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Abstract

Most work treats large language models as black boxes without
an in-depth understanding of their internal working mecha-
nism. To explain the internal representations of LLMs, we
utilize a gradient-based metric to assess the activation level
of model parameters. Based on this metric, we obtain three
preliminary findings. (1) When the inputs are in the same
domain, parameters in the shallow layers will be activated
densely, which means a larger portion of parameters will have
great impacts on the outputs. In contrast, parameters in the
deep layers are activated sparsely. (2) When the inputs are
across different domains, parameters in shallow layers exhibit
higher similarity in the activation behavior than in deep layers.
(3) In deep layers, the similarity of the distributions of acti-
vated parameters is positively correlated to the empirical data
relevance. Further, we develop three validation experiments
to solidify these findings. (1) Firstly, starting from the first
finding, we attempt to configure different sparsities for differ-
ent layers and find this method can benefit model pruning. (2)
Secondly, we find that a pruned model based on one calibra-
tion set can better handle tasks related to the calibration task
than those not related, which validates the second finding. (3)
Thirdly, Based on the STS-B and SICK benchmarks, we find
that two sentences with consistent semantics tend to share sim-
ilar parameter activation patterns in deep layers, which aligns
with our third finding. Our work sheds light on the behavior
of parameter activation in LLMs, and we hope these findings
will have the potential to inspire more practical applications.

Code — https://github.com/Qian2333/Exploring- Activation-
Patterns-of-Parameters-in-Language-Models

Introduction

Since the emergence of GPT-4 (Achiam et al. 2023), there has
been a surge of interest in Large Language Models (LLMs).
As these LLMs continue to advance and their capabilities
strengthen, there remains a noticeable gap in research dedi-
cated to their interpretability.

The study aims to investigate the coexistence of different
capabilities within the model. More specifically, when faced
with inputs across various domains, we observe variations in
the internal representation of LLMs. There have been some
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explorations into the functions of specific layers and parame-
ters in LLMs (Azaria and Mitchell 2023; Geiger et al. 2024).
It is generally recognized that some significantly different
capabilities of LLMs cannot fully coexist within a limited
scale. However, no targeted research analyzes the operational
patterns of specific capabilities within language models in a
more general sense.

Recent work has found that some parameters within the
model exist for specific tasks. Fu et al. (2023) revealed that
while the distilled model excels in the specific task it was
designed for, the original, more general model experiences a
decline in performance in other tasks previously proficient
in. This observation suggests that different tasks may tap
into distinct capacities within a model, and these capacities
seem to be mutually exclusive to some extent. In another
study, Zhang et al. (2021) introduced the notion that LLMs
inherently evolve into a Mixture of Experts (MoE) within
themselves. This concept implies that different parts of the
network are tasked with handling different inputs, further
strengthening the idea of internal specialization within the
model.

Building on the insights from the aforementioned phe-
nomena, this study seeks to unravel the following questions:
Which parameters within the network are activated to de-
termine the outputs, and does the distribution of these acti-
vated weights exhibit distinct patterns when faced with in-
puts across different domains? In essence, we aim to explore
whether the degree of parameter activation in different layers
varies in response to non-homogenous input scenarios and if
so, to what extent.

Drawing on methods from network pruning (Ma, Fang,
and Wang 2023), we assess the influence of a parameter by
comparing the original output of a model to that of a model
in which the parameter is set to 0. Specifically, we employ
the first-order term of the Taylor expansion of the model to
gauge the impact of a parameter on the outputs. Given two
sentences s1, S2, whether homogenous or not, we derive two
vectors V, , Vs, that characterize the influence of the internal
parameters of the model. By examining the cosine similarity
between these two vectors from LLM with different data
(LLMDcos), we observe three phenomena:

* For inputs in the same domain, parameters in the shallow
layers of the model are activated densely, while parame-
ters in the deep layers are activated sparsely.



¢ For inputs from different domains, the similarity of the
activation patterns of parameters in the shallow layers of
the model is higher than in deep layers.

¢ In deep layers, the similarity of the distributions of acti-
vated parameters is positively correlated to the empirical
data relevance.

To validate our observed results, we design three experi-
ments, which include model pruning and semantic similarity
tasks. The improved pruning method based on our analytical
results outperforms the original. We validated our second
finding by comparing the performance changes caused by
the different calibration sets of the pruning method. The pro-
posed LLMDcos is also validated to be related to semantic
similarity.

