growing size presents a significant challenge: the
computational cost of full fine-tuning is often pro-
hibitive, especially in resource-constrained settings.
This has spurred research into more efficient adap-
tation methods, grounded in the observation that
not all layers contribute equally to performance on
a given downstream task (Hosseini et al., 2023;
Charpentier and Samuel, 2023). Consequently,
various parameter-efficient and partial fine-tuning
strategies have emerged, promising to match the
performance of full fine-tuning with a fraction of the
computational budget (Ardakani et al., 2024; Zhu
et al., 2023; He et al., 2024; Shen et al., 2021).
Current approaches to partial fine-tuning largely
fall into two categories, each with distinct draw-
backs. The first category, dynamic layer selection,
employs methods like SlimFit (Ardakani et al., 2024)
and RECAP (llhan et al., 2024), which identify im-
portant layers during training based on iterative
gradient analysis or auxiliary mechanisms. While
effective, these methods introduce significant com-

putational overhead, as importance scores must
be calculated and updated for each sample in ev-
ery epoch, undermining the goal of efficiency. The
second category relies on static heuristics, such
as freezing specific blocks of layers (Lee et al.,
2019; Ingle et al., 2022), updating only bias terms
(Zaken et al., 2022), or dropping layers based on
input-output similarity (LayerDrop, (He et al., 2024)).
Although computationally cheaper, these heuristic-
based methods often yield suboptimal performance
because they overlook the complex semantic inter-
dependencies between layers (Tenney et al., 2019).
Critically, both strategies can suffer from poor gen-
eralization, exhibiting performance degradation on
out-of-domain data, suggesting they either overfit
to the source domain or fail to capture truly trans-
ferable features.

This reveals a critical gap: the need for a method
that is both computationally inexpensive like static
heuristics and principled like dynamic selection. We
propose that the key to selecting the most impactful
layers for fine-tuning lies not in costly training-time
dynamics, but in the intrinsic semantic structure
of the pre-trained model itself. We propose that
by measuring the semantic coherence between
layers, we can identify which ones act as central
"hubs" of information—those whose representa-
tions are most aligned with the rest of the model.
These layers are prime candidates for adaptation,
as modifying them is likely to have a harmonious
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Figure 1: Overall methodology for PRiSM. We adopt a two-stage approach: a selection stage and a
fine-tuning stage. In the selection stage, we calculate the cosine similarity between the aggregate token of
each layer with all other layers to find layer-wise scores. In the fine-tuning stage, we select the block-wise
highest-scoring & layers and fine-tune only those while keeping the remaining layers frozen.

and widespread impact on the model’s overall func-
tion.

To this end, we introduce PRiSM (Partial Ranking
via inter-layer Semantic Measurement), a novel,
training-free approach for layer selection. PRiSM
operates in a single, efficient forward pass before
fine-tuning begins. It scores each layer by calcu-
lating the cosine similarity between its aggregate
token representation (e.g., the [CLS] token) and
those of all other layers. This score quantifies a
layer’'s semantic centrality. We then fine-tune a
small, block-wise subset of the highest-scoring lay-
ers. This approach directly addresses the limita-
tions of prior work: it is training-free, avoiding the
overhead of dynamic methods, while being more
principled than simple heuristics by explicitly lever-
aging inter-layer semantic relationships.

Our contributions are threefold. First, we present
a novel method that achieves a compelling trade-off,
reducing trainable parameters by 75% and acceler-
ating training by 1.5x, while performing within 0.7%
of full fine-tuning accuracy. Second, through exten-
sive experiments on 15 diverse NLP datasets, we
show that PRiSM consistently outperforms existing
PEFT and partial fine-tuning baselines. Finally, we
demonstrate PRiSM'’s superior generalization, as
it maintains robust performance in cross-domain
evaluations where other methods falter.

2. Related Work

In this section, we discuss two lines of work on
partial fine-tuning of pre-trained language models.

