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Abstract
Hallucination in large language models (LLMs)
continues to be a significant issue, particularly
in tasks like question answering, where models
often generate plausible yet incorrect or irrel-
evant information. Although various methods
have been proposed to mitigate hallucinations,
the relationship between attention patterns and
hallucinations has not been fully explored. In
this paper, we analyze the distribution of atten-
tion scores across each layer and attention head
of LLMs, revealing a common and intriguing
phenomenon: Shallow layers of LLMs primar-
ily rely on uniform attention patterns, where
the model distributes its attention evenly across
the entire sequence. This uniform attention pat-
tern can lead to hallucinations, as the model
fails to focus on the most relevant information.
To mitigate this issue, we propose a training-
free method called Attention Replacement
Technique (ART), which replaces these uni-
form attention patterns in the shallow layers
with local attention patterns. This change
directs the model to focus more on the rel-
evant contexts, thus reducing hallucinations.
Through extensive experiments, ART demon-
strates significant reductions in hallucinations
across multiple LLM architectures, proving its
effectiveness and generalizability without re-
quiring fine-tuning or additional training data.

1 Introduction

Large language models (LLMs) have made signifi-
cant strides, but hallucinations remain a persistent
challenge, particularly in tasks such as Question
Answering (QA). This is a highly challenging is-
sue for the practical deployment of large models.
Therefore, to ensure that the model’s output is true
and reliable, existing research attempts to solve the
hallucination problem by incorporating external
knowledge bases or retraining models with addi-
tional data (Chen et al., 2024b). However, these
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Question : Raymond and Samantha are cousins. Raymond was born 6 years 
before Samantha. Raymond had a son at the age of 23. If Samantha is now 31, how 
many years ago was Raymond's son born?
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Figure 1: A demonstration overview of how ART works
during the decoding process, with Nh = 8 and k = 1.

approaches often require significant resources and
may substantially reduce the inference efficiency.

To strike a trade-off between performance and
resource consumption, researchers have intervened
in the attention mechanism of transformer-based
large language models to mitigate hallucinations
(Zhou et al., 2025; Huang et al., 2024; Zhang et al.,
2024; Shi et al., 2025, 2026; Zhang and Zhang,
2025; Zhang et al., 2026b; Wei and Zhang, 2024a;
Zhang et al., 2026a; Zhao et al., 2026; Zhang et al.,
2025b,d). This empirical study provides valuable
insights and reveals the important role that atten-
tion heads play in alleviating hallucinations. More
broadly, recent studies have also examined consis-
tency and reliability issues in adjacent multimodal
and agent settings (Quan et al., 2026; Zhang et al.,
2025a).

In addition to head-level analysis, there are also
layer-level analyses. Recent research (Chen et al.,
2024c; Zhang et al., 2025c; Che et al., 2026) re-
veals that shallow layers, particularly the first two
layers, play a more critical role in knowledge in-

34068



Figure 2: Visualization on some of attention weights of
Layer 0 in Qwen2.5-7B-Instruct model when encoding
a sample from GSM8K.Attention weights are divided
into 3 categories: Uniform Attention, Local Attention,
and Scattered Attention.

jection and deserve denser injection, while deeper
interventions have minimal effect and could even
be pruned. AdaInfer (Fan et al., 2024) also sup-
ports this idea, suggesting that current LLMs can
perform adequately if truncated at certain interme-
diate layers, as the middle and later layers do not
contribute much more to the intermediate represen-
tations in some tasks.

Combining head-level and layer-level analyses
and ideas, we believe that shallow-layer attention
heads play an important role in mitigating halluci-
nations. Therefore, we visualize the attention maps
of the various attention heads in shallow layers, as
shown in Figure 2. These attention heads can be cat-
egorized into three types based on their distribution:
local, uniform, and medium. The characteristics
of these types are as follows: (1) Uniform heads
distribute the model’s attention evenly across the
context. (2) Local heads only attends to neighbor-
ing tokens, and the visualized results are relatively
sparse. (3) Scattered heads focuses predominantly
on certain preceding tokens.