Our contributions are listed in the following:

* We observe the different capabilities of different layers in
LLMs, summarize three phenomena, and design experi-
ments to validate each.

* We optimize the pruning method, providing a reference
for other pruning methods.

* We propose a new method for calculating data similarity
based on gradient information.

Background and Motivation
Motivation

Our motivation for this study stems from a phenomenon
observed in distillation (Fu et al. 2023): when a specific
capability of a general model is enhanced through distillation,
there tends to be a corresponding decline in other evaluations.
This observation prompts us to investigate the nature of the
relationship between different capabilities within a model -
are they mutually reinforcing or mutually exclusive? And if
both, under what circumstances does each scenario occur?

A study (Zhang et al. 2021) proposed the idea that a model
internally generates a Mixture of Experts, which suggests that
the model handling of different tasks could be attributed to the
spontaneous formation of a sparse structure during training.
This structure, in turn, might harbor distinct capabilities that
are mutually exclusive to some extent. Same idea has also
been mentioned in several works (Huang et al. 2021; Xia
et al. 2023; Wang et al. 2023; Razdaibiedina et al. 2023).

Our work is primarily related to model pruning. The param-
eter scoring method from model pruning serves as a valuable
tool to explore which parameters within the model are most
responsive to a given input. Meanwhile, the variation in the
model’s performance during evaluation due to different prun-
ing settings can also validate our conclusions.

Model Pruning

The crux of model pruning lies in identifying the crucial pa-
rameters within the network. From the perspective of model
pruning, we can derive insights into the significant role scor-
ing of parameters.

Model pruning techniques (LeCun, Denker, and Solla
1989; Hassibi, Stork, and Wolff 1993; Han et al. 2015) for
LLMs can be broadly categorized into two types (Zhu et al.
2023): structured pruning (Frantar and Alistarh 2023; Zhang
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et al. 2023; Sun et al. 2023) and unstructured pruning (San-
tacroce et al. 2023; Ma, Fang, and Wang 2023). Structured
pruning aims to reduce the hidden state size by removing
entire rows or columns from the weight matrix, which can
lead to actual acceleration and pruning benefits. Unstructured
pruning, on the other hand, involves eliminating individual
connections, i.e., specific elements within the weight matrix.
This approach can maintain model performance even at high
pruning ratios but does not inherently lead to computational
speedup unless a substantial proportion of connections is
pruned within specific regions.

Regardless of the type of pruning, both methods focus on
identifying which components of the network have the least
impact on the output. Many studies (LeCun, Denker, and
Solla 1989; Ma, Fang, and Wang 2023; Frantar and Alistarh
2023) have utilized Taylor expansion to define the rank of
weights in terms of their influence on the network’s structure,
thereby guiding the pruning process by removing weights
with minimal impact.

Preliminary Findings
In all the content of this paper, unless specifically marked,
all model results are analysis results of Llama2-7B (Touvron
et al. 2023). This paper provides results from more models in
subsequent sections.

Definition of Activation and LLMDcos

We begin with a standard unstructured model pruning prob-
lem in an empirical scenario. Given a trained model, unstruc-
tured model pruning attempts to rank the parameters within
the model and drop them (set them to 0). Prior research has
shown that retraining the model after pruning (Han et al.
2015) can lead to better performance. However, for LLM,
the performance of the pruned model remains competitive
even without retraining (Ma, Fang, and Wang 2023; Sun et al.
2023). Considering the substantial resources required for re-
training, we only prune the model without retraining in this
work.

For ranking the parameters, the activation level of the ¢th
parameter w; within the model is defined in various ways.
Han et al. (2015) defines the activation by magnitude, re-
moves the parameters with magnitude below a threshold, and
then retrains the model. Paul et al. (2022) train a weight as the
activation level for each parameter. In this work, we consider
a gradient-based activation (Frantar and Alistarh 2023; Ma,
Fang, and Wang 2023), but simplify it to only the first order.
Here, given a sentence s, the activation of the :th parameter
in the model w; is defined as

A(s,w;) = |D(s,w;) — D(s,0)]
o . aD(Sa wl) 2
= - 228 4 ot
0D (s, w;)

where D(s,w;) refers to the logit for the next token with
max probability.