Heuristic Layer Selection and Freezing Strate-
gies. This area explores static strategies for re-
ducing trainable parameters. Approaches include
freezing a fixed portion of the model, such as
the initial or final layers (Lee et al., 2019; Ingle
et al., 2022), or updating only bias terms (Zaken
et al., 2022). Other methods employ more com-
plex heuristics to identify layers or nodes to freeze
or drop, using techniques like evolutionary search
(Shen et al., 2021), node value changes during an
initial tuning phase (Vucetic et al., 2022), or input-
output similarity to find redundant layers (Layer
Drop, (He et al., 2024)). Unlike these methods,
which often overlook layer interdependencies, our
approach explicitly models inter-layer semantic re-
lationships to guide selection.

Dynamic Layer Selection and Efficient Training.
This more recent line of work focuses on dynam-
ically selecting trainable components during the
fine-tuning process. Techniques include iteratively
freezing layers based on gradient analysis (Slim-
Fit, (Ardakani et al., 2024)), sequentially fine-tuning
one layer at a time (LIFT, (Zhu et al., 2023)), and
pruning weights using Taylor approximation (RE-
CAP, (llhan et al., 2024)). Other methods focus
on memory efficiency by selectively propagating
gradients (Simoulin et al., 2023), randomly freezing
middle layers (Pan et al., 2024), or estimating layer
importance via semantic analysis of latent repre-
sentations (Gu et al., 2024). Our approach deviates
from these by introducing a simple, training-free se-
lection mechanism that leverages pre-trained rep-
resentations, avoiding the computational overhead
of iterative updates or gradient analysis.
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3. Methodology

PRiSM has two distinct stages: i) Selection Stage
ii) 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 doesn’t require any training of parameters.
The details are written in Section 3.1 and Section
3.2. The overall methodology is depicted in Fig 1.

3.1. Selection Stage

After passing a sentence, represented as a token
sequence S = (t1,ta,...,t,), into a pre-trained LM
fra with L layers, we extract the hidden represen-
tations. For layer [ € {1,..., L}, the model outputs
a sequence of hidden state vectors, represented
as amatrix HY € RN*4 where N is the sequence
length and d is the hidden dimension. We define
the aggregate token representation for layer |
as hggg a single vector that summarizes the sen-
tence’s contextual information at that depth. The
choice of this vector depends on the model’s ar-
chitecture: for encoder models like BERT, it is the
representation of the [CLS] token, hggg = H[(QLS};
for autoregressive models, it is the representation
of the final token in the sequence, hggg =ul.

To compute a selection score for each layer [, we
measure the cosine similarity between its aggre-
gate token representation hggg and those from all
other layers, excluding itself. This score quantifies
how semantically aligned a layer's summary repre-
sentation is with the representations across the rest
of the model. The selection score is obtained by
averaging these similarity values. Mathematically,
the score for layer [ for a single input sequence is
defined as:

L

Score(! Z

=1,

cos_sim( hggg,hggg)

To obtain the final layer-wise scores for a given
downstream task, we compute and aggregate
these similarity scores for each batch over the en-
tire dataset. We then calculate the global average
score for each layer to ensure the selection is rep-
resentative of the complete data distribution.

After calculating the averaged score for each
layer, we rank them and choose k layers (k < L) for
fine-tuning. We adopt a structured selection strat-
egy to maximize representational diversity. The
L layers are partitioned into k& contiguous, non-
overlapping blocks {Bj, Bs, ..., Bx}. Within each
block B;, we select only the single highest-scoring
layer I3 for the fine-tuning set L;..., such that
[ = arg maxep, Score(l) and Lyyne = {If, ..., 15}

This approach is twofold in its motivation. First,
the block-wise division is theoretically grounded in
the hierarchical nature of language models, ensur-
ing that fine-tuning updates are distributed across
the model’s entire representational depth rather
than being concentrated in one region. Second,
selecting the highest-scoring layer is crucial be-
cause a high score signifies high average cosine
similarity, identifying the layer as a "semantic hub"
whose representation is most aligned with the over-
all model. Fine-tuning these central, stable layers
is more effective, as their adjustments can harmo-
niously propagate throughout the network, leading
to a more coherent adaptation to the downstream
task. In contrast, low-scoring layers are semantic
outliers, and tuning them risks localized, less im-
pactful updates. As experiments in Section 7 verify,
this structured selection is critical, with alternative
strategies like non-block or lowest-score selections
leading to significant performance degradation.

