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Abstract

To enhance the efficiency of the attention
mechanism within large language models
(LLMs), previous works primarily compress
the Key-Value cache or group attention heads,
while largely overlooking redundancy be-
tween layers. Our comprehensive analyses
across various LLMs show that highly similar
attention patterns persist within most layers.
It’s intuitive to reduce the redundancy by
sharing attention weights across layers. How-
ever, further analysis reveals two challenges:
(1) Directly sharing the weight matrix with-
out carefully rearranging the attention heads
proves to be ineffective; (2) Shallow layers
are vulnerable to small deviations in attention
weights. Driven by these insights, we introduce
L1SA, alightweight substitute for self-attention
in well-trained LLMs. LISA employs tiny
feed-forward networks to align attention heads
between adjacent layers and low-rank matri-
ces to approximate differences in layer-wise
attention weights. Evaluations encompassing
13 typical benchmarks demonstrate that LiSA
maintains high response quality in terms of
accuracy and perplexity while reducing redun-
dant attention calculations within 53% — 84%
of the total layers. Our implementations of
LiSA achieve a 6x compression of ) and
K matrices within the attention mechanism,
with maximum throughput improvements
19.5%, 32.3%, and 40.1% for LLaMA3-8B,
LLaMA2-7B, and LLaMAZ2-13B, respec-
tively. Our code is available at https://
github.com/takagi97/1lisa.

1 Introduction

Many Transformer models are over-parameterized,
leading to significant redundancy across various

*Work was done when Yongyu Mu was interning at
Pattern Recognition Center, WeChat Al, Tencent Inc.
fCorresponding author.
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model components, including attention mecha-
nisms (Tay et al., 2023), feed-forward networks
(Pires et al., 2023), layers (Matsubara et al., 2023),
and others (Lan et al., 2020; Jaegle et al., 2022;
Han et al., 2020). When entering the era of
large language models (LLMs), the parameters
have extremely expanded. For example, com-
paring open-source pre-trained models between
BERT g sk (Devlinetal., 2019) and Bloom-176B
(Scao et al., 2022), the number of parameters has
grown nearly 1600x, let alone the commercial
closed-source ones. Consequently, the redundancy
of these models also increases at a gallop.

One of the typical instances is that though the
self-attention mechanism consumes unbearably
massive memory and computation when tackling
long sequences in LLMs, its crucial weight ma-
trix is extremely sparse (Liu et al., 2023a; Zhang
etal., 2023; Kitaev et al., 2020), which means sub-
stantial computational resources predominantly
contribute to marginal effects. Thus, recently, re-
ducing the redundancy within the self-attention of
LLMs has become a continually appealing focus.
One line of work along this research is reducing
the Key-Value (KV) cache by cutting down use-
less tokens (Liu et al., 2023a; Zhang et al., 2023;
Xiao et al., 2024) or compressing the representa-
tion of KV cache (DeepSeek-Al et al., 2024; Kang
et al., 2024). Others attempt to prune the atten-
tion heads via clustering (Agarwal et al., 2024) or
sparsity predictor (Liu et al., 2023b).

Indeed, most previous works focus on re-
ducing intra-layer redundancy within LLMs’
attention mechanisms. However, inter-layer re-
dundancy—specifically whether it’s necessary
to calculate attention at every layer—has been
overlooked. Efforts contributing to this area are
non-trivial, as scaling LL.Ms leads to more stacked
layers, which might sharply increase inter-layer
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redundancy. In this work, we aim to answer the
questions: To what extent does the redundancy of
attention exist across layers in LLMs, and what
hinders us from reducing this redundancy?

We start with a pioneer similarity analysis of
each sub-module of the attention mechanism in
LLMs. A widespread observation is that the at-
tention weights of most layers are highly similar,
especially in adjacent layers of large models. In-
spired by the efforts of sharing similar parameters
or activation (Ainslie et al., 2023; Xiao et al.,
2019; Gomez et al., 2017), a natural next step is
to reuse the attention weight matrices calculated
by shallow layers and share them with others.
Yet, our analysis shows that this naive approach
inherently faces two main challenges:

e Directly sharing the weight matrix with-
out carefully rearranging attention heads is
ineffective. Since heads lack positional re-
lationships, directly sharing them is akin
to random permutation, adversely impacting
similarity. Indeed, most heads can be aligned
with a highly similar one in the shared ma-
trix, making it crucial to align them before
sharing.

e Shallow layers are sensitive to attention
weights. Even small deviations can cause
performance collapse. Therefore, a remedy
for differences is necessary.

To address these challenges, we take a fur-
ther step by presenting a simple, lightweight, and
Learnable Sharing Attention mechanism (L1SA)
for existing well-trained LLMs. LISA involves
two key components. The first is the attention
heads alignment module, wherein we align the
attention heads in the shared matrix with ones of
the current layer to reuse the weights from the
most similar heads. The second is the difference
compensation module, which can approximate the
differences of attention weight matrices in two lay-
ers, thus preventing performance loss caused by
tiny deviations. Experimental results on 13 typical
benchmarks show that applying LISA to more than
half of the total layers achieves performance com-
parable to the original model, even on challenging
tasks like mathematical reasoning, while requir-
ing only 0.46% to 1.64% of the parameters to be
trained. In terms of efficiency, LISA significantly
reduces redundant attention calculations within
53%—84% of the total layers via compressing both
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@ and K matrices by 6x. Consequently, LISA
achieves throughput improvements of 19.5% for
LLaMA3-8B, 32.3% for LLaMA2-7B, and 40.1%
for the larger 13B, with the latter two underscoring
LiSA’s scaling benefits.

2 Background and Related Work

Most methods that enhance the efficiency of
Transformer models generally reduce redundancy
in parameters, structures, and other aspects. These
methods include knowledge distillation (Jiao et al.,
2020; Sun et al., 2020; Lin et al., 2021; Sun et al.,
2020), pruning (Voita et al.,, 2019; Fan et al.,
2020; Gordon et al., 2020; Mao et al., 2020;
Sanh et al., 2020), quantization (Shen et al., 2020;
Dettmers et al., 2022; Kim et al., 2021), neural
architecture search (Wang et al., 2020a; Xu et al.,
2021, 2022), and hardware-aware optimization
(Dao et al., 2022; Dao, 2024; Ham et al., 2020;
Fang et al., 2022). In this work, we focus on the
redundancy within the attention mechanism. We
first review the efficient attention methods used in
previous Transformer models and then summarize
those specifically designed for LL.Ms.

2.1 Standard Transformer Models

Let H € R represent the hidden state, where [
is the sequence length and d is the dimension of the
hidden states. The scaled dot-product multi-head
attention (MHA), utilizing h attention heads in dj,
dimensions, is defined as follows:

MHA (H) = Concat(PLHWY ,..., P,HWYYW® (1)
HWE (HW/)"
Vi

A

where P; = Softmax

@

where P; € R!*! is the attention weight matrix, A
is the intermediate result before Softmax(-), and
three linear projections VVZ»Q, WiK , VViV € Rdxhdx
process the representations into ), K, and V
matrices. Finally, the output linear projection
WO e RMrxd integrates representations from
different heads into a single output.

Numerous studies have focused on identifying
and reducing redundancy within the components
of the attention mechanism, including sparse at-
tention activation P (Luong et al., 2015; Sperber
et al., 2018; Parmar et al., 2018; Ainslie et al.,
2020; Roy et al., 2021; Kitaev et al., 2020), prun-
ing and grouping attention heads (Michel et al.,
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Figure 1: Comparison of different attention models. Layer,, stands for a Transformer layer while h;, hy, and
hs represent three attention heads. Standard attention individually calculates attention scores at each layer by
employing (),, and K, matrices. Average attention assigns uniform weights across all token positions, thus
eliminating () and K matrices. Directly sharing attention reuses the raw weight matrix from the front layer
but overlooks varied head weights across different layers. Our method, LISA attention, not only aligns attention
heads but also compensates for layer-wise weight differences leveraging low-rank QL% and K matrices, thus
maximally preserving the original performance while introducing only a few additional training parameters.

2019; Voita et al., 2019), compressing representa-
tions @, K, and V' (Liu et al., 2018; Katharopoulos
et al., 2020; Wang et al., 2020b). In addition to
these intra-layer methods, some works aim to re-
duce layer-wise redundancy by reusing parameters
(Pires et al., 2023) or attention weights P (Xiao
et al.,, 2019), and skipping unnecessary layers
(Teerapittayanon et al., 2016).

The most similar work to ours is SAN (Xiao
etal., 2019), as it leverages the similarity of atten-
tion weights P across multiple layers and directly
shares them in neural machine translation (NMT)
models, which is shown in Figure 1(c). However,
the model size and capabilities have significantly
evolved from NMT models to LL.Ms, making a
comprehensive analysis of inter-layer redundancy
in modern LLMs essential. Additionally, SAN
requires re-training models from scratch with
a complex training strategy to achieve lossless
speedup, limiting its applicability to LLMs. In con-
trast, our method LiSA, as shown in Figure 1(d),
can be applied to any existing transformer-based
LLMs by only training a few parameters.

2.2 Large Language Models

For modern LLMs, KV cache, which stores history
representations, has become an essential tech-
nique for accelerating inference. It involves two
stages: (1) Prefilling, which initializes the KV
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cache for each layer; (2) Auto-regressive decod-
ing, which updates the KV cache progressively.
However, massive memory and computation con-
sumption are still raised in the inference phase of
LLMs (Zhang et al., 2022; Touvron et al., 2023a;
Al@Meta, 2024).