By concatenating all the A(w;), we derive A(w) € R",
where n denotes the number of parameters within the model.
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Figure 1: Activated parameter statistics for domain-specific
tasks. The x-axis represents the layer, and the y-axis repre-
sents the number of the parameter w; satisfying A(w;) >
0.00002.
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Figure 2: Activated parameter statistics for general corpora,
including C4 and wikitext2. The x-axis represents the layer,
and the y-axis represents the number of the parameter w;
satisfying A(w;) > 0.00002.

We examine A(w) across different sentences from various
data sources. We define the cosine similarity metric of a Data
pair based on the Large Language Model (LLMDcos):

LLMDCOS(S S ) — A(Sla ’U}) ° A(827w)
1,82 \/|\A(81,w)||2 A2, w)|2

Where s1, s9 are two sentences. With LLMDcos, we aim
to analyze different layers within LLMs, as well as the differ-
ences between various inputs.

Finding 1: Parameter Activation Patterns for Inputs
in the Same Domain

In this section, we attempt to analyze the distinct behaviors
within Large Language Models (LLMs). Using our defined
A(w;), we analyze the distribution of activated parameters
in different layers when faced with a single input.

In Figure 1 and Figure 2, we present the statistical re-
sults from two data sources: 1) specific tasks including
Boolq (Clark et al. 2019a), MMLU (Hendrycks et al. 2020),
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HumanEval (Chen et al. 2021), SIQA (Sap et al. 2019), and
hellaswag (Zellers et al. 2019), 2) general corpora, including
C4 (Raffel et al. 2020) and Wikitext2 (Merity et al. 2016).
For each dataset, we select 64 samples and averaged the ac-
tivation status of each parameter facing different samples.
When calculating the activation status of data in different
layers, we collectively consider the parameters within a MLP
layer. Specifically, this includes parameters from seven parts:
the fully connected linear layers of Q, K, V, O, and the three
fully connected linear layers of the MLP layer.

For domain-specific tasks, from the statistical results in
Figure 1, we can find that fewer parameters are activated
in the first layer, meaning that only a small portion of pa-
rameters have a significant impact on the results. In the
shallow layers, the parameters that have a greater influence
(A(w;) > 0.00002) on the results gradually increase. In the
relatively deeper layers, the parameters that have a signifi-
cant impact on the results decrease, concentrating on specific
parts. This phenomenon is consistent across the five data sets
representing different abilities. This leads us to speculate that
for a single task, apart from the first layer, many parameters
in the shallow layers are involved in the proceeding of the re-
sults. Conversely, in the deep layers and the first layer, fewer
parameters have a significant impact on the results.

For general corpora, the results remain similar to those of
domain-specific tasks in the shallow layers but differ signifi-
cantly in the deep layers. When dealing with general corpora,
the average activation of the parameters in the deep layers is
higher than that in specific tasks. This is particularly evident
in C4, which shows less specialization than Wikitext2.

Finding 2: Parameter Activation Patterns for Inputs
in the Different Domains

To observe the functionality of different layers within Large
Language Models (LLMs), we have documented the activa-
tion scenarios of various layers when faced with input from
different data domains. In response to inputs from two data
domains, we calculated the LLMDcos for each layer each
time.

As depicted in Figure 3, we analyze data from three
data domains: Boolq, HumanEval, and MMLU. Apart from
HumanEval-HumanEval where we only experimented with
16 samples, we statistically analyzed 64 samples in all other
experiments. Consistent with the previous section, within the
same layer, we included the parameters from seven parts in
our statistics.

From the results, we observed that facing the same data
source, the activation levels of different layers were similar.
When faced with diverse data sources, the first 12 layers of
the network had higher LLMDcos, while the later layers had
lower similarity. Notably, the second layer had higher similar-
ity in any analysis between the two data sources. Moreover,
when faced with empirically similar data sources, the similar-
ity in activation levels of the later layers was relatively high,
that is, MMLU and Boolq showed relatively high similarity,
while the activation distribution of both datasets had a sig-
nificant difference from the HumanEval dataset. Combining
the conclusions from the previous section, we can speculate
that for different tasks, the shallow end of the network has
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Figure 4: Activated parameter statistics on Llama3-8B. The x-
axis represents the layer, and the y-axis represents the number
of the parameter w; satisfying A(w;) > 0.00002.

a more general understanding ability. When faced with vari-
ous tasks, similar parameters are activated to understand the
problem, especially in the second layer. In the deeper layers,
the network has relatively dispersed parameters, that is, some
parameters are activated for specific tasks.