Why use cosine similarity to measure the im-
portance of layers? In deep learning, similarity
metrics are crucial for evaluating relationships be-
tween vector representations, with cosine similarity
being favored for its focus on directional alignment
rather than magnitude (Chen et al., 2020). Unlike
dot product and Euclidean distance, which con-
sider both direction and magnitude, cosine simi-
larity measures only the angle between vectors,
normalizing them to unit length. This is especially
useful in Transformer models with Pre-Norm archi-
tectures, where hidden states’ magnitude increases
with layer depth (Liu et al., 2023; Chen et al., 2025;
Xiong et al., 2020). The increase in magnitude can
bias dot product similarity, while Euclidean distance
may misrepresent similarity between vectors with
large magnitudes but similar directions. Cosine sim-
ilarity, by normalizing magnitude, provides a more
reliable measure of semantic similarity, making it
ideal for tasks like sentence embeddings where
direction is key.

Why use pre-trained aggregate tokens? In
transformer-based models, specific tokens are ar-
chitecturally positioned to serve as holistic se-
quence representations. For encoder models like
BERT, the [CLS] token is explicitly pre-trained to
aggregate sentence-level semantics for classifi-
cation tasks. lIts representation at any layer is a
distilled summary of the contextual understanding
achieved at that stage of processing (Jawahar et al.,
2019). Similarly, in autoregressive models, the hid-
den state of the final token must encapsulate the
entire preceding context to predict the next word,
effectively functioning as the most comprehensive
summary of the input. By comparing these single
aggregate vectors across layers, we directly mea-
sure the semantic stability and contribution of each
layer to the final, overall representation.
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This approach simplifies the similarity measure-
ment to a direct vector comparison, avoiding the
computational overhead of alternatives like mean
pooling (taking the average of all token’s hidden
state vectors). Mean pooling can also dilute the sig-
nal by averaging over all tokens, including less infor-
mative ones, and fails to leverage the model’s own
learned summarization mechanism. The [CLS] or
final token, by contrast, provides a representation
that the model has been trained to treat as the
primary carrier of sequence-level meaning. There-
fore, using cosine similarity on these specific to-
kens offers a more theoretically grounded and com-
putationally efficient method for identifying layers
whose semantic contributions are most central to
the model’s foundational knowledge, making them
prime targets for fine-tuning (Jiang et al., 2025).

3.2. Partial Finetuning Stage

In the partial fine-tuning stage, we update only the
parameters of the & selected layers, denoted by
the set Line, While all other layers in the language
model backbone remain frozen. For a given down-
stream task, the model performs a full forward pass
to generate representations. We then take the ag-
gregate token representation from only the final
layer of the model, héég),, as the holistic sentence em-
bedding. This single vector is fed into a newly initial-
ized linear classifier, which is trained from scratch.
During the backpropagation process, gradients are
computed and used to update the weights of both
the linear classifier and the selected layers in Liyne.

Formally, let the parameters of the language
model layers be {0,,...,0,} and the classifier pa-
rameters be 6.. The set of trainable parameters is
Otrain = {0 | | € Lune} U {0.}. For an input sen-
tence, the model computes the final layer’s aggre-
gate token representation hééé The predicted logits

are then calculated as ¢ = fc|assmer(h§§2,)- A loss
function, L(§,y), is computed based on the ground-
truth label y. The optimization step updates only
the parameters within Oy.in, effectively adapting a
small, strategically chosen subset of the model for
the specific task while preserving the majority of
the pre-trained knowledge.