2.2.1 Reducing Redundancy Within the
Attention Mechanisms of LL.Ms

Compressing the KV Cache. It is commonly
observed that the attention weight matrices are
sparse, following a strong power law distribution
(Kitaev et al., 2020; Verma, 2021; Choromanski
et al., 2021). This indicates that most tokens
memorized in the KV cache are redundant. Some
works show that only a few fixed tokens greatly
catch attention, thus propose to identify and only
store these ‘‘important’” tokens (Liu et al., 2023a;
Zhang et al., 2023; Xiao et al., 2024; Ge et al.,
2024). Following works continually improve the
identification algorithm to reduce performance
loss (Adnan et al., 2024; Devoto et al., 2024,
Guo et al., 2024). Other studies either store the
low-rank representation of tokens (DeepSeek-Al
etal., 2024) or quantize the KV cache (Kang et al.,
2024). Recently, Cai et al. (2024) and Yang et al.
(2024) control the KV cache budget according to
different layers’ behavior. Other attempts imple-
ment the KV cache only at certain layers (Sun
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Figure 2: An illustration of strategies for measuring the similarity of attention weights across different layers. The
attention mechanism in each layer is assumed to have three heads, represented by blue, red, and green colors,
corresponding to their positions within the attention weight matrices. We propose two similarity calculation
settings: S1 computes the average attention weights across heads first and then calculates similarity via Sim(-),
e.g., JS divergence; S2 calculates pairwise similarity scores between aligned heads individually and then averages
the scores. Specifically, three head-alignment strategies are considered: (1) Position-based alignment matches
heads according to their positional indices; (2) Random-pair alignment randomly matches heads from two layers;
(3) Similarity-based alignment pairs each head with its most similar counterpart in the preceding layer, without
enforcing a strict one-to-one correspondence.

et al., 2024; Liu et al., 2024; Wu and Tu, 2024;  possibility of addressing the inter-layer redun-
Brandon et al., 2024). dancy within the attention mechanism.

3 Layer-wise Similarity of
Pruning Attention Heads. Modern LLMshave A ttention Weights
plenty of attention heads, exacerbating the re-
dundancy. To address this, several approaches

have been proposed. Multi-query attention, for @ procedure that fuses the information from the
instance, shares keys and values among atten- ~ contexttofacilitate better understanding (Xiao and

tion heads (Ainslie et al., 2023; Shazeer, 2019). Zhu, 2023). We envision that the attention mech-
Additionally, Liu et al. (2023b) suggest using a anism of most layers in LLMs may consistently
contextual sparsity predictor to identify and dy- highlight several fixed tokens and assign similar
namically prune unused heads during inference, ~ Weights to them. To investigate this, we thor-

while Agarwal et al. (2024) propose combining oughly analyze the similarity of attention weights
across different layers of LLMs. Since in MHA the

attention mechanism computes separate attention
weights for each head, we measure the similarity
under the following two settings, as illustrated in
Figure 2.

Self-attention in Transformer models is essentially

heads based on their similar attention weights.

Indeed, the above methods mainly focus on re-
ducing the redundancy within one component of
the attention mechanism. However, analyzing the
inter-layer redundancy of the attention mechanism
in LLMs is overlooked. Furthermore, although  S1: Average attention heads first, then com-
several works of early existing and layer skipping  pute similarity. To analyze the similarity of the
reduce the layer-wise redundancy by pruning en-  overall attention scores across layers, we first av-
tire layers (Gromov et al., 2025; Fan et al., 2025),  erage the weights of all attention heads within
the after-pruned models struggle with challenging  each layer and then compare these weights across
reasoning tasks (Men et al., 2025), leaving the  all layers.
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S2: Align attention heads, compute similarity,
and then average the similarity scores. To
measure the similarity while considering the di-
versity of attention heads, one should align heads
from two layers ahead, and then compute the
average similarity scores. Specifically, we em-
ploy three strategies: (1) Position-based alignment
matches attention heads according to their respec-
tive positions within the attention weight matrices;
for example, the head at dimension O in one
layer is matched with the head at dimension
0 in another layer. (2) Random-pair alignment
matches heads from two layers randomly. (3)
Similarity-based alignment pairs each head with
the most similar counterpart in another layer with-
out enforcing a strict one-to-one correspondence,
which reflects the oracle similarity. We envision
that similarity-based aligning heads is necessary
for achieving high inter-layer similarity, whereas
position-based or random-pair alignment hinders
the preservation of similarity.

3.1 Experiment Settings

Models and Datasets. We conducted compre-
hensive experiments on 4 LLMs, specifically
LLaMA2-7B (Touvron et al., 2023b), Gemma-7B
(Mesnard et al., 2024), LLaMA3-8B (Al@Meta,
2024), and LLaMA3-70B. Our analysis focused
on the behavior of the attention mechanism
across various tasks, including physical common-
sense QA, short sentence translation, coreference
resolution, and mathematical reasoning. The cor-
responding datasets are PIQA (Bisk et al., 2020),
WMT (Kocmi et al., 2024), WEC (Eirew et al.,
2021), and GSMS8K (Cobbe et al., 2021). Among
them, WMT consists of 100 human-selected short
sentences, while the others contain 100 randomly
sampled instances. The first two tasks involve
short inputs where capturing local dependencies
is sufficient, while the latter two require handling
long-range dependencies.'

Details of Assessing Attention Similarity. We
primarily focus on evaluating the similarity of
attention weights from the last input token to
all other tokens. Specifically, for each bench-
mark, we feed 100 samples into the model, extract
and aggregate attention weight distributions across
heads (i.e., S1 and S2 illustrated in Figure 2), and

'Each input in PIQA and WMT averages approximately
40 tokens, while WEC contains 120 tokens and GSM8K has
450 tokens per instance.
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compute the Jensen—Shannon (JS) divergence av-
eraged over 100 samples for each pair of layers.
For baselines, we report JS scores between the at-
tention weights of two distinct sentences, as shown
in Figure 4(a). Moreover, although our main anal-
ysis considers the attention weights from the last
input token to all other tokens, the experimental
results in Table 11 indicate that the attention distri-
butions from the token generated at step 1,024 to
all preceding tokens also exhibit strong inter-layer
similarity.

3.2 Results

The similarity scores calculated under setting S1
are shown in Figure 3. Besides, Figure 5(a) records
the similarity scores for sub-modules within the
attention mechanism. From these results, we get
the following observations:

Attention Weights are Remarkably Similar
across Transformer Layers, Especially the
Ones in Adjacent Layers. We see, first of all,
most JS divergence scores sustained at a degree
lower around 0.1, indicating that most layers pre-
fer a similar attention pattern regardless of models
and tasks. Another interesting finding is that the
JS divergence score near the diagonal line remains
below 0.05,> demonstrating an extremely similar
attention pattern in adjacent layers. This is reason-
able because adjacent layers’ representations are
more similar than non-adjacent ones in deep trans-
former models (Phang et al., 2021). In addition
to JS divergence scores, further evidence, such
as the top-5 tokens receiving the highest attention
weights per layer, presented in Appendix A.1, also
supports the high similarity of attention weights
across layers.

Few Layers Maintain Different Attention
Patterns. Although most layer pairs in
LLaMA3-8B exhibit highly similar attention
patterns, some layers compute notably different
ones. As shown by the white lines in Figure 3,
attention weights in layers 1-2 and 11-14 differ
from those in other layers. However, the red
square at the intersection of the white cross
indicates that the attention patterns among these
adjacent layers remain internally consistent.
Notably, the distribution of such distinct layers

2See Figure 12 for the visualization of attention
probability distribution pairs with various JS divergence
scores.
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Figure 3: The JS divergence scores for the attention weights between every pair of layers, calculated under setting
S1. For all figures, both the horizontal and vertical coordinates stand for layer indices. A deeper red color indicates
a lower JS divergence score, corresponding to higher similarity. For instance, the cell located at the third row
and fourth column of the top-left figure indicates that the JS divergence between the third and fourth layers of
LLaMA3-8B is less than 0.05. See Figure 11 for results of LLaMA2-7B and Gemma-7B.

varies across models. For example, Figure 11

presents results for Gemma-9B, where the o1s 01s
first four layers differ from the rest, while the o0 010
remaining 24 layers maintain highly similar 20

0.05

attention patterns.
30- 30
0 10 20 30

(a)

-0.00

The Similarity of Inter-Layer Attention
Weights is Independent of the Task and
Reflects an Inherent Property of the Model.  gjoyre 4: Figure (a) presents the IS divergence between
Taking LLaMA3-8B as an example, we observe  the attention distributions of two distinct sentences,
that the similarity between the attention weights  each with an equal number of tokens, across all pairs
of the first layer and the other layers consistently ~ of layers in LLaMA3-8B. Figure (b) shows the JS
remains low across different tasks. In contrast, ~ divergence of attention weights for LLaMA3-8B on
the similarity between the fifth and sixth layers ¢ PIQA dataset, excluding the first token, which is a
. . . C e e . special token that receives the majority of the attention.
is consistently high. This finding is particularly

valuable as it allows for the reuse of attention

patterns across specific layers, regardless of the  one in the upper left corner of Figure 3. We can
task. see that the JS divergence scores near the diag-
onal are around 0.05, consistently demonstrating
significant similarity of the attention weights in
adjacent layers.

Ablation on the First Token. Xiao etal. (2024)
observe that the first token in the sequence
often receives disproportionately high attention
weights. They argue that the model allocates the ~ Only Attention Weights Exhibit Cross-Layer
excess attention mass to the initial token. We  Similarity. We also measure the similarity of
also assess the attention similarity by excluding intermediate hidden states in the attention mech-
the weights on the first token, re-softmaxing the  anism across each pair of adjacent layers by
remaining weights, and computing the JS diver-  calculating the cosine similarity. Figure 5(a)
gence scores. The experimental results are shown  shows that only the similarity of the attention
in Figure 4(b), which is comparable to the first  scores QK T (the blue line) remains consistently
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Figure 5: Figure (a) displays the cosine similarity scores for sub-modules within the attention mechanism across
each pair of adjacent layers. Figures (b), (c), and (d) present the average JS divergence of attention weights
between adjacent layers under three different alignment strategies in setting S2: position-based, random-pair, and
similarity-based, respectively. Lines are added to improve the visual clarity of trends between discrete layers, even

though the x-axis represents discrete layer indices.

close to 1 across layers, while the cosine sim-
ilarity of other intermediate hidden states stays
around 0. This indicates that, while most Trans-
former layers maintain similar attention patterns,
they still serve distinct functions, as their @), K,
and V matrices capture different features. This
reflects that these models learn implicit attention
patterns across layers while maintaining distinct
representations within each layer.

We further analyze the similarity of attention
weight while considering the diversity of attention
heads, i.e., calculating similarity scores under set-
ting S2. Experimental results of LLaMA3-8B on
GSMSEK are shown in Figure 5(b), (c), and (d).