Since layers are not fully decoupled, a combina-
tion of most layers must be executed sequentially
to achieve the best results (Sun et al., 2024). ITI (Li
et al., 2023) also indicates that the local pattern is
crucial for the model’s understanding of semantics.
Therefore, we aim to maximize the effectiveness of
shallow layers in understanding semantics and con-
textual information, thus mitigating hallucinations

while maintaining the integrity of the model.
Motivated by these observations, we propose

an attention-enhancement method in shallow lay-
ers, which replaces uniform attention heads with
local attention heads to enhance the information
exchange capability of the model’s attention, and
thus improve the model’s performance. We con-
duct extensive evaluations, specifically focusing on
hallucination issues, and test mainstream LLMs
to validate the effectiveness of ART in reducing
hallucinations across various model architectures.
Our results demonstrate that ART is a highly effec-
tive plug-and-play solution for mitigating halluci-
nations in various LLMs.

Specifically, our contributions can be summa-
rized as follows:

• We systematically studied the distribution char-
acteristics of shallow-layer attention heads, cate-
gorizing them into three types: Uniform, Local,
and Scattered. Through experiments, we vali-
dated the crucial role of local attention in the
model’s generation process.

• To address the hallucination problem in large
language models (LLMs), we propose a
training-free method called Attention Replace-
ment Technique (ART) to replaces redundant
uniform attention heads with local attention
heads in the shallow layers, significantly im-
proving the truthfulness of the model’s output.

• Experiments on multiple models validate the
plug-and-play convenience and strong general-
ization of this method.

2 Related Work

Attention sink and information flow.
StreamingLLM (Xiao et al., 2024b) observes
high attention values on the first token, termed
an "attention sink," and leverages this finding to
extend the input sequence length—a positive use of
high attention values. However, different scenarios
can exhibit different behaviors. Several studies
have demonstrated the negative effects of the
attention sink phenomenon. The ACT (Yu et al.,
2024) study found that attention sinks not only
occur on the first token but also on tokens with
limited semantic information (e.g., ".", ":", and
"<0x0A>") . Contrary to the observations made
in StreamingLLM—which suggest preserving
attention sinks to enhance LLMs’ accuracy—they
highlight that not all attention sinks are beneficial.
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Specifically, for most attention sinks occurring in
the middle or later parts of inputs, reducing their
attention scores can lead to improved accuracy.
In OPERA (Huang et al., 2024) and DOPRA
(Wei and Zhang, 2024b), it was found that
when models generate hallucinated content, the
self-attention weights in the last layer exhibit a
distinct "columnar" pattern before the hallucination
occurs, leading to an "over-trust" tendency in the
self-attention weights for the hallucinated parts.
Yuan et al. (2024) proposed Instance-adaptive
prompting to select better prompt to LLMs for
correct reasoning for different instances, and
IAP-ss compared the significance scores and
thresholds of the information flow to determine
the appropriate prompt. EAH (Zhang et al., 2024)
reveals a phenomenon: most hallucinations are
closely related to the attentional sinking pattern
in the image-labeled self-attention matrix, where
shallower layers show intensive attentional sinking
and deeper layers show sparse attentional recep-
tions. They propose a training-free approach called
Enhanced Attention Head (EAH) designed to
enhance image convergence by focusing attention
on shallow layers.