4. Experimental Setup

Datasets. We present an extensive evaluation
of our method and baselines encompassing 15
distinct NLP datasets, spanning both classifica-
tion and regression problems. Following previous
work (Gao et al., 2021), we selected 15 English
language tasks for evaluation, consisting of 8 tasks
that process individual sentences (single-sentence
tasks) and 7 that handle sentence pairs (sentence-
pair tasks). The dataset collection is drawn from the

GLUE benchmark (Wang et al., 2018), the SNLI cor-
pus, and six additional well-established sentence
classification datasets: SST-5, MR, CR, MPQA,
Subj, and TREC.

Baselines. We compare our method with several
baselines, including full fine-tuning (where all layers
are fine-tuned), LoRA (Hu et al., 2021), Adapters
(Houlsby et al., 2019), Prefix-Tuning (Li and Liang,
2021), LIFT (Zhu et al., 2023), RECAP (llhan et al.,
2024), and SlimFit (Ardakani et al., 2024). Addition-
ally, we explore layer selection strategies: random
selection (where k layers are chosen randomly),
top selection (top k layers fine-tuned), and bottom
selection (bottom & layers fine-tuned). For consis-
tency, k is set to 3 for all selection-based base-
lines, including our method. We also compare our
method with input-output similarity-based selection,
as proposed in Layer Drop (He et al., 2024), which
calculates the cosine similarity between the input
and output hidden states of each transformer layer.
We adopt it by fine-tuning the & layers with the low-
est input-output similarity. We also experiment with
different values of k in Section 7.

Models. We use publicly available transformer
models through the HuggingFace library (version
4.45.1) and implement them using the PyTorch
framework (version 2.3.0). Specifically, we use
the BERT model in its base configuration (bert-
base-cased) for our main results which has 12
total transformer layers. For autoregressive models
used in ablation experiments, we use Gemma-2-
2B (Team et al., 2024) and TinyLlama-1.1B (Zhang
et al., 2024).

Hyperparameters. We conducted an extensive
hyperparameter search to optimize model perfor-
mance 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
£1=0.9 and 3,=0.99, and weight decay=0.01.
In the LoRA fine-tuning approach, we apply low-
rank adaptation in all query and value vectors with
r=16 and a=32. We set random seeds of [0, 42,
100] for the three different runs in all our experi-
ments.

5. Reslults

Single Sentence Tasks. As detailed in Table 1,
PRiSM consistently achieves the highest perfor-
mance among all parameter-efficient and partial
fine-tuning methods on single-sentence tasks, with
an average accuracy of 85.0%. It significantly
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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 91.7 537 87.8 880 834 968 96.7 824 857
PEFT Baselines
LoRA 88.6 50.9 858 852 86.1 926 92.8 80.3 828
Adapters (Houlsby et al., 2019) 89.0 51.1 86.0 854 863 93.0 93.1 80.5 83.1
Prefix-Tuning (Li and Liang, 2021)  88.7 509 859 853 86.2 92.7 929 80.3 829
Partial Finetuning Baselines
Random & layers 88.4 50.2 854 847 85.5 93.3 952 79.6 828
Bottom £ layers 88.2 50.8 85.1 848 854 932 941 79.2 826
Top k layers 89.0 512 86.6 855 868 949 942 804 836
LIFT (Zhu et al., 2023) 90.4 50.5 86.8 86.1 87.0 959 9538 80.5 84.1
RECAP (llhan et al., 2024) 90.3 512 863 867 873 96.2 96.3 81.0 844
SlimFit (Ardakani et al., 2024) 90.1 51.8 875 872 878 963 96.1 795 845
Layer Drop (He et al., 2024) 89.1 51.3 86.3 852 86.0 952 940 80.0 834
PRiSM (Ours) 90.7 525 880 86.7 882 962 964 811 85.0