Similarity score falls when attention heads
are matched based on positions. As shown in
Figure 5(b), the mean values of JS divergence are
around 0.2, indicating that an attention head in the
current layer is not always similar to the one at
the same position in the shared attention matrix.
We attribute this to the fact that the parameters
do not have an inherent positional relationship in
neural networks. Thus, position-based alignment
is equivalent to random-pair alignment, which
is demonstrated by the similar results between
Figure 5(b) and (c).

Aligning with the most similar head recovers
the similarity. We further measure the oracle
similarity by aligning the most similar head for
the one in the current layer and calculating the
average similarity. From Figure 5(d), we see the
similarity scores remain below 0.1 in most layers,
which indicates that most attention heads can be
aligned with a highly similar one in other layers.
It also implies that directly utilizing the shared

attention weight matrix might be sub-optimal, and
it is crucial to align attention heads beforehand.

4 Sensitivity to Attention Weights

Although the attention weights across different
LLM layers are highly similar, they are not iden-
tical, and sharing them still introduces minor
deviations in the model. Previous studies have
shown that even small distortions in parameters or
embeddings during the inference process of LLMs
can lead to notable performance degradation (Ma
et al., 2025; Zhao et al., 2023). Therefore, the next
step is to analyze how deviations in the attention
weights affect performance.

Here, we select two corrupted attention patterns
to simulate deviations from the standard attention
weights. The first pattern is the attention weight
matrix of the front layer without alignment, i.e., di-
rectly sharing weights, as depicted in Figure 1(c).
Moreover, inspired by AAN (Zhang et al., 2018),
the second pattern assigns a uniform attention
score across all token positions, i.e., the average
weights %, illustrated in Figure 1(b).

Subsequently, to assess sensitivity, we apply
the two aforementioned patterns to successive
pairs of adjacent layers (e.g., layers 3—4, 5-6,
7-8). Under this setup, a significant performance
drop from the original model indicates that these
layers are particularly sensitive to deviations in
attention weights. The findings guide the design
of the attention-sharing configurations detailed in
Section 5.1.

4.1 Results

We conducted experiments on three datasets, in-
cluding PIQA, MMLU (Hendrycks et al., 2021),
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Figure 6: The performance of LLaMA3-8B when applying the average and directly sharing attention strategies
to successive pairs of adjacent layers (e.g., layers 3—4, 5-6, 7-8). For instance, the leftmost two points in Figure
(a) show the performance when DS and average attention are applied to layers 3 and 4 of the model. The red line
indicates the model’s original performance, in which standard attention is retained across all layers. When the
performance of an attention pattern achieves 90% of the original model’s performance, the point is marked with a
triangle; otherwise, it is marked with a circle. See Figure 13 for the results of LLaMA2-7B.

and GSMSK. From Figures 6 and 13, we draw the = early-exit studies, which show that the optimal
following conclusions. layer for exiting generation correlates with in-

. . put difficulty—simpler inputs can be processed
Shallow layers are sensitive to the attention by early layers, while more complex inputs neces-

score.while deep layers are 'not. We can €€ sitate deeper-layer computation (Matsubara et al.,
that, in shallow layers, relatively small devia- 2023)

tions in attention weights, like sharing attention
weights, are more likely to cause a performance
collapse. On the contrary, even significant changes
happening in deep layers, like averaging attention  Since the attention scores are similar across Trans-
weights, influence the performance inconspicu-  former layers, it’s a natural step to reuse these
ously. Itindicates that the small deviations contain  results across multiple layers, making the in-
specific features unique to each layer, which are  ference more efficient. However, this faces two

5 Reducing the Inter-layer Redundancy

necessary for sharing attention weights. challenges:
The sensitivity of layers is task-dependent. To o An alignment of attention heads in two layers
retain 90% of the original performance (repre- is crucial for maintaining high similarity.

sented by the points forming a triangular shape),
models need to preserve standard attention in
different layers depending on the dataset: the shal-
low layers for PIQA, the first half of the layers We address these challenges by introducing
for MMLU, and most layers for GSM8K. Upon  two lightweight components: an attention heads
further analysis of the datasets, we attribute this  alignment module and a difference compensation
phenomenon to varying task difficulty. Specif- module. The main idea is that we not only align the
ically, PIQA is a relatively simple two-choice  mostsimilar heads in the shared weights matrix for
benchmark requiring only basic physical com-  each head but also compensate for deviations by
monsense reasoning. MMLU, by contrast, is a  approximating the difference between the shared
more challenging four-choice benchmark com-  weights matrix and the original one. Bring it all
prising 57 knowledge-intensive tasks. Unlike  together, we present LiSA, which significantly
these two, GSM8K demands step-by-step math-  reduces the inter-layer redundancy of attention in
ematical reasoning to arrive at the final answer,  well-trained LLMs with minimal loss. Moreover,
indicating a significantly higher level of com-  we theoretically analyze the efficiency of LISA in
plexity. This trend aligns with findings from  Section 5.2.

e For sensitive layers, minor attention weight
deviations cause performance collapses.
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Difference Compensation

(b) LISA Attention

Figure 7: A comparison of LISA with the standard multi-head attention.

5.1 Methodology

As shown in Figure 7, LISA reconstructs the calcu-
lation steps prior to Softmax (-) in the self-attention
mechanism for a better utilization of the shared
attention weights.

Learn to Share Attention Weights. Let A
denote the attention score matrix, i.e., the in-
termediate output computed prior to applying
Softmax(-). We use A, to represent the atten-
tion score matrix at layer n; for example, A
corresponds to the first layer of an LLM. When
the layer n arms with LiSA, the attention heads
alignment module accepts a matrix A, ; from
the adjacent front layer n — 1 and produces an
aligned one A" Specifically, given a matrix
A € R we first transpose itto AT € Rixtxh
and then use feed-forward networks (FFNs) to
rearrange attention heads and produce the aligned
matrix A%,

As illustrated in Figure 8, we take an example
to explain how FFNs can align attention heads.
For simplicity, we start with a one-layer FFN.
Supposing that h = 3 and we need to achieve such
alignment: 1 — 3,2 — 2, and 3 — 1. The shared
weight matrix can be aligned by multiplying it with
a permutation matrix. Moreover, since the weights
of the FFN are consecutive, it also performs as
fusing the weights from multiple attention heads.

Low-rank Projection Closes Gaps. For the dif-
ference compensation module, we first use two
low-rank linear projections WgR,WfR € R&xr
as substitutes for W® and WX. Given the input
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Figure 8: An illustration of how FFNs rearrange the
attention heads.
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hidden state H, these linear projections are pro-
moted to capture specific features for the current
layer. The resulting .z and K r matrices are
then processed by the scaled dot-product mecha-
nism to derive the difference Ax € R"**! which
is subsequently integrated into the shared attention
weight matrix through addition or linear fusion.
The whole process is shown as follows:

H Q HWENT
N
A = Integrate(A™™" AL). 4)

Note that if a tiny dimension r is used, such that
r < d, the representation of () and K matrices
is significantly compressed, thus we can save the
memory consumption.

An Overview of LiSA. Complete LiSA is
shown in Figure 7. To facilitate more precise
alignment, we extend the input of the atten-
tion heads alignment module by concatenating
Al € RN with AL € R>*>h Then the
attention heads alignment module fuses two ma-
trices and outputs the final attention score matrix
A,,. Surprisingly, a super lightweight two-layer



or single-layer FFN performs effectively in this
module. See Figure 14 for a well-trained FFN.

Selecting Layers to Implement LiSA. To opti-
mally preserve the performance, we consider the
robustness of a layer to variations in attention
weights and the similarity of layer-wise attention
scores when implementing LiSA.

e Selecting robust layers. Given an LLM, we
assess each layer’s robustness by evaluating
its performance when armed with the
same attention-sharing strategy described in
Section 4, focusing on challenging mathe-
matical reasoning tasks. For example,
Figure 9 suggests layers 21-30 of
LLaMA3-8B are preferred to implement
LiSA.

e Excluding the first and last few layers. The
attention weights in these layers differ from
those in adjacent layers, suggesting that at-
tention sharing may not be appropriate for
them. For instance, in the upper one of
Figure 3(d), low similarity values (i.e., yel-
low blocks) are located in the first two rows
and columns, as well as the last row and
column.

e Implementing LISA at intervals. For lay-
ers beyond the first two categories, we
recommend alternating LiSA with standard
attention—for instance, applying LISA for two
consecutive layers, followed by a standard at-
tention layer, and repeating this pattern. This
periodic application of LISA prevents contin-
uous sharing of the same attention weights,
which could limit performance.

Training Strategy. We only train the newly in-
volved parameters, i.e., those of attention heads
alignment and difference compensation mod-
ules, which further reduce the training cost of
LiSA. For instance, only 56 million parameters in
LLaMA3-8B (0.7% of total) are trained to apply
LiSA to more than half of the layers. Moreover,
to achieve efficient uptraining, we leverage the
knowledge distillation technique. Aligning with
feature-based knowledge methods (Romero et al.,
2015; Passalis and Tefas, 2018; Kim et al., 2018),
we regard the original model as a teacher and use
its attention scores A, as a supervisory signal. Let
S be the set of indices corresponding to the layers
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Figure 9: The descending order ranked by each layer’s
robustness. We evaluated models on the 100 items
randomly sampled from the GSMSK training set.

that are equipped with LISA. Then our regression
loss function is formulated as follows:

1

Lxp = —

D Ls(An, A7) (%)

nes

where | S| denotes the number of layers in the set S
and Ls(-) stands for the Huber loss® (Huber, 1992).
We also uptrain models on the language modeling
task. Given the prefix x<; = {1, 29,..., 241},
the corresponding loss function can be expressed
by:

ﬁLM:_

~|

!
Z log p(x¢|z<y). 6)
t=1

Integrating these optimizing goals by a predefined
weight 3, then our overall loss function is

L=pBLxp+ (1—75)Lim. (7)

According to the ablation study shown in
Table 7, we set 3 to 0.25 for all experiments.

5.2 Theoretical Efficiency Analysis

The efficiency of LISA primarily arises from sig-
nificantly compressing the K cache, which allows
for larger batch sizes and longer sequences un-
der reduced memory pressure during generation,
thereby enhancing throughput. Here, we theoreti-
cally analyze the memory usage during inference.
Its generation process comprises two stages for
an LLM armed with the KV cache technique.
In the prefilling stage, the memory saved by
compressing K cache in |S| layers with LiSA is
|S] x h x I x (dy —r) x 2 bytes, while storing an

3See Appendix C.1 for the complete formulation.