Finding 3: Observing Data through Activated
Distribution

Through the above experiments, we observed that for differ-
ent datasets, the similarity of the deep layers in the model
significantly decreases, while for the same dataset, the sim-
ilarity between the shallow and deep layers of the model
remains consistent. This leads us to hypothesize that the simi-
larity in the later layers may be related to semantic similarity.
To validate this hypothesis, we test the similarity of more

25419

datasets in the Section Validation 3 and conduct tests on
benchmarks for semantic similarity.

Generality Across Different Models

To determine the universality of our results, rather than their
specificity to the Llama series or the 7B models, we per-
formed experiments analogous to those in the following sec-
tion on Qwen-7B (Bai et al. 2023), Llama2-13B (Touvron
et al. 2023) and Llama3-8B (AI@Meta 2024). The results
are illustrated in the Figure 4 and Figure 5. We can find the
patterns among all the models containing the same tendency
with higher activation levels and LLMDcos in the shallow
layers and reverse in the deep layers.

Validation Experiments

This paper, drawing upon the preceding analysis, suggests
several application approaches. The success of these applica-
tions substantiates the validity of our analytical results. None
of the pruning experiments include retraining.

Validation 1: Pruning LLMs with Different
Sparasity based on Activation Level

Based on the analysis results from Finding 1, we can observe
the following phenomena: For a 32-layer Llama2-7B network,
most of the parameters in the 1-2 layers and the deep half
of the network have little impact on the results. However, in
the parameters of the 3-17 layers of the network, there are
relatively more parameters that have a significant impact on
the results. To validate this conclusion, we will prune the
model, making the 3-17 layers of the network less sparse,
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y-axis represents the LLMDcos values of 64 samples. The two data sources and the model are indicated below the image. The

images are consistent with the results from Llama2-7B.

while the 1-2 and 18-32 layers of the network have a higher
degree of sparsity.

We employed the unstructured pruning method proposed
by (Sun et al. 2023) without retraining, maintaining all other
settings constant on Llama-7B, Llama2-7B, Llama2-13B,
Llama3-8B (AI@Meta 2024). For a language model with L
layers, given the total sparsity S and the number of activated
parameters (A(w;) > «) N; for each ith layer, we set the
sparsity of the ith layer S; as

N; —mean(N;) «
N/ = szgmozd(w + ?)
N/L
S;=S+p55(1 - ELIN’)

We set « = 2, 8 = 0.2 for all the experiments. We set v =
0.00002 for all models with 32 layers, while v = 0.000005
for 40-layers (Llama-2-13B).

Here, we set an heuristic term ¢ to balance the great gap
between the 1-2 layers and deeper layers which make higher
sparsity in deeper layers. We use the sigmoid function to
maintain a certain amount of parameters during pruning.
While the pruning method (Wanda) cannot precisely deter-
mine parameters for specific utility, it is essential to maintain
a moderate level of sparsity.

To compare the test results of the pruned networks, we con-
ducted tests on two different metrics on six datasets based on
the original settings. All the calibration dataset is C4 (Raffel
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et al. 2020). The evaluation tasks include Wikitext2 (Merity
et al. 2016), Boolq, SIQA (Sap et al. 2019), PIQA (Bisk et al.
2020), Hellaswag (Zellers et al. 2019), MMLU.

As shown in Table 1, our method consistently improves
the perplexity on Wikitext2 across all model results, suggest-
ing that our approach can generally enhance the language
modeling capability of the models. In the zero-shot results,
it is worth noting that the improvements in Hellaswag are
universal, while Boolq generally experiences a decline. In
conjunction with Figure 6, we find that Hellaswag has the
highest correlation with C4, while Boolq is relatively lower.
Therefore, the results of using C4 as the calibration set are
less satisfactory in Boolq.