Table 1: Results for Single Sentence Tasks. We compare our method with full fine-tuning, LoRA, Adapters,
Prefix-Tuning, partial fine-tuning, LIFT, RECAP, SlimFit, and Layer Drop. We use k=3 for all layer selection
baselines. All the 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 SNLI QNLI RTE MRPC QQP STS-B Avg.
(acc) (acc) (acc) (acc) (F1) (F1) (Pear.)
Full Fine-tuning 840 908 909 620 818 905 86.2 837
PEFT Baselines
LoRA 805 882 849 563 721 883 834 79.1
Adapters (Houlsby et al., 2019) 81.0 885 860 580 730 885 838 79.8
Prefix-Tuning (Li and Liang, 2021) 80.8 88.3 855 57.1 72.5 88.4 83.5 79.4
Partial Finetuning Baselines
Random £ layers 80.2 876 869 597 706 872 805 79.0
Bottom £ layers 80.3 874 857 588 714 879 814 790
Top k layers 816 889 878 609 74.1 888 83.0 80.7
LIFT (Zhu et al., 2023) 815 893 876 592 742 834 837 806
RECAP (llhan et al., 2024) 81.3 891 875 613 750 892 844 81.1
SlimFit (Ardakani et al., 2024) 822 892 880 585 759 878 843 80.8
Layer Drop (He et al., 2024) 80.8 887 881 604 722 888 820 80.1
PRiSM (Ours) 81.8 89.7 887 617 753 898 845 81.6

Table 2: Results for Sentence Pair Tasks. We compare our method with full fine-tuning, LoRA, Adapters,
Prefix-Tuning, partial fine-tuning, LIFT, RECAP, SlimFit, and Layer Drop. We use k=3 for all layer selection
baselines. All the results are the mean of 3 runs with different seeds. Bold indicates the best-performing

model and underline indicates the second best.

surpasses popular PEFT baselines, outperform-
ing LoRA by 2.2%, Adapters by 1.9%, and Prefix-
Tuning by 2.1%. PRiSM also shows a clear advan-
tage over other partial fine-tuning strategies, outper-
forming LIFT by 0.9%, RECAP by 0.6%, and Slim-
Fit by 0.5%. Notably, our method’s performance is
highly competitive with full fine-tuning (85.7%), clos-
ing the gap to just 0.7%, and outperforms the fully
fine-tuned model on the MR and TREC datasets.

Sentence Pair Tasks. PRiSM continues its strong
performance on the more complex sentence-pair
tasks, as shown in Table 2. Achieving an average
score of 81.6%, it again stands out as the best-
performing efficient method. The results demon-
strate a consistent pattern of improvement over
the PEFT baselines, outperforming LoRA by 2.5%,
Adapters by 1.8%, and Prefix-Tuning by 2.2%. It
also outperforms other partial fine-tuning methods
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Method Avg Speedup 1+ #Params| Train Set TestSet Method Accuracy (%)
Full Fine-tuning - 110 M FFT 88.8
" s
0 . . SST-2 IMDB LIFT 84.8
Adapters 1.35 36M RECAP 85.0
Prefix-Tuning 1.58 21 M SlimFit 86.2
Partial Finetuning PRiSM 87.6
Random 1.47 28.3 M FET 89.0
LIFT 0.53 29.7 M Random 84.20
RECAP 1.39 321 M LoRA 86.9
SlimFit 1.21 40.7 M IMDB SST-2 LIFT 84.7
PRiSM 1.54 28.3 M RECAP 85.1
SlimFit 87.0
Table 3: Comparison of number of trainable param- PRISM 88.5
eters and average training speedup. FFT 52.8
Random 46.4
LoRA 47.8
like LIFT by 1.0% and SlimFit by 0.8%. Although OLID Dyn. Hate  LIFT 46.7
full fine-tuning (83.7%) sets the highest benchmark, F;ECIA:‘_P 4?-2
PRiSM delivers the closest performance, validating imFit 51.3
. . PRiSM 53.0