#Total

Base Model ers Model Name #Sharing Proportion

Specific Layers

Lay Layers

DS (17) 17 53.13% 5,6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

DS (21) 21 65.63% 4,5,7,8,10,11,13,14,16,17,19,20,22,23,24,25,26,27,28,29,30

DS (27) 27 84.38% 4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30
LLaMA3-8B 32 LiSA (17) 17 53.13% 5,6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

LiSAgy, (7+10) 17 53.13% 5,6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

LiSA (21) 21 65.63% 4,5,7,8,10,11,13,14,16,17,19,20,22,23,24,25,26,27,28,29,30

LiSA (27) 27 84.38% 4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30

DS (17) 17 53.13% 5,6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

DS (21) 21 65.63% 4,5,7,8,10,11,13,14,16,17,19,20,22,23,24,25,26,27,28,29,30
LLaMA2-7B 32 LiISA(17) 17 53.13% 5.6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

LiSAgy, (7+10) 17 53.13% 5,6,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31

LiSA (21) 21 65.63% 4,5,7,8,10,11,13,14,16,17,19,20,22,23,24,25,26,27,28,29,30

DS (22) 22 55.00% 7,8,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38

DS (26) 26 65.00% 7,8,9,10,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39
LLaMA2-13B 40 LiSA (22) 22 55.00% 7,8,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38

LiSAgy, (10+12) 22 55.00% 7,8,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38

LiSA (26) 26 65.00% 7.8,9,10,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39

Table 1: The configurations of the directly sharing attention (DS) and LISA models. We report the
proportion of layers employing DS or LISA attention mechanisms relative to the total number of
layers. For instance, LLaMA3-8B+LISA (27) reduces redundant attention calculations within 84% of
the total layers. Layers applied DS and LiSA are indicated in blue (italicized) and red, respectively.

Layer numbering starts from 1.

attention weight matrix requires h X [ x [ x 2 bytes.
Therefore, the total memory reduced by LiSA is
h x1x (|S] x (d —r) —1) x 2 bytes. When the
input sequence length [ exceeds |S| x (di — ),
more memory is consumed. In the decoding stage,
LiSA continues to compress the K cache as before
and introduces a small weight matrix occupying
h x 1 x 2 bytes. Consequently, the memory reduc-
tion by LiSAis h x I X (|S] x (dx, —r)—1) x 2 bytes.
Given that |S| X (di —r) > 1, LiSA consistently
saves memory in this stage.

Indeed, we can avoid additional memory con-
sumption in the prefilling stage by leveraging the
original attention mechanism for the initial infer-
ence step. To utilize LiSA in subsequent inference
steps, one should calculate and store Kjpp in-
stead of K in the KV cache. The only difference
between this decoding strategy and using LISA
throughout all inference steps is that the original
attention weights are used in the first inference
step. Thus, this approach is lossless, which is also
empirically demonstrated in Table 10. We denote
this decoding strategy as NF and do not apply it
unless stated.

5.3 Experiment Settings

Model Configuration. Weselected LL.aMA3-8B,
LLaMA2-7B, and LLaMA2-13B as the base mod-
els. The first two models, LLaMA3-8B and
LLaMAZ2-7B, each comprise 32 layers with 32
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attention heads of 128 dimensions each. In con-
trast, LLaMA2-13B consists of 40 layers, also
with 32 attention heads of 128 dimensions each.
We designed several layer-wise sharing config-
urations, detailed in Table 1. Specifically, LISA
denotes the default structure that the attention
heads alignment module uses a two-layer FFN
along with ReLU as the activation function. This
model compresses (), K by 6x (i.e., r = 20 com-
pared to dj 128). While LiSAg; stands for
another structure that leverages a one-layer FFN
for alignment and compresses the ), K by 4x
(i.e., r = 32 compared to dj 128). Addition-
ally, directly sharing attention is applied to deep
layers.

For the baselines, we report the performance of
directly sharing attention (DS) and its uptrained
version (DSy,,r4). Specifically, we use the LoORA
training method (Hu et al., 2022) to ensure the
number of learnable parameters matches that of
LiSA. All trainable models are trained on 4.2 bil-
lion tokens, which is a subset of RedPajama-1T.4
Other setups are reported in Appendix C.1.

Performance Evaluation. Following LLaMA?2
and LLaMA3, we conducted extensive evalua-
tions on 13 typical downstream benchmarks. We
reported the O-shot accuracy on PIQA, BoolQ
(Clark et al., 2019), WinoGrande (Sakaguchi et al.,

“https://huggingface.co/datasets
/togethercomputer/RedPajama—-Data-1T.


https://huggingface.co/datasets/togethercomputer/RedPajama-Data-1T
https://huggingface.co/datasets/togethercomputer/RedPajama-Data-1T

Model Trained Saved Comp‘ressing Comp}'essing Commonsense & Reading Comprehension
Param. (%) Param. (%) Q (times) K (times) o1\ B 10" WinoGrande  CoQA  OBQA (5)
LLaMA3-8B - - - 4x 80.69 81.13 73.40 67.40 46.60
DS (17) - 4.44 all all 68.61 75.72 65.19 12.67 30.20
DSyora (17) 0.70 4.44 all all 79.82 80.15 72.06 0.00 45.00
DSiora 21) 0.86 5.48 all all 77.80  72.94 63.69 0.00 43.60
DSrora 27) 1.11 7.05 all all 73.83 58.13 53.35 0.00 36.20
LiSA (17) 0.70 3.74 6x 24 x 79.87 81.65 73.95 63.53 46.20
LiSAgz, (7+10) 0.46 3.98 [4x, all] [16x, all]  80.63 79.17 73.32 64.90 43.80
LiSA (21) 0.86 4.62 6x 24x 80.14  78.78 72.14 61.52 46.20
LiSA (27) 1.11 5.94 6x 24 x 80.69  77.86 70.17 60.23 46.80
LLaMA2-7B - - - - 79.11 77.74 68.98 63.88 42.60
DS (17) - 8.47 all all 62.08 64.89 60.69 1.00 26.60
DSrora (17) 1.33 8.47 all all 7720  76.39 66.54 0.00 40.00
DSrora (21) 1.64 10.46 all all 75.57 67.92 59.75 0.00 41.40
LiSA (17) 1.33 7.14 6x 6x 78.84  76.79 74.51 60.58 45.80
LiSAgy, (7+10) 0.87 6.37 [4x, all] [4x,all] 78.02  76.67 68.11 61.33 41.00
LiSA (21) 1.64 8.82 6x 6x 78.62  73.24 68.27 52.33 41.40
LLaMA2-13B - - - - 80.52 80.55 72.14 66.37 49.00
DS (22) - 8.77 all all 64.53 70.46 60.14 3.17 30.60
DSrora (22) 1.37 8.77 all all 77.91 77.83 69.30 0.00 48.20
DS1ora (26) 1.62 10.37 all all 78.45 76.12 68.11 0.00 44.00
LiSA (22) 1.37 7.40 6x 6% 79.54 80.31 71.74 66.97 50.40
LiSAgz, (10+12) 0.99 8.15 [4x, all] [4x,all]  79.38 80.67 71.74 65.42 50.60
LiSA (26) 1.62 8.74 6x 6% 79.82  78.96 72.14 63.13 48.60
Continued World Knowledge Reasoning LM Avg. Perf.
Model . Preserved (%)
ARC-E  ARC-C (25) HellaSwag (10) TriviaQA NQ (5) MMLU (5) GSM8K CoT (8) LAMBADA
LLaMA3-8B 77.61 59.30 82.26 63.39 29.14  64.98 51.71 348 -
DS (17) 41.04 29.86 50.00 0.73 1.11 23.96 1.74 936.10 46.67
DSyora (17) 75.38 56.66 78.44 4.80 0.08 49.14 25.85 6.28 67.83
DSrora (21) 67.97 47.27 73.37 441 0.91 35.16 4.85 7.86 58.06
DSrora 27) 54.21 28.07 57.88 3.81 0.03 23.85 0.38 22.47 45.38
LiSA (17) 79.29 58.96 81.17 57.66 27.17  61.22 45.94 3.79 96.77
LiSAgy, (7+10) 77.74 59.04 79.85 53.11 25.01 61.69 42.76 4.89 94.31
LiSA (21) 74.28 55.12 80.83 52.38 26.04  59.52 39.27 3.96 92.63
LiSA (27) 74.92 53.33 79.43 43.65 25.65 50.58 31.77 4.37 88.38
LLaMA2-7B 74.58 53.24 78.59 52.54 26.01 45.94 14.18 3.76 -
DS (17) 36.66 29.52 35.82 0.11 0.39 1.85 0.53 20594.64 39.47
DSrora (17) 63.05 46.33 72.85 3.93 0.00 35.19 6.14 8.28 64.82
DSrora (21) 62.63 42.32 67.90 3.64 0.91 25.32 2.05 8.91 58.05
LiSA (17) 71.09 51.62 76.96 50.93 21.94  43.83 12.96 4.26 97.26
LiSAgy, (7+10) 71.04 51.19 76.03 39.10 17.89  42.05 8.26 5.20 89.11
LiSA (21) 71.17 50.26 75.49 39.01 17.51 35.37 10.24 4.71 87.36
LLaMA2-13B 77.48 59.73 82.50 60.86 29.81 50.51 24.03 3.37 -
DS (22) 39.44 29.86 44.44 0.28 042  43.57 0.00 12877.52 46.76
DSrora (22) 69.95 51.79 77.93 0.36 1.50 47.16 7.96 4.89 65.95
DS1ora (26) 67.51 49.23 75.96 0.30 0.71 42.99 6.14 5.79 62.61
LiSA (22) 74.49 57.17 81.20 55.67 2645  48.75 21.30 3.74 96.44
LiSAgy, (10+12)  72.85 56.48 80.77 39.41 24.63 50.05 19.03 3.97 92.68
LiSA (26) 74.54 54.95 80.81 36.62 24.63  48.09 15.85 3.87 90.13

Table 2: Performance on 13 typical benchmarks. Columns 2-5 present several attributes of each model.
For instance, equipping LLaMA3-8B with LiSAg;, (7+10) requires training 0.46% of total parameters
while saving 3.98% of them. In this configuration, LISA compresses the ) and K matrices in the
first 7 layers by factors of 4x and 16 x, respectively, while the remaining 10 layers cut down the )
and K matrices via DS. In the last column, we report the average preserved performance across all
benchmarks, excluding LAMBADA. We only report the performance of DS (17) and DS (21) because
sharing more layers further impairs overall performance.