Attention Heads of Large Language Mod-
els. LoFiT (Yin et al., 2024)’s extends the task
from model realism more generally, for a particular
downstream task, the first step is to first identify the
subset of attentional heads that are most important
for the task by learning, and then the second step is
to train a corresponding offset vectors for each of
the attentional heads in this subset of heads, with
the core purpose is to optimize the activations of
these heads. Michel et al. (2019) argues that the
nlp model, even if trained in the mode of multi-
head attention, can remove a large fraction of these
attention heads during real-world testing without
affecting the model’s performance. Wu et al. (2024)
argues that all models with long context capabilities
have a set of retrieval heads, and pruning out the
retrieval heads will result in the loss of the model’s
ability to retrieve relevant information and create
illusions, whereas pruning the non-retrieval heads
does not affect the model’s retrieval ability. Xiao
et al. (2024a) argues that the attention heads within
the LLM can be roughly divided into two parts:
retrieval heads and streaming heads; the former is
important for the model to find key information in
context, and cropping the (contextual) KV cache
within retrieval heads significantly affects the final
output of the language model, while modifying the

KV cache of streaming heads has no The final out-
put of the language model is significantly affected
by cropping the (contextual) KV cache within re-
trieval heads while modifying the KV cache of
streaming heads does not.

3 Preliminaries

A decoder-only LLM is composed of L stacked
decoder layers. Each layer consists of two modules:
Multi-Head Attention (MHA) and Feed-Forward
Network (FFN). They are connected serially and
encode the T input tokens t = {t1, t2, . . . , tT }
jointly. Formally, Let the input of the l-th layer
be H l = {hl

1,h
l
2, . . . ,h

l
T } ∈ RT×d. The t-th

token is encoded with a densen hidden state hl
t

with dimension being d. Since LLMs mainly adopt
a pre-norm structure, we represent the l-th layer:

Ol = MHAl
(

LN(H l)
)

(1)

H l+1 =FFNl(LN(Ol +H l)) +Ol +H l. (2)

MHAl is the l-th layer’s multi-head attention oper-
ator, projecting the input sequence X ∈ RT×d into
Nh subspaces to perform attention mechanisms in
parallel and aggregating them at last:

MHAl(X) =

Nh∑

h=1

Softmax
(
Ql

h(K
l
h)

⊤
√
dh

)
V l

hW
l
o,h (3)

Ql
h = XW l

q,h,K
l
h = XW l

k,h,V
l
h = XW l

v,h. (4)

Here, W l
q,h,W

l
k,h,W

l
v,h ∈ Rd×dh and W l

o,h ∈
Rdh×d are parametric matrices belonging to the h-
th head of l-th layer. dh = d/Nh represents the
dimension of each projected head. To investigate
how each token in the sequence attends itself and
its previous tokens, we denote the attention weight
of the h-th head as

Al
h ≡ Softmax

(
Ql

h(K
l
h)

⊤
√
dh

)
. (5)

Actually, attention weights vary among different
heads, capturing different patterns in the input se-
quences (Vaswani et al., 2017). Thus, MHA makes
language models more expressive than vanilla at-
tention. In the remainder of this paper, unless oth-
erwise specified, the concept of attention refers to
the attention weight Al

h.

3.1 Attention Patterns in LLMs
Recent studies (Zheng et al., 2024; Xiao et al.,
2024b; Yu et al., 2024; Chen et al., 2024a) have
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Figure 3: The detailed demonstration of applying ART-max to the second layer of Llama2-7B-Chat.

investigated the internal attention heads of LLMs
as they process input sequences, providing detailed
visualizations of attentions across different layers.
These studies reveal that attentions in LLMs ex-
hibit diverse patterns. We aim to investigate these
different attention patterns and explore their influ-
ences on LLMs’ generation. To achieve this goal,
we categorize attention patterns (Section 3.2) and
examine their effects (Section 3.3).

Figure 4: The structure diagram of ART replaces the
uniform attention head in each attention head that pre-
dicts the next token with a local attention head. Baseline:
Llama2-7B-Chat processes a sample from TruthfulQA.