the robustness of its layer selection strategy across

different task formats. FFT n7
Random 66.0
Training Time and Parameters. Table 3 high- LoRA 68.6
lights the efficiency of PRiSM in terms of computa- Dyn. Hate ~ OLID LIFT 66.5
tional resources. Our method reduces the number RECAP 67.3
of trainable parameters to 28.3M, a 75% reduc- SlimFit 69.2
PRiSM 71.6

tion compared to the 110M parameters of a fully
fine-tuned model. While PEFT methods like LoORA
(1.84M) and Adapters (3.6M) are more parameter-
frugal, PRiSM’s performance gains are substantial.
In terms of training efficiency, PRiSM achieves an
average speedup of 1.54x, which is highly com-
petitive with the fastest baselines, LoRA (1.63x)
and Prefix-Tuning (1.58x). This demonstrates that
PRiSM offers a superior trade-off, delivering ac-
curacy near the level of full fine-tuning while pro-
viding a noteable reduction in parameters and a
compelling training speedup.

6. Cross-Domain Evaluation

To evaluate PRISM’s robustness against domain
shifts, we conducted a series of out-of-distribution
experiments, with results presented in Table 4.
The setup involved training models on one dataset
and evaluating them on another from the same
task category but a different domain. We specifi-
cally measured generalization for sentiment anal-
ysis (transferring between SST-2 (Socher et al.,
2013) and IMDb (Maas et al., 2011)) and for hate
speech detection (transferring between the OLID
(Zampieri et al., 2019) and Dynamically Gener-
ated Hate Speech (Vidgen et al., 2021) datasets).
This setup directly tests how well each fine-tuning
method’s learned adaptations transfer to new, un-
seen data distributions.

The results highlight PRiSM’s superior gener-

Table 4: Comparison of Cross-Domain Perfor-
mance. Bold indicates the best-performing model;
underline indicates the second best. Here FFT
means Fully Fine-Tuning and Random represents
Random Selection methods.

alization ability. Across all cross-domain tasks,
PRiSM performs exceptionally well, consistently
matching the accuracy of full fine-tuning (within
1%) and even outperforming it when transferring
from OLID to Dyn. Hate. This robustness stems
from our core methodology. Full fine-tuning risks
overfitting to the specific stylistic quirks and biases
of the source domain. In contrast, PRiSM modifies
only 25% of the model’s layers, while preserving the
vast majority of the model’s pre-trained, general-
purpose knowledge. This targeted approach pre-
vents the model from over-specializing, ensuring
it learns the underlying task rather than just the
source domain, which is crucial for real-world de-
ployment.

Similarity Metric Average Score

83.3
77.8

Cosine Similarity
Euclidean Distance

Table 5: Comparison with Euclidean distance as
the similarity metric.
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7. Ablation

Performance across different % 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 em-
pirically select the optimal value of k, we perform
ablation for all k£ values (ranging from 1 to 11) on
the BERTgase model, considering both the accu-
racy 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 Fig 2.
For both the datasets, we see that accuracy gains

becomes limited as the value of k becomes larger
than 6. As for the speedup in training time, we ob-
serve a continuous decline in speedup as the value
of k increases. Considering the trade-off between
the accuracy and speedup from these graphs, we
choose k=3 to be an optimal value for all of our
experiments.

Performance across different layer selection
strategies.

To verify that block-wise highest-scoring layers
used in PRiSM is the most effective strategy, we
perform several ablations by fine-tuning without any
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methods.

block-wise selection and choose the overall highest
and lowest-scoring layers instead. We also fine-
tune the block-wise lowest-scoring layers to ensure
the validity of selecting the most similar layers in
our approach. Figure 3 shows that choosing all
other strategies causes performance degradation,
proving that using the block-wise highest-scoring
layers is crucial for achieving high downstream task
performance.