2021), and ARC easy (ARC-E) (Bhakthavatsalam
etal.,2021); 5-shot accuracy on OBQA (Mihaylov
et al., 2018) and MMLU; 10-shot accuracy on
HellaSwag (Zellers et al., 2019); and 25-shot
accuracy on ARC challenge (ARC-C). For the
exact match score, we reported 0-shot perfor-
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mance on TriviaQA (Joshi et al., 2017), 8-shot
chain-of-thought (Wei et al., 2022) performance
on GSMSK, and 5-shot performance on Natu-
ral Questions (NQ) (Kwiatkowski et al., 2019).
Furthermore, we included O-shot extract match
score on CoQA (Reddy et al., 2019) and the



[Input, Output] [128, 512]

[128, 1024] [512,128] [512,1024] [512, 3072] [1024, 1024] [1024, 3072] [2048, 512] Avg. Improv.

LLaMA3-8B 538 395 1597 408 201 416 194 684 -

LiSA (17) 562 +44% 427 +8.1% 1669 +45% 449 +10.1% 232 +159% 461 +10.7% 221 +13.6% 775 +132% 10.1%
LiSA (21) 582 +8.1% 445 +127% 1736 +8.7% 463 +135% 241 +203% 472 +147% 233 +199% 789 +153% 14.2%
LiSA (27) 596 +108% 455 +153% 1797 +12.5% 483 +185% 260 +29.4% 501 +205% 247 +272% 834 +21.9% 19.5%
LiSA g1, (7410) 563 +46% 433 +97% 1733 +8.6% 455 +11.7% 231 +152% 459 +126% 225 +120% 774 +13.1% 10.9%
LLaMA2-7B 875 544 2256 544 200 506 193 727 -

LiSA (17) 1008 +15.2% 645 +18.7% 2520 +11.7% 673 +23.8% 248 +23.9% 553 +9.1% 233 +208% 862 +18.6% 17.7%
LiSA (21) 1396 +59.5% 683 +25.6% 3062 +35.7% 707 +30.0% 260 +30.0% 653 +29.0% 250 +292% 870 +19.7% 32.3%
LiSA g7, (7+10) 1224 +39.9% 696 +28.0% 2751 +21.9% 605 +11.2% 224 +12.0% 549 +8.4% 209 +8.2% 803 +10.5% 17.5%
LLaMA2-13B 710 409 1679 352 140 320 127 460 -

LiSA (22) 997 +40.5% 560 +36.9% 2059 +22.6% 474 +347% 187 +332% 432 4350% 172 +359% 549 +19.3% 32.2%
LiSA (26) 1043 +46.9% 584 +42.9% 2155 +28.3% 504 +432% 198 +412% 460 +43.7% 185 +46.0% 591 +28.5% 40.1%
LiSA g7, (10+12) 896 +262% 492 +202% 1902 +133% 408 +16.0% 158 +124% 374 +6.3% 146 +4.2% 532 +15.5% 14.3%

Table 3: Throughput (token/s) on a A800 80GB GPU with different systems. “‘[128, 512]" denotes a
prompt length of 128 and a generation length of 512.

perplexity on LAMBADA (Paperno et al., 2016).
More details are provided in Appendix C.2.

Efficiency Evaluation. Aligning with Zhang
etal. (2023), we evaluated the end-to-end through-
put and latency of our system. Throughput is
defined as the number of prompted and generated
tokens per unit of time, calculated as (prompted to-
kens + generated tokens)/(prompt time + decoding
time). Latency refers to the total time consumed by
the whole generation process. We conducted each
experiment 10 times and reported the averaged
results to ensure reliability and consistency across
evaluations. All evaluated models are equipped
with the KV cache to speed up generation. More-
over, it is worth noting that LLaMA3-8B serves
as a strong baseline, with the GQA technique
(Ainslie et al., 2023) compressing the KV cache
by 4x compared to MHA.

5.4 Main Results

Performance on Downstream Tasks. Table 2
illustrates that employing LiSA to share atten-
tion weights across layers in existing LLMs
results in minimal performance loss across var-
ious domains and sizes of models. Notably, our
best-performing model, LLaMA3-8B+LiSA (17),
which implements the LISA structure in over half
of its layers, maintains comparable performance
as the original model while adding only a few
trainable parameters. Furthermore, despite sharing
weights across most layers, LLaMA3-8B+LiSA
(27) shows minimal performance degradation on
most benchmarks. In comparison, directly sharing
attention (DS) leads to significant performance
declines. For instance, applying DS to 17 lay-
ers in LLaMA3-8B results in the model retaining
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merely 46.67% of its original performance. Even
though uptraining the DS with the same number
of parameters and an equivalent amount of data,
the significant performance declines observed in
the DS7,,r4 models highlight severe impairments
to the original capabilities. These findings under-
score LISA’s effectiveness as a robust solution for
sharing attention weights across layers in LLMs.

End-to-end inference efficiency evaluation.
We first examine the throughput under the limi-
tation of 80GB memory on the same A800 GPUs
with variable batch sizes. To avoid extra memory
consumption, we apply the NF decoding strategy
when the length of the input sequence surpasses
2048. Table 3 shows that LISA achieves signif-
icant throughput improvements across a range
of input-output scenarios, with increases ranging
from 17.5% to 32.3% for LLaMA2-7B. Moreover,
when LiSA is implemented on a larger model like
LLaMAZ2-13B, a greater improvement in through-
put is observed, highlighting that LISA’s benefits
grow as the model scales. It is important to note
that LLaMA3-8B serves as a robust baseline,
where the GQA technique has compressed the KV
cache by 4x compared to MHA. When equipped
with LiSA, 10.1% to 19.5% improvements are
still observed. Additionally, we report the gener-
ation latency under the same batch size settings
in Table 4, which indicates that LiISA consistently
reduces the latency compared to the baseline.

5.5 Pre-training From Scratch

We argue that if heads are explicitly aligned by di-
rectly sharing when training an LLM from scratch,
then the attention heads alignment module can
be discarded, and the predicted difference can



Batch Size 8 8 16 32
[Input, Output] [2048, 512] [512, 1024] [128, 1024] [128, 512]
LLaMA3-8B 35.43 46.31 61.23 43.37
LiSA (17) 33.69 49% 43.2666% 57.5760% 41.0454%
LiSA (21) 33.4556% 42.5382% 56.4279% 39.68 8.5%
Li1SA (27) 32.68 7.8% 41.58 102% 54.32 113% 39.67 8.5%
LiSAgy, (7+10)  31.35115% 41.9993% 55.5493% 40.44 6.8%
LLaMA2-7B 32.49 37.72 45.15 27.8

LiSA (17) 28.37 127% 34.1295% 40.37 106% 25.069.9%
LiSA (21) 2743 156% 32.33 143% 39.66 122% 24.22 12.9%
LiSAgy, (7+10)  29.2998% 34.2193% 40.9992% 21.52 22.6%
LLaMA2-13B  48.88 56.25 63.59 35.53
Li1SA (22) 41.23 157% 51.0293% 57.16101% 30.83 13.2%
LI1SA (26) 39.59 19.0% 50.62 10.0% 56.74 108% 29.82 16.1%

LiSAgy, (10+12) 43.36 11.3% 50.969.4% 57.6793% 31.43 11.5%

Table 4: Generation latency (sec) on a A800
80GB GPU with different systems.

Model OBQA HellaSwag PIQA BoolQ WinoGrande ARC-E
MHA 24.20 28.95 58.49 6147 52.01 35.44
GQA 24.40 28.29 59.03 57.58 50.91 35.65
DS (8) 25.20 27.68 5871 61.10 52.49 34.18
LiSApus (8)  26.20 27.92 58.65  62.02 50.20 35.14

Table 5: Performance of different attention mod-
els pre-trained from scratch. The original model
consists of 12 layers, each with 12 attention
heads, and an attention head dimension of 64.
The layer-wise sharing configuration for DS (8)
and Plus (8) is 2, 3,4, 6,7, 8, 10, 11°°. For the
GQA model, we set the number of KV attention
heads to 2.

be directly added to the shared weight matrix,
thus a more concise and efficient LiSA ;s will
be achieved. To investigate this, we pre-train
LLaMA-like models with 12 layers and 164
million parameters on 10 billion tokens.® Perfor-
mance shown in Table 5 demonstrates that both
directly sharing weights and applying LISA;,s
across two-thirds of total layers are lossless. The
evaluation losses are shown in Figure 15. These
experimental results not only show the potential
of LiSA in the pre-training LLMs from scratch
but also mirror our observation of the redundancy
within the inter-layer attention mechanism again.

5.6 Task-specific LiISA

For certain vertical-domain tasks, it is preferable
to estimate LISA’s performance under a given
attention-sharing configuration in a training-free
manner. Thus, we can iteratively refine the con-
figuration based on its estimated effectiveness,
thereby improving overall results. We show that
DS can serve as a substitute to estimate LISA’s

SThis pre-training corpus takes up 40GB which aligns
with GPT-2 (Radford et al., 2019).

performance without training, and then we provide
refinement suggestions for different situations.

Specifically, we assess the performance loss
of DS under the same attention-sharing config-
uration as LISA. Here, DS serves as the lower
bound of LiSA. If DS exhibits large performance
degradation, LISA must devote more effort to
preserve performance, indicating that the corre-
sponding task is more challenging. As shown in
Table 9, we categorize 12 tasks into three lev-
els based on DS’s performance loss: Low-loss
(green): loss within 0%—40%; Moderate-loss (yel-
low): within 40%—70%; and High-loss (red): loss
within 70%-100%.

After determining the level, we outline several
criteria: For low-loss tasks, LISA performs with-
out loss and even slightly outperforms the original
model, allowing us to further improve efficiency
by applying attention sharing in more layers; For
a moderate-loss task, LISA can generally achieve
near-lossless performance; For a high-loss task,
LiSA can still recover most of the performance.
However, if stricter performance requirements ex-
ist, we can reduce the number of layers employing
LiSA to minimize performance loss.