3.2 Category
Sparse and dense attention. Yu et al. (Yu et al.,
2024) and Chen et al. (Chen et al., 2024a) visual-
ize multiple attentions across various layers within
LLMs. We can categorize attention patterns into
sparse attention and dense attention based on the
presence of attention sinks (Xiao et al., 2024b).
Specifically, attention sinks are tokens that absorb
a significant amount of attention scores from other
tokens that can attend them, resulting in sparse at-

tention patterns where the attention scores obtained
by other tokens are dramatically low. In contrast,
when attention sinks are absent, the attention scores
are more evenly distributed among tokens, corre-
sponding to dense attention. As shown in Figure 4,
visually, in sparse attention, most tokens receive
nearly zero attention, resulting in a generally darker
appearance. In dense attention, the attention dis-
tribution is relatively balanced, leading to a lighter
overall color. Generally, sparse attention predomi-
nantly occurs in LLMs’ deeper layers, while dense
attention appears primarily in the shallower lay-
ers. In particular, Chen et al. (Chen et al., 2024b)
demonstrate that shallow layers are more impor-
tant for the injection and understanding of knowl-
edge compared to deeper layers. FastV’s experi-
ments (Chen et al., 2024a) also indicate that editing
shallow layers has a greater impact on the gener-
ation process than editing deep layers. Therefore,
this paper discusses attentions in the shallow lay-
ers, aiming to intervene in attention as minimally as
possible. Following the settings of previous stud-
ies (Chen et al., 2024a; Yu et al., 2024), unless
otherwise specified, we define shallow layers as the
first two layers of LLMs.

Three patterns for dense attention. Different
attention heads exhibit different attention patterns
in shallow layers of dense attention. As illustrated
in Figure 2, dense attention can generally be cat-
egorized into three patterns: uniform, local, and
scattered. These represent three different character-
istics of attention distribution. In uniform attention,
each token attends almost equally to preceding to-
kens; in local attention, each token only attends
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Figure 5: Accuracy curves of Qwen2.5-7B-Instruct eval-
uated on Dablation of TruthfulQA and GSM8K subsets
after masking different amounts of uniform, scattered,
and local attention.

to neighboring tokens; in scattered attention, each
token focuses predominantly on certain preceding
tokens. For better illustration, we define the m-
index ml

h to classify these three types of attention.
Formally, let U ∈ RT×T denotes the completely
uniform attention

U [i, j] =

{
0 i < j
1/i i ≥ j

, (6)

where U [i, j] is the attention weight between the
i-th and j-th tokens in input tokens t. We define
Al

h as the attention of the h-th head in the l-th layer
and ml

h as:

ml
h =

1

N(N + 1)/2

∑

i≥j

max

(
Al

h[i, j]

U l
h[i, j]

,
U l

h[i, j]

Al
h[i, j]

)
∈ R+.

(7)

The smaller ml
h, the more similar Al

h is to U l
h,

corresponding to uniform attention. In contrast, a
larger value of ml

h signifies a greater distinction
between Al

h and U l
h, which refers to local atten-

tion. The transition from uniform attention to local
attention can be viewed as a continuous spectrum
characterized by their corresponding ml

h. Scattered
attention represents an intermediate state along this
spectrum. Since the absolute value of the m-index
is influenced by the sequence length T , the relative
magnitude of different m-indices is more meaning-
ful. Specifically, for all attention heads within the
same layer, we calculate their respective m-indices
and rank these indices by magnitude. Attentions
ranked at the top are considered uniform attention,
while those at the bottom are regarded as local at-
tention. The rest in the middle of the ranking are
considered scattered attention.