Validation 2: Pruning LL.Ms with Different
Calibration Set

Based on Finding 2, we observe that: For Llama-2-7B, faced
with different data domains, most parameters in the deep part
of the network exhibit a lower degree of activation similarity.
In contrast, in the shallow layers of the network, there is
a relatively higher degree of similarity in the distribution
of parameter activation. This leads us to hypothesize that
the shallow layers of the network consist of more generic
parameters, while the deep layers are discretely composed of
parameters that address different problems. To validate this
conclusion, we will modify the calibration set to specialized
tasks, with the pruning method in Validation 1.



zero-shot

Models pruning method  wikitext2| Boolqg SIQA PIQA Hellaswag MMLU
Dense 5.68 7148 3828 5273 28.13 32.03
Llama-7B Wanda 7.26 66.41 3594 5273 29.30 20.70
‘Wanda(ours) 7.19 70.70 3594  48.05 30.86 28.52
Dense 5.12 76.95 5430 53.13 34.77 42.19
Llama2-7B Wanda 6.46 7773 4023 51.56 29.30 37.11
Wanda(ours) 6.39 76.95 4336 52.34 35.55 33.98
Dense 4.57 80.86 62.50 55.86 53.91 48.05
Llama2-13B  Wanda 5.58 81.64 5547 53091 50.00 42.58
Wanda(ours) 5.55 80.86 57.03 59.77 50.78 43.75
Dense 5.54 6445 68.36 63.28 43.36 51.95
Llama3-8B Wanda 9.06 63.67 5234 5234 27.34 28.13
‘Wanda(ours) 8.69 63.28 50.39 53.13 31.25 30.08

Table 1: Pruning experiment results. All models have an overall sparsity of 50%, with c4 as the calibration set. The evaluation
metric for wikitext2 is perplexity, and for MMLU it is 5-shot. Wanda (ours) refers to our Wanda model after layer-by-layer

adjustment of the pruning ratio, ensuring the overall pruning ratio remains the same.

zero-shot

Models Calibration set  wikitext2 Boolq SIQA PIQA Hellaswag MMLU
Llama2. 7B MMLU 6.49 73.83  42.19 5234 33.20 35.16
amaz- SIQA 6.69 7410 4102 52.73 30.86 34.77
Llama2. 13B MMLU 5.63 80.08 5430 55.08 50.00 44.92
as SIQA 5.77 7773  55.08 55.08 51.17 40.23
Llama3.8B MMLU 9.25 6328 56.64 53.52 34.77 34.77
SIQA 9.84 6328 56.64 53.52 35.16 29.30

Table 2: Pruning experiment results. All models have an overall sparsity of 50%, and the pruning method used is Wanda (ours).
The evaluation metric for wikitext2 is perplexity, and for MMLU it is 5-shot.

We adopted the pruning method from Validation 1: Wanda
(ours), ensuring all other settings remained unchanged. We
adjusted the calibration set to MMLU and SIQA. To en-
sure the sentence length of the calibration set is the same,
we concatenated different MMLU and SIQA data into long
sentences and cut them to a specific length (2048 for the
Llama-2-7B, 4096 for the Llama-2-13B, and 8096 for Llama-
3-8B).

The results are shown in the Table 2. We observe that com-
pared to the C4 dataset, the language modeling capability (as
measured by PPL in Wikitext2) of the pruning results using
SIQA as the calibration set is consistently lower. This might
be due to the greater diversity of MMLU. The pruning results
using MMLU as the calibration set consistently outperform
those based on C4 and SIQA on MMLU. Moreover, on SIQA,
PIQA, and Hellaswag, three evaluations with stronger corre-
lation with SIQA, the pruned model results using SIQA as the
calibration set always outperform those of MMLU. It excepts
Llama2-7B, according to the lower modeling capability. This
further validates our hypothesis.

Validation 3: Semantic Similarity with LLMDcos

In the analysis presented in Finding 3, we observed that the
similarity of the deep layers of the network decreases for
different data domains.
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To validate the relationship between LLMDcos and data
relevance, we tested its performance on a semantic similarity
benchmark STS-B (Cer et al. 2017) and SICK (Marelli et al.
2014). Each sample of STS-B and SICK consists of two
sentences and a simlilar score as label.

As shown in Table 3, the LLMDcos calculated by Llama2-
7B yielded the best results. As evident from the results,
LLama2-7b achieved the best performance, while the re-
sults of Llama2-13B were relatively inferior. We believe that,
compared to semantic similarity, LLMDcos assess more of
the similarity in the capabilities of LLMs required by the in-
puts. For 13B models, these capabilities may be more densely
represented in the parameters, leading to these deviations.