5.7 Ablation Study

We present ablation studies of LISA on (1)
different sequence lengths, (2) instruct-tuned mod-
els, and (3) dissecting the effectiveness of each
component.

@1: Does increasing the number of shots dur-
ing inference affect LiSA’s effectiveness? A;:
No. Table 6 displays the results of incrementally
increasing the number of shots. It indicates that
LiSA maintains robust performance, effectively
leveraging different numbers of shots, similar to
the performance of the original model.

(Q2: Does LiSA affect the performance of
instruction fine-tuning? A,: No. We first
fine-tune LLaMA3 and our LiSA models on the
Alpaca dataset (Taori et al., 2023), and then lever-
age GPT-4 to judge pairs of responses. The win
rate points in Figure 10 show that LISA models
even slightly outperform the baseline.

(3: Are all sub-modules have been empiri-
cally verified? A;: Yes. Table 7 presents the
results of ablating every sub-module in LiSA,
with each model trained on 1 billion tokens. The
results highlight the critical roles of the attention



BoolQ PIQA ARC-E Model Configuration BoolQ PIQA CoQA MMLU GSMSK
Model : - . - : Plus 6872 7824 4873 3838 614
5-shot  10-shot 5-shot 10-shot 5-shot 10-shot Ali t  SL 7281 7889 5682  61.58 10.31
LLaMA3-8B 8226 83.30 82.64 8286 84.81 84.81 Structure DL +ReLU | 76.85 80.09 63.03 56.78 26.84
LiSA(17) 8352 8431 8221 8243 8430 84.05 DL+SILU | 7563 7938 6255 5705 2230
LISA(21) 7737 7700 8128 8226 8258 82.62 Hidd 128 7618 7933 6163 3637  24.36
LISA(27) 7615 7486 81.61 8221 80.89  82.07 Size 256 7685 80.09 63.03 5678  26.84
512 7648 79.16 6195 5630  24.87
. . 128 7465 7949 6007 5462  21.76
Table 6: Ablation study of different number of Rank of 192 7657 7949 6158 5699  23.65
@ ok 320 7685 80.09 6003 5678  26.84
shots. Wim Wik gy 76.61 8020 6253 5725  27.67
1024 7749  79.54  63.07 57.21 30.10
—1Lose 0.25 76.85 80.09 63.03 56.78 26.84
Jé] 0.50 77.09 7943 6278 61.79 24.64
0.75 7535  79.00 61.03 61.89 18.35
LISA (17) 52.3 ‘ 47.7 . . .
Table 8: Ablation study of different configu-
rations. Plus indicates the difference matrix is
LISA (21) 51.1 48.9 . . .
added to the shared attention weight matrix. SL
and DL represent one-layer and two-layer FFNs
LiSAsL (7+10) 52.2 47.8 . . .
are used in the attention heads alignment module,
0 20 40 60 80 100

Percentage (%)

Figure 10: The win rate of LISA models compared with
LLaMA3-8B. All models have been fine-tuned using
instruction data.

Model | BoolQ PIQA CoQA MMLU GSMSK
LLaMA38B | 81.13 80.69 6740 6524 5171
DS 21) 4046 56.86  0.11 0.0 2.65
+Align | 7434 7748 5028 4653 7.96
+Diff. 37.86 5299 000 0.6l 0.68
+Both 76.85 80.09 63.03 5678  26.84

Table 7: Ablation study of sub-modules in LISA.
““+Align”” and ‘‘+Diff.”” mean we individually
enable the attention heads alignment and the
difference compensation module, respectively.
““+Both’’ denotes that we use both modules at
the same time.

heads alignment and the difference compensation
modules in preserving performance. Preliminary
experiments are detailed in Table 8, demonstrating
the effectiveness of each setup in LiSA.

6 Conclusion

In this work, we first provide a comprehensive
layer-wise redundancy analysis of the attention
mechanism in LLMs. We find that: (1) Most
Transformer layers perform a highly similar atten-
tion pattern; (2) Individual attention heads hinder
from directly sharing attention weight; (3) Shallow
layers are sensitive to little deviations in attention
weight, while deep layers are not. Driven by these
insights, we propose a learnable sharing atten-
tion mechanism for existing well-trained LLMs.
Comprehensive experiments demonstrate that our
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respectively. The hidden size stands for the in-
termediate size of the above two-layer FFN. The
default configuration denoted as LISA is bolded.

method significantly reduces the inter-layer redun-
dancy of attention, achieving efficient throughput
and memory with minimal loss. As far as we
know, this is the first attempt to analyze and re-
duce inter-layer redundancy of attention weights
within LLMs. In future work, we plan to investi-
gate whether this problem occurs in large models
of other modalities.
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A Extension for Section 3

A.1 Additional Evidence Supporting
Attention Similarity

Results on More Models. Figure 11 shows the
extended results of Figure 3, i.e., the JS divergence
score of LLaMA2-7B and Gemma-7B. It suggests
that highly similar attention patterns persist across
most layers of different large language models.

Detailed Results of the Top-5 Most Attended
Tokens. To provide a more quantitative assess-
ment, Table 11 presents detailed results for the
top-5 tokens with the highest attention weights
across the 32 layers of LLaMA3-8B. The first
two columns (‘‘1’” and ‘“1024°’) indicate that at
generation steps 1 and 1024, the attention weights
in adjacent layers are highly similar. Moreover,
the “‘PIQA’’ and ‘‘GSMS8K’’ columns show that
while most layers exhibit similar attention pat-
terns, layers 11 to 17 display more divergent
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behavior, which corresponds to the white cross
lines observed in Figure 3.

JS Divergence Score Instances. Figure 12
shows instances of two attention probability dis-
tributions and their corresponding JS divergence
scores. Our results indicate that the attention prob-
ability distributions are highly similar when the
JS divergence falls below 0.05.

JS divergence score baseline. To facilitate a
more objective comparison of JS divergence
scores, we introduce a baseline that compares
attention distributions across different sentences
of equal length. As shown in Figure 4(b), the
attention weights differ significantly between the
two unrelated sentences, highlighting the high
similarity observed in adjacent layers.

B Extension for Section 4

Figure 13 shows the performance of LLaMA2-7B
when applying the average and directly sharing
attention strategies in every two adjacent layers.

C Extension for Section 5

C.1 Training Setups

Detailed LiSA Configuration. Both the
LLaMA2-7B and LLaMA3-8B models are
equipped with 32 attention heads (h = 32)

per layer and have hidden state dimensions of
d = 4096. While LLaMA2-13B consists of 40
attention heads (h = 40) per layer and has hidden
state dimensions of d = 5120.

e When a layer is equipped with LiSA, it
uses a two-layer FFN, which involves a
64 x 256 FFN, a ReLU activation function,
and a 256 x 32 FFN. Additionally, LiISA
includes two low-rank linear projections: for
the LLaMA3-8B model, these projections are
WgR € RA096x640 51 q WgR € R1096x160. £oy
the LLaMA2-7B, W&, W/, e Ri096x640,

and for the LLaMA2-13B, W, Wk, ¢
RSlQOXSOO each.

Besides, LiSAgr uses a one-layer FFN
sized 64 x 32, paired with two low-rank

linear  projections: for LLaMA3-8B,
W LRC c R4096x1024 504 WLKR € R4096x256.
for LLaMA2-7B, both  projections

Q K 4096x1024.
are W R, Wrp € R ; and for
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Figure 11: The JS divergence scores of the attention weights for every pair of layers (calculated under setting S1).
The greater the redness, the higher the similarity.
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Figure 12: A visualization of the attention probability distribution in two layers. We also report the corresponding
JS divergence score. The horizontal coordinates stand for tokens with different positions.

LLaMA2-13B, W&, Wk, e RM20<I20 4 follows:
each. (a — b)? if|a—b| <6

1
2
1 .
Huber Loss Function. The standard function 6(Ja —b] — 56) otherwise
of Huber loss (Huber, 1992) can be expressed (8)
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Figure 13: The performance of LLaMA2-7B when applying the average and directly sharing attention strategies

in every two adjacent layers.

where 0 is always set to 1 in our experiments.
Indeed, it is a combination of mean absolute error
(MAE) and mean squared error (MSE) loss, which
can make the training process more robust.

Datasets. Since the trainable parameters in-
troduced by LiSA, only account for 0.46%
to 1.64% of the total parameters, we do
not need a large training dataset. To ob-
tain high-quality pre-training data, we applied
different sampling proportions to subsets of
RedPajama-Data-1T (Computer, 2023), in-
cluding 10% of ArXiv, 2% of C4, 100% of
StackExchange, 100% of Wikipedia, and 10%
of GitHub. The resulting dataset contains 20 bil-
lion tokens and we sampled 4.2 and 10 billion
tokens from this dataset for the experiments of
uptraining and pre-training from scratch.

Main Experiment. We trained all models using
the LLaMA-Factory.® package (Zheng et al.,
2024) During the pre-training stage, we set the
global batch size to 128, 5 to 0.25, weight decay
to 0.1, number of training epochs to 1, warmup
steps to 1500, maximum text length to 1024, and
the learning rate to 0.0003. The training process
consisted of 40,000 update steps. Additionally,
we used DeepSpeed ZeRO-2 (Rajbhandari et al.,
2019). All experiments were conducted on eight
A800 GPUs.

Preliminary Experiment. To accelerate the
training, we trained all models on 1 billion tokens
from the RedPajama-Data-1T-Sample
dataset. Other hyperparameters remain the same

Shttps://github.com/hiyouga/LLaMA
—-Factory.
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Figure 14: A weight visualization of a well-trained
single-layer FFN for aligning attention heads, whose
shape is 64 x 32, i.e., 2h X h. Values in two square
matrices represent the learned weights accounting for
the difference matrix A and the shared attention
weight matrix A,,_;, respectively.

as in the main experiment, except for the global
batch size, which is set to 16.

C.2 Evaluation Setups

Downstream Tasks. We used the
lm-evaluation-harness package (Gao
etal., 2023) to evaluate the quality of outputs from
different models. Except for the number of shots,
which is set according to the configurations used
by LLaMA2, LLaMA3, and Xia et al. (2024),
we kept other hyperparameters at their default
settings in the lm-evaluation-harness
package.