The figure compares different layer selection
strategies based on their average performance
scores. The results show that selecting layers us-
ing a block-wise highest-scoring strategy achieves
the best performance (83.3%), indicating that infor-
mative layers tend to appear in meaningful groups
or blocks rather than as isolated individual layers.
In comparison, selecting the highest scoring indi-
vidual k layers yields a slightly lower score (80.2%),
suggesting that considering layers independently
may overlook useful contextual relationships be-
tween neighboring layers. The block-wise lowest k
layers still performs moderately (80.6%), while se-
lecting the lowest scoring individual k layers leads to
the weakest performance (79.1%). Overall, these
findings highlight that block-wise layer selection is
more effective than individual layer selection, as
it better captures the structural dependencies be-
tween layers and helps identify more informative
representations within the model.

Performance across different LLMs.

We also report our results for various other
encoder-only models, including RoBERTagask,
DeBERTagase, and ELECTRARgase, as well as two
decoder-only large language models, Gemma-2-
2B (Team et al., 2024), and TinyLlama-1.1B (Zhang
et al., 2024), in Figure 4. We compare our method

with random k, bottom &, and top & layer selection.

The results show that larger language models
generally achieve higher performance, although the
improvement is not strictly proportional to model
size. Among the models evaluated, Gemma-2-2B,
which is the largest, achieves the highest overall
score (90.5%) with PRiSM, suggesting that larger
LLMs can better leverage informative layer repre-
sentations. In contrast, the smaller TinyLlama-1.1B
performs comparatively lower across the baseline
strategies but still shows a substantial improvement
when PRiSM is applied. Encoder-based models
such as DeBERTa, RoBERTa, and ELECTRA ex-
hibit moderate performance, with DeBERTa per-
forming the strongest among them. Regarding
layer selection strategies, PRiSM consistently out-
performs both random k layer selection and top k
layer selection across all models, indicating that
adaptive or principled layer selection is the most
suitable strategy. The top k layers approach is
not consistently effective, particularly for LLMs like
Gemma-2-2B and TinyLlama-1.1B, where it some-
times performs worse than random selection. Over-
all, these results highlight the broad applicability of
our approach to different families of LMs.

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 per-
form our same experiment, but instead of cosine
similarity, we use the Euclidean distance to calcu-
late the similarity scores between the aggregate
tokens. The result, shown in Table 5, shows con-
clusive evidence, as using Euclidean distance in-
stead of cosine similarity causes a notable drop in
performance.
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8. Conclusion

In this paper, we propose a novel selective layer
fine-tuning approach that incorporates inter-layer
relationships by leveraging layer-wise semantic rep-
resentations of sentences, a direction that has
received limited attention in previous methods.
Through experiments on fifteen different datasets,
our model consistently outperformed existing ap-
proaches for layer selection and partial fine-tuning,
highlighting the importance of inter-layer relation-
ships 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 experiments demonstrated the robust-
ness and generalizability of our approach, enabling
reliable predictions across varied tasks. We believe
our model and findings contribute to advancing the
efficient and effective utilization of language models
in downstream applications.

9. Limitations

While PRiSM demonstrates strong performance,
its evaluation is primarily focused on sentence-level
NLU classification tasks. Although our method per-
formed well for autoregressive LLMs on these tasks,
its effectiveness on token-level tasks, or on com-
plex generative tasks like summarization, was left
unexplored due to resource limitations. Besides,
it is also worthwhile to explore multilingual chal-
lenges such as the transliteration problem (Fahim
et al., 2024; Haider et al., 2025), as well as tasks
that extend beyond standard classification base-
lines (Ahmed et al., 2024). Furthermore, the ex-
periments are conducted on models up to the 2B
parameter scale; how the layer-wise semantic simi-
larity patterns and the method’s efficiency translate
to significantly larger models (e.g., 70B+) is an open
question for future work.
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