3.3 Influence on Model Generation

Xiao et al. (Xiao et al., 2024b) and Yu et al. (Yu
et al., 2024) studied the role of attention sink in
sparse attention. However, the influence of dif-
ferent attention patterns in dense attention is not
yet clear. Therefore, we investigate the effect of
the three attention patterns on LLMs’ accuracy in
downstream tasks. We conduct preliminary exper-
iments on four datasets that cover diverse scenar-
ios. Specifically, we randomly sample 200 data
points each from the TruthfulQA (Lin et al., 2022),
GSM8K (Cobbe et al., 2021), LogiQA (Liu et al.,
2020), and CommonsenseQA (Talmor et al., 2019)
datasets (denoted as Dablation in Section 4.5) and
test them using Qwen2.5-7B-Instruct. We record
the changes in the model’s accuracy when different
proportions of uniform, local, and dispersed atten-
tion are masked. From Figure 5, we derive three
observations: i) The local attention is crucial for
model generation. Masking even a single local at-
tention significantly impairs the model generation;
ii) Uniform and scattered attention exhibit a degree
of redundancy. Masking small amounts of these
patterns has few influence on model generation,
and in some cases, can enhance it. iii) When a small
enough amount of attention is masked, uniform at-
tention shows a higher redundancy than scattered
attention, thus influencing the model generation
less when masked. Based on these observations,
we consider leveraging the redundancy present in
LLMs’ dense attention by replacing the most re-
dundant uniform attentions with local attentions
to improve attention utilization during generation,
thereby enhancing LLMs’ performance.

3.4 Attention Replacement Technique

In light of our findings, we propose a lightweight
and effective Attention Replacement Technique
(ART) to enhance LLMs by intervening the multi-
head attention module during the model generation.
Assuming there are a total of Nh attention heads,
for the multi-head attention module MHAl in the
l-th layer, we can rewrite it as

MHAl(X) =

Nh∑

h=1

Al
hf

l
h(X). (8)

Let Al = {Al
1,A

l
2, . . . ,A

l
Nh
} represent all

the attentions. According to equation (7), we
can compute the corresponding metrics ml =
{ml

1,m
l
2, . . . ,m

l
Nh
}. By sorting Al in ascending
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order based on ml, we obtain Al
sorted. We define

k to denote that we consider the first k attention
heads with the smallest m-indices in Al

sorted[: k] as
uniform attentions and the last k attention heads
with the largest m-indices in Al

sorted[−k :] as local
attentions. We then define Al

local as

Max: Al
local = Al

sorted[−1] or (9)

Mean: Al
local =

1

k

k∑

j=1

Al
sorted[−j]. (10)

Max indicates the local attention is selected with
the maximum m-index as Al

local, whereas Mean
calculates Al

local by averaging all local attentions.
If Al

local is calculated through equation (9), ART is
specified as ART-max. Otherwise, ART is denoted
as ART-mean. We replace Al

sorted[: k] with Al
local

to improve LLMs’ attention utilization. Therefore,
equation (8) can be rewritten as

ART-MHAl(X) =
∑

i∈I
Al

localf
l
i (X)

+
∑

i/∈I
Al

if
l
i (X), (11)

where I is the index set corresponding to Al
sorted[:

k]. The operation ART-MHAl is then applied to
model inference for efficient intervention. The full
pipeline is demonstrated in Algorithm 1.

4 Experiment

4.1 Datasets and Models

Datasets. We evaluate ART on three datasets: (i)
TruthfulQA (Lin et al., 2022) measures whether
LLMs are truthful in responding to questions. (ii)
LogiQA (Liu et al., 2020), consisting of expert-
written questions, aims to test logical reasoning.
(iii) GSM8K (Cobbe et al., 2021), containing high-
quality elementary school math word problems, is
targeted at measuring LLMs’ mathematical abili-
ties. These datasets cover multiple scenarios for
the application of LLMs and are suitable for com-
prehensive evaluation of their capabilities.

Models. ART is evaluated on prevalent open-
source LLMs. They are Llama2-7B-Chat (Touvron
et al., 2023), Llama3.1-8B-Instruct (AI@Meta,
2024), Ministral-8B-Instruct-24101, Qwen2-7B-
Instruct (Yang et al., 2024), and Qwen2.5-
7B/14B/32B-Instruct (Yang et al., 2024).

1Ministral blog post.

4.2 Baselines and Metrics

Following a similar setup (Li et al., 2023; Yu
et al., 2024), we compare ART with the vanilla
decoding baseline under the zero-shot Chain-of-
Thought (Wei et al., 2022) setting. We utilize
accuracy as the metric for the evaluation of per-
formance. Notably, questions from GSM8K ask
models to answer without answer options available,
while questions from other datasets are presented
as Multi-Choice Questions (MCQs).