Supervised Fine-tuning. To evaluate the ca-
pabilities of following instructions, we first
fine-tuned the models on the Alpaca dataset, which
contains 52,000 instances. Then, we prompted
the models to generate responses on the Alpaca-
Eval (Li et al., 2023) data and leveraged GPT-4
(gpt-4-0613) to determine which of the two
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Benchmark BoolQ WinoGrande  PIQA OBQA HellaSwag ARC-E ARC-C MMLU CoQA NQ GSMS8K TriviaQA
LLaMA3-8B 81.13 73.40 80.69 46.60 82.26 77.61 59.30 64.98 67.40 29.14 51.71 63.39
DS (17) 75.72 65.19 68.61 30.20 50.00 41.04 29.86 23.96 12.67 1.11 1.74 0.73
Perf. Losst 6.67% 11.19% 14.97% 35.19%  39.22% 47.12%  49.65% 63.13%  81.20%  96.19%  96.64% 98.85%
LiSA (17) 81.65 73.95 79.87 46.20 81.17 79.29 58.96 61.22 63.53 27.17 45.94 57.66
Perf. Loss —0.64% —0.75% 1.02%  0.86% 1.33% —2.16% 0.57% 5.79% 5.74% 6.76% 11.16% 9.04%
Benchmark = WinoGrande PIQA OBQA  BoolQ ARC-E ARC-C HellaSwag GSM8K TriviaQA NQ MMLU CoQA
LLaMA3-8B 73.40 80.69 46.60 81.13 77.61 59.30 82.26 51.71 63.39 29.14 64.98 67.40
DS (27) 51.54 56.58 25.40 38.07 30.64 22.78 28.31 2.12 0.04 0.03 0.00 0.00
Perf. Losst 29.78% 29.88% 45.49% 53.08%  60.52% 61.59%  65.58% 95.90%  99.94%  99.90% 100.00% 100.00%
LiSA (27) 70.17 80.69 46.80 77.86 74.92 53.33 79.43 31.77 43.65 25.65 50.58 60.23
Perf. Loss 4.40% 0.00% —043% 4.03% 3.47% 10.07% 3.44% 3856%  31.14% 11.98%  22.16% 10.64%

Table 9: The performance loss of DS and LISA on LLaMA3-8B. We report the performance loss as
a percentage in the ‘‘Perf. Loss’’ lines. The symbol frepresents that the 12 benchmarks are ordered
by increasing the performance loss of DS models, from left to right. Green indicates that this is a
low-loss task, with the performance loss of DS models below 40%. While yellow denotes that it is a
moderate-loss task, with the performance loss of DS models in the range of 40% to 70%. Additionally,
red stands for high-loss tasks, with the performance loss of DS models above 70%.

Model GSMSK MMLU
LLaMA3-SB
LiSA (17) 45.94 61.22
+NF 4731 61.22
LiSAsy, (7+10) 42.76 61.69
+NF 41.55 61.69
LiSA (21) 39.27 59.52
+NF 42.99 59.52
LiSA (27) 31.77 50.58
+NF 35.10 50.62
LLaMA2-7B
LiSA (17) 12.96 43.83
+NF 12.96 43.24
LiSAs;, (7+10) 8.26 42.05
+NF 7.96 43.18
LiSA (21) 10.24 35.37
+NF 10.69 35.57

Table 10: Experiment of ablating the NF decoding
strategy.

responses was better. Aligning with Wang et al.
(2024), during the fine-tuning stage, we set the
global batch size to 128, weight decay to O,
number of training epochs to 3, warmup steps
to 0, maximal text length to 1,024, and the learn-
ing rate to 0.0001. In the generation stage, the
decoding temperature was set to 0.75 and Top-p
was set to 0.95 to ensure the diversity of generated
responses.

C.3 Experimental Results

The experimental results presented in this section
can be categorized as follows (aligning with the
order in which they appear in the main text):

Visualization of the Attention Heads Align-
ment Module. Figure 14 visualizes the weight

5.0 —— MHA
DS (8)
4.5 —— Plus (8)
— GQA
2 4.0
o]
-
< 3.51
>
w
3.0
2.5
2.0, : : : : ,
0B 2B 4B 6B 8B 10B

Tokens

Figure 15: Evaluation loss curves for pre-training
LLaMA-like models with various attention mecha-
nisms. The original model consists of 12 layers, each
with 12 attention heads, and an attention head dimen-
sion of 64. Plus (8) indicates that LISA,,;,, is applied to
8 specific layers. The layer-wise sharing configuration
for DS (8) and Plus (8) is <2, 3,4, 6,7, 8, 10, 11”°. For
the GQA model, we set the number of KV attention
heads to 2.

of a well-trained single-layer FFN for aligning
attention heads. Values in two square matri-
ces represent the learned weights accounting for
the difference matrix Ax and the shared atten-
tion weight matrix A,,_1, respectively. Cells with
either deeper blue or deeper red indicate the larger
absolute value of weights. We can see that FEN
assigns significant weights to the A,_;, which
carries most of the attention information. More-
over, there are also some deep blue cells in the left
matrix, demonstrating the necessity of Aa.

Normal Forward. Table 10 compares the per-
formance of enabling LISA at all inference steps

683



versus activating LISA only after the first inference
step, during which standard forward computation
is used.

Pre-train from Scratch. Figure 15 and Table 5
detail the training process and final perfor-
mance of different attention models pre-trained
from scratch.

Task-specific LiISA. Table 9 summarizes the
performance of DS and LiSA, as well as their
respective degradation compared to the original
model. Based on the performance drop introduced
by DS, tasks can be categorized to guide the
configuration of LISA, enabling a better bal-
ance between inference efficiency and model
effectiveness.
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1 1024 PIQA GSMSK
Weight Index Token Weight Index Token Weight Index Token Weight Index Token

Layer

0 0.43 2 a 0.05 1025 her 0.17 36 \n 0.09 699 ?\n
0 0.19 3 time 0.05 1024 in 0.09 15 Nn 0.07 701

0 0.14 4  there 0.03 1019 . 0.08 5 \n 0.05 700 A
0 0.13 0 Once 0.03 58 0.08 26 0.02 688 .

0 0.11 1 upon  0.02 1023 was 0.07 22, 0.02 694 of

1 0.62 2 a 0.61 58 0.51 22, 0.55 27

1 0.19 1 upon  0.17 9 . 0.23 15 MNn 0.17 4

1 0.10 3 time 0.04 1025 her 0.03 36 \n 0.05 700 A
1 0.06 4  there 0.02 1024 in 0.02 5 \n 0.04 699 2\n
1 0.04 0 Once 0.02 1026 room 0.02 4 0.02 701

2 0.93 0 Once 0.79 0 Once 0.81 0 The 0.78 0 Q

2 0.03 3 time 0.01 1024 in 0.02 16 A 0.02 699 Nn
2 0.02 1 upon  0.01 1011 and 0.02 15 Nn 0.01 655 Axel
2 0.01 2 a 0.01 1019 . 0.02 17 0.01 654

2 0.01 4  there 0.01 1023 was 0.01 23 drain 0.01 600 Olivia
3 0.89 0 Once 0.84 0 Once 0.76 0 The 0.80 0 Q

3 0.06 3 time 0.02 1025 her 0.02 36 \n 0.02 701

3 0.03 1 upon  0.02 1024 in 0.02 17 0.02 699 N\n
3 0.02 4  there 0.01 1023 was 0.02 5 \n 0.02 700 A

3 0.01 2 a 0.01 1026 room 0.02 15 Nn 0.01 654

4 0.90 0 Once 0.75 0 Once 0.66 0 The 0.72 0 Q

4 0.05 3 time 0.03 1025 her 0.04 15 N\n 0.03 701

4 0.03 4  there 0.02 1026 room 0.03 36 \n 0.03 699 N\n
4 0.02 1 upon  0.02 1024 in 0.03 35 c¢cream 002 700 A

4 0.01 2 a 0.02 1022 girl 0.02 33 and 0.01 654

5 0.90 0 Once 0.71 0 Once 0.62 0 The 0.70 0 Q

5 0.04 1 upon  0.02 1024 in 0.05 15 N\n 0.03 699 2\n
5 0.02 3 time 0.02 1025 her 0.04 17 0.02 701

5 0.02 4  there 0.02 1019 . 0.03 36 \n 0.02 654

5 0.01 2 a 0.02 1023 was 0.02 33 and 0.01 689 What
6 0.88 0 Once 0.56 0 Once 0.53 0 The 0.62 0 Q

6 0.05 3 time 0.06 1025 her 0.05 36 \n 0.04 701

6 0.03 1 upon  0.03 1019 . 0.04 15 Nn 0.04 699 Nn
6 0.03 4  there 0.03 1023 was 0.03 17 0.02 700 A

6 0.02 2 a 0.03 1024 in 0.03 35 cream 0.01 688 .

7 0.87 0 Once 0.66 0 Once 048 0 The 0.57 0 Q

7 0.04 1 upon  0.03 1025 her 0.08 15 2\n 0.05 701

7 0.04 4  there 0.02 1019 . 0.04 36 \n 0.04 699 Nn
7 0.03 3 time 0.02 1023 was 0.03 17 0.03 654

7 0.02 2 a 0.02 1024 in 0.03 35 cream 0.02 688 .

8 0.83 0 Once 0.61 0 Once 046 0 The 0.30 0 Q

8 0.07 1 upon  0.02 1026 room  0.07 36 \n 0.06 701

8 0.04 4  there 0.02 1025 her 0.06 15 Nn 0.06 699 N\n
8 0.03 3 time 0.01 1019 . 0.03 14 cheese 0.03 688 .