In addition to this, we calculated the similarity re-
lationships across nine datasets, including Boolq, C4,
GSMS8K (Cobbe et al. 2021), Hellaswag, HumanEval,
MMLU, PIQA, SIQA, and Wikitext2. The results are shown
in Figure 6.

Discussion
Worse Performance of Pruned Llama-3-8B

Refer to Table 1 and Table 2, although the dense Llama-3-8B
shows better performance on SIQA, PIQA, and MMLU, it
fails to maintain this superior performance after pruning. Con-



Model | STS-B  SICK

Llama-7B 0.30 0.52
Llama2-7B 0.66 0.51
Llama2-13B 0.43 0.52

Table 3: Spearman correlation between LLMDcos and se-
mantic similarity. We sampled 256 examples on each dataset
(p < 0.001). We use the LLMDcos of 20-30 layers (20-38
for Llama2-13B)

sidering the extensive training tokens (15T) (Al@Meta 2024)
for Llama-3-8B, it is evident that Llama-3-8B is trained in a
manner that better specializes its capabilities within specific
internal parameters as shown in Figure 4a. This phenomenon
aligns with our findings, which indicate that pruning leads
to a loss of capability outside the calibration domain. As
shown in Table 2, Llama-3-8B pruned with SIQA remains
competitive on SIQA evaluations among all models.

Extreme Performance of the First Layers and Last
Layers in Findings

In Figure 1 and Figure 3, the first two layers and the last two
layers perform in an extreme pattern.

For the extremely low numbers observed in Finding 1,
we notice that both parts are close to the readable tokens.
This could be caused by common words and the specific
language (English) since all the LLMs evaluated in this paper
are multilingual.

As for the slight increase observed in the last layers in Find-
ing 2, this could be due to the specific answers in the datasets,
as both Boolq and MMLU consist of selected questions.

Related Work
Causal Inference

In line with our intention, many researches in causal inference
aim to explore the mechanisms and patterns within the net-
work. These studies employ probes (Hupkes, Veldhoen, and
Zuidema 2018; Peters et al. 2018; Tenney, Das, and Pavlick
2019; Clark et al. 2019b), attribution methods (Shrikumar
et al. 2016; Sundararajan, Taly, and Yan 2017), causal align-
ment (Geiger et al. 2021, 2024), and some even more drastic
measures (Zhao, Li, and Sun 2023), such as directly skipping
specific layers to observe the difference in results.

However, most of the work focuses on a specific function
rather than a macroscopic discussion of the functions of dif-
ferent layers. Zhao et al. (Zhao, Li, and Sun 2023) found that
the third layer in Llama may significantly impact whether
the model outputs toxic information. Azaria et al. (Azaria
and Mitchell 2023) verified that the later layers of the model
are more aware of whether they contain false information.
Mcgrath et al. (McGrath et al. 2023) indicated that differ-
ent layers in the model may have various information about
numbers.
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Figure 6: Dataset relevance. The figure shows the similarity
calculated based on the mean LLMDcos of layers 20-30 in
Llama2-7B.

Data Similarity

Our work reflects data relevance. In the field of NLP, data sim-
ilarity mainly refers to text similarity. Text similarity in early
machine learning was primarily based on statistical methods,
such as word frequency and sentence length. However, in
the era of deep learning, semantic similarity has become of
greater interest, leading to the proposal of a series of models.

Most of the related recent work has directly calculated
relevance using the hidden state after the embedding layer.
(Laskar, Huang, and Hoque 2020) proposed two methods for
calculating data similarity, one based on the average pooling
of the token dimension of BERT’s hidden state and the other
through training with the CLS token. Both methods assisted
in the main task of answer selection. (Li et al. 2020) improved
the effect of similarity calculation by mapping data similarity
to a Gaussian distribution based on a kernel distribution.

Limitations

We identify two main limitations of this study: GPU limita-
tions and the lack of theoretical proof.

The GPU memory limitations prevent us from verifying
the pruning results of Llama2-70B.

In terms of theory, our activation degree algorithm is a very
rough calculation. More refined calculations are constrained
by time and space complexities and cannot be performed on
our machine.

Conclusion

This paper explores the activation patterns of internal pa-
rameters in language models and subsequently introduces
LLMDcos to calculate the similarity of activation patterns
when facing inputs from different domains. Based on this
exploration, we make three findings reflecting the inner pat-
terns that vary among different layers. Various experiments
are conducted to validate the findings.
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