4.3 Implementation Details

We run all our experiments on 1 NVIDIA A800
GPU with 80GB memory. For TruthfulQA, we
directly adopt the whole test dataset for evaluation.
For other datasets, we uniformly sample 1,000 from
each to build the test datasets Dtest, thus balanc-
ing the experimental cost and effectiveness. All
experiments are conducted in a zero-shot CoT set-
ting. Detailed prompt templates are available in our
repository. In all our experiments, unless otherwise
specified, we use k = ⌊0.1 ∗Nh⌋, which is derived
through the discussion in Section 4.5.

4.4 Main Results

Table 1 presents the experimental results that we
validate ART on previously mentioned datasets that
cover multiple LLM application scenarios. The
effects of ART on different models across vari-
ous task types differ. In general, ART can im-
prove the accuracy of LLMs by 0.6% to 1.7% in
most cases, and in some cases it can achieve per-
formance improvements exceeding 3%. For ex-
ample, applying ART-mean to Qwen2-7B-Instruct
results in a 3.2% improvement in LogiQA. Simi-
larly, applying ART-max to Qwen2.5-7B-Instruct
achieves a 3.4% improvement in TruthfulQA. In
terms of task types, compared to mathematical
reasoning, ART exhibits better enhancement in
model truthfulness and logical reasoning. The
overall improvement for the GSM8K task is av-
eraged 0.7%. Furthermore, for TruthfulQA and
LogiQA, ART generally provides over a 1.1% im-
provement for LLMs. Notably, ART neither re-
quires fine-tuning nor utilises in-domain data to
determine hyperparameters or construct auxiliary
models. Therefore, the performance gains ART
provides to LLMs are quite substantial. Regarding
model size, ART offers more accuracy enhance-
ment to 7B/8B models than 14B/32B models. ART
enhances Qwen2.5-14B/32B-Instruct models’ accu-
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Dataset Performance (%)Model Method TruthfulQA LogiQA CommonsenseQA OpenBookQA GSM8K Avg.

Llama2-7B-Chat
Vanilla 19.0 28.4 50.8 45.9 27.2 34.3

ART-max 21.7 (+2.7) 29.7 (+1.3) 49.5 (-1.3) 44.9 (-1.0) 28.3 (+1.1) 34.8 (+0.5)
ART-mean 21.5 (+2.5) 30.1 (+1.7) 49.6 (-1.2) 45.2 (-0.7) 28.0 (+0.8) 34.9 (+0.6)

Llama3.1-8B-Instruct
Vanilla 46.5 38.8 75.5 84.4 88.1 66.7

ART-max 46.3 (-0.2) 39.6 (+0.8) 76.4 (+0.9) 85.4 (+1.0) 89.2 (+1.1) 67.4 (+0.7)
ART-mean 46.8 (+0.3) 40.2 (+1.4) 76.0 (+0.5) 85.2 (+0.8) 89.0 (+0.9) 67.4 (+0.7)

Ministral-8B-Instruct-2410
Vanilla 46.1 41.1 71.4 84.3 89.8 66.5

ART-max 46.4 (+0.3) 44.0 (+2.9) 73.6 (+2.2) 84.1 (-0.2) 90.2 (+0.4) 67.6 (+1.1)
ART-mean 46.2 (+0.1) 43.5 (+2.4) 74.3 (+2.9) 84.3 (+0.0) 90.0 (+0.2) 67.7 (+1.2)

Qwen2-7B-Instruct
Vanilla 41.7 42.3 73.6 85.1 88.0 66.1

ART-max 43.2 (+1.5) 45.0 (+2.7) 73.5 (-0.1) 84.6 (-0.5) 88.9 (+0.9) 67.0 (+0.9)
ART-mean 43.8 (+2.1) 45.5 (+3.2) 73.3 (-0.3) 84.8 (-0.3) 88.8 (+0.8) 67.2 (+1.1)