8 0.03 2 a 0.01 1023 was 0.03 17 0.03 689 What

Table 11: Continued.
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1 1024 PIQA GSMSK

Layer

' Weight Index Token Weight Index Token Weight Index Token Weight Index Token
9 0.87 0 Once 052 0 Once 041 0 The 0.30 0 Q
9 0.05 1 uwpon 0.02 1025 her 0.06 36 .\n 0.06 699 ?\n
9 0.03 3 time 002 1024 in 0.05 15 2\n 0.05 701
9 0.03 2 a 0.02 1026 room 0.03 35 cream 0.04 688 .
9 0.02 4  there 0.02 1023 was 0.03 4 0.03 689 What
10 0.89 0 Once 059 0 Once 0.55 0 The 0.31 0 Q
10 0.05 1 upon 0.03 1026 room 0.05 36 \n 0.05 701
10 0.03 2 a 0.01 1024 in 0.04 15 2N\n 0.04 699 2\n
10 0.02 4  there 0.01 1025 her 0.03 4 0.03 688 .
10 0.02 3 time 0.01 1019 . 0.03 35 cream 0.02 700 A
11 0.88 0 Once 0.62 0 Once 049 0 The 0.30 0 Q
11 0.06 1  upon 0.02 1019 . 0.06 15 N\n 0.06 701
11 0.03 3  time 0.02 1024 in 0.04 36 \n 0.05 699 ?2\n
11 0.02 2 a 0.01 1023 was 0.04 16 A 0.03 688
11 0.01 4  there 0.0l 1025 her 0.03 14 cheese 0.03 666 .
12 0.83 0 Once 0.64 0 Once 0.30 0 The 0.36 0 Q
12 0.07 1 upon 0.05 1026 room 0.08 36 \n 0.11 701
12 0.05 3 time 0.03 1024 in 0.06 17 0.04 699 2\n
12 0.03 4  there 0.03 1019 . 0.06 15 2\n 0.03 688
12 0.02 2 a 0.03 1025 her 0.05 16 A 0.03 666 .
13 0.87 0 Once 0.51 0 Once 040 0 The 0.17 0 Q
13 0.06 1 upon 0.02 1026 room 0.07 16 A 0.08 666
13 0.03 4  there 0.01 1019 . 0.06 15 2N\n 0.06 701
13 0.02 2 a 0.01 1024 in 0.04 36 \n 0.05 688 .
13 0.02 3 time 001 1020 The 0.04 4 0.04 682 and
14 0.85 0 Once 043 0 Once 0.37 0 The 0.24 0 Q
14 0.06 3  time 0.04 1025 her 0.07 15 2\n 0.08 701
14 0.04 1  upon 0.02 1019 . 0.07 16 A 0.07 666 .
14 0.03 4  there 0.02 1024 in 0.05 36 \n 0.04 699 ?\n
14 0.02 2 a 0.02 1026 room  0.05 17 0.04 656 has
15 0.75 0 Once 040 0 Once 0.37 0 The 0.32 0 Q
15 0.10 3 time 0.04 1026 room 0.11 16 A 0.08 701
15 0.07 1  upon 0.03 1024 in 0.06 36 \n 0.04 699 Nn
15 0.05 4  there 0.02 1025 her 0.04 7 0.03 700 A
15 0.03 2 a 0.02 1023 was 0.04 17 0.02 655 Axel
16 0.74 0 Once 0.5 0 Once 0.44 0 The 0.40 0 Q
16 0.11 3  time 0.04 1026 room 0.10 16 A 0.09 701
16 0.07 4  there 0.03 1025 her 0.07 36 \n 0.05 655 Axel
16 0.06 1 upon 0.03 1019 . 0.04 15 2\n 005 700 A
16 0.03 2 a 0.02 1024 in 0.03 17 0.03 699 2\n
17 0.80 0 Once 0.5 0 Once 0.54 0 The 0.43 0 Q
17 0.11 3 time 0.04 1024 in 0.07 16 A 0.08 701
17 0.04 4  there 0.03 1025 her 0.07 36 \n 0.03 700 A
17 0.03 1 uwpon 0.02 1026 room 0.03 15 N\n 0.02 699 ?\n
17 0.01 2 a 0.02 1023 was 0.02 17 0.01 666

Table 11: Continued.
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1 1024

PIQA GSMSK

Layer
Weight Index Token Weight Index

Token Weight Index Token Weight Index Token

18 0.86 0 Once 0.66 0

Once 0.65 0 The 0.55 0 Q

18 0.05 3 time 0.02 1024 in 0.07 16 A 0.06 701 :

18 0.04 I upon 0.02 1023 was 004 36 .\n 0.03 655 Axel
18 0.03 4 there 0.02 1025 her 0.03 17 0.03 680 he
18 0.01 2 a 0.02 1022 girl 0.02 15 N\n 0.03 696 they
19 0.90 0 Once 0.69 0 Once 0.62 0 The 0.59 0 Q
19 0.04 4 there 0.02 1026 room 0.07 16 A 0.04 701 :

19 0.04 3 time 0.01 1024 in 0.06 7 0.03 655 Axel
19 0.02 1 uwpon 0.01 1025 her 0.05 36 \n 0.02 699 MNn
19 0.01 2 a 0.01 1019 . 0.02 15 N\n 0.01 700 A
20 0.89 0 Once 0.61 0 Once 0.61 0 The 0.59 0 Q
20 0.05 3 time 0.02 1024 in 0.07 16 A 0.06 655 Axel
20 0.03 4  there 0.01 1026 room 0.06 36 .\n 0.04 701 :

20 0.02 1 uwpon 0.01 1023 was 0.05 7 0.01 700 A
20 0.01 2 a 0.01 1019 . 0.03 15 N\n 0.0l 699 MNn
21 0.87 0 Once 0.68 0 Once 0.66 0 The 0.63 0 Q
21 0.06 3 time 0.04 1025 her 0.08 36 .\n 0.08 701 :

21 0.05 4  there 0.03 1026 room 0.05 16 A 0.02 698 together
21 0.01 1 wpon 0.02 1024 in 0.04 15 Nn 0.02 699 MNn
21 0.01 2 a 0.01 1019 . 002 35 cream 0.02 700 A
22 0.89 0 Once 0.67 0 Once 0.66 0 The 0.63 0 Q
22 0.04 3 time 0.02 1026 room 0.08 36 .\n 0.05 701 :

22 0.04 4 there 0.02 1025 her 0.07 16 A 0.03 655 Axel
22 0.03 1 uwpon 0.01 1024 in 0.02 15 Nn 0.02 699 MNn
22 0.01 2 a 0.01 1019 . 0.02 5 \n 0.01 177 Originally
23 0.93 0 Once 0.77 0 Once 0.75 0 The 0.71 0 Q
23 0.04 3 time 0.02 1024 in 0.06 16 A 0.05 655 Axel
23 0.01 4 there 0.02 1026 room 0.05 36 \n 0.03 701 :

23 0.01 1 upon 0.01 1025 her 0.02 15 Nn 0.01 700 A
23 0.00 2 a 0.01 1023 was 0.01 7 0.01 660 pesos
24 0.94 0 Once 0.72 0 Once 0.76 0 The 0.73 0 Q
24 0.03 4  there 0.02 1026 room 0.05 16 A 0.08 655 Axel
24 0.02 3 time 0.02 1019 . 0.05 36 \n 0.03 701 :

24 0.01 1 upon 0.01 1025 her 0.02 7 0.01 660 pesos
24 0.01 2 a 0.01 1024 in 0.02 5 \n 0.01 699 MNn
25 0.92 0 Once 0.78 0 Once 0.82 0 The 0.79 0 Q
25 0.05 3 time 0.04 1025 her 0.05 36 \n 0.04 701

25 0.02 4 there 0.02 1026 room 0.04 16 A 0.04 655 Axel
25 0.01 1  upon 0.01 1024 in 0.02 15 Nn 0.01 699 MN\n
25 0.00 2 a 0.01 1019 . 0.01 5 \n 0.01 700 A
26 0.90 0 Once 0.63 0 Once 0.67 0 The 0.59 0 Q
26 0.04 3 time 0.02 1026 room 0.12 36 .\n 0.10 655 Axel
26 0.04 4  there 0.01 1019 . 0.05 16 A 0.07 701 :

26 0.02 I  upon 0.01 1023 was 0.03 15 N\n 0.02 700 A
26 0.01 2 a 0.01 1025 her 0.02 5 \n 0.02 699 MNn

Table 11: Continued.
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Layer 1 1024 PIQA GSMSK
Weight Index Token Weight Index Token Weight Index Token Weight Index Token
27 0.91 0 Once 0.74 0 Once 0.80 0 The 0.64 0 Q
27 0.03 4  there 0.02 1026 room  0.05 36 \n 0.08 655 Axel
27 0.03 3 time 0.01 1025 her 0.03 16 A 0.04 701
27 0.02 1 upon  0.01 724  the 0.02 35 cream 001 700 A
27 0.01 2 a 0.01 1019 . 0.01 15 Nn 0.01 699 ?\n
28 0.84 0 Once 0.64 0 Once 0.68 0 The 0.64 0 Q
28 0.07 4  there 0.05 1026 room 0.11 36 \n 0.10 701
28 0.06 3 time 0.03 1025 her 0.03 16 A 0.03 700 A
28 0.02 1  upon 001 1024 in 0.03 15 Nn 0.03 655 Axel
28 0.01 2 a 0.00 1023 was 0.02 35 cream 0.02 699 N\n
29 0.88 0 Once 0.67 0 Once 0.75 0 The 0.76 0 Q
29 0.06 4  there 0.04 1026 room 0.06 36 \n 0.05 701 :
29 0.05 3  time 0.02 1025 her 0.04 16 A 0.01 700 A
29 0.01 1  upon 001 1019 . 0.03 15 Nn 0.0l 699 2\n
29 0.01 2 a 0.00 1018 room 0.01 5 \n 0.01 695 pesos
30 0.85 0 Once 049 0 Once 0.60 0 The 0.52 0 Q
30 0.08 4  there 0.05 1026 room 0.11 36 \n 0.09 701
30 0.04 3  time 0.02 1019 . 0.04 16 A 0.04 655 Axel
30 0.03 1 upon 0.01 1025 her 0.03 15 Nn 0.02 700 A
30 0.01 2 a 0.01 1024 in 0.02 6 Q 0.02 699 ?\n
31 0.78 0 Once 049 0 Once 0.61 0 The 0.51 0 Q
31 0.16 4  there 0.16 1026 room 0.21 36 .\n 022 701
31 0.04 3  time 0.02 1025 her 0.02 15 Nn 0.02 699 ?\n
31 0.01 1  upon 0.02 1019 . 0.02 16 A 0.01 700 A
31 0.01 2 a 0.01 1024 in 0.01 17 0.01 655 Axe

Table 11: Top-5 tokens with the highest attention weights in each layer of LLaMA3-8B. ““1°’ and
1024’ refer to snapshots taken at generation steps 1 and 1024, respectively. ‘‘PIQA’’ and ‘‘GSM8K”™’
show the results obtained by inputting a randomly selected sample from the PIQA and GSMSK

benchmarks.
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