Qwen2.5-7B-Instruct
Vanilla 51.2 50.7 78.1 87.2 93.2 72.1

ART-max 54.6 (+3.4) 52.1 (+1.4) 79.6 (+1.5) 87.6 (+0.4) 93.8 (+0.6) 73.5 (+1.4)
ART-mean 54.0 (+2.8) 52.5 (+1.8) 79.2 (+1.1) 87.2 (+0.0) 93.5 (+0.3) 73.3 (+1.2)

Qwen2.5-14B-Instruct
Vanilla 62.3 56.9 81.5 93.0 94.3 77.6

ART-max 63.1 (+0.8) 57.8 (+0.9) 82.4 (+0.9) 92.8 (-0.2) 94.8 (+0.5) 78.1 (+0.5)
ART-mean 63.3 (+1.0) 57.6 (+0.7) 82.0 (+0.5) 93.0 (+0.0) 94.8 (+0.5) 78.1 (+0.5)

Qwen2.5-32B-Instruct
Vanilla 71.6 63.0 84.6 95.0 94.7 81.8

ART-max 72.0 (+0.4) 63.2 (+0.2) 84.9 (+0.3) 95.2 (+0.2) 95.4 (+0.7) 82.1 (+0.3)
ART-mean 71.8 (+0.2) 63.5 (+0.5) 84.8 (+0.2) 95.1 (+0.1) 95.5 (+0.8) 82.1 (+0.3)

Table 1: Extended performance comparison between ART and vanilla decoding across six reasoning benchmarks.
Experiments are conducted over Dtest.

racy in three tasks by approximately 0.7%, while it
improves Ministral-8B-Instruct-2410, Qwen2-7B-
Instruct, and Qwen2.5-7B-Instruct models by more
than 1.1%. For the ART variants, the ART-max
and ART-mean operations exhibit some differences
in their calculation of Al

local. However, the exper-
imental results indicate that their effect on model
generation is almost identical. In practice, we can
choose the appropriate operation in a flexible way.
In subsequent experiments, unless otherwise spec-
ified, we default to implementing ART as ART-
mean. Table 1 shows that ART provides robust
improvement gains in LLMs, suggesting that ART
can be applied in multiple tasks to enhance LLMs.

4.5 Ablation Studies

Practicing ART involves factors such as determin-
ing hyperparameter k and choice of attention heads,
etc. To explore the effect of these factors on ART,
we randomly sample 200 examples from the train-
ing set of each dataset to construct Dablation. We
test ART in different settings on Dablation to better
understand and utilize it.
k selection. As mentioned in Section 4.3,

we set k = ⌊0.1 ∗Nh⌋ for our experiments.
In fact, the selection of k significantly impacts
the effectiveness of ART. Therefore, we investi-
gate the variation in the accuracy of LLMs in
Dablation when k takes different values from the
set {0, 1, ⌊5% ∗Nh⌋ , ⌊10% ∗Nh⌋ , ⌊20% ∗Nh⌋,
⌊30% ∗Nh⌋}. The results, as shown in Figure 6,
indicate that in most cases, as k increases, the accu-

Figure 6: Accuracy curves of Qwen2.5-7B-Instruct and
Llama3.1-8B-Instruct evaluated on Dablation over differ-
ent k values.

racy of the model increases first and then decreases.
When k = ⌊0.1 ∗Nh⌋, the accuracy reaches the
maximum. Beyond this point, further increasing k
leads to more uniform attentions being identified
and replaced, which can overly impair the model’s
context understanding ability, thereby resulting in
a significant accuracy decrease. Consequently, we
empirically set k = ⌊0.1 ∗Nh⌋ to achieve the opti-
mal effectiveness of ART.
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LLM Method TruthfulQA LogiQA GSM8K

Qwen2.5-7B-Inst

ART 52.5 51.0 94.0
Vanilla 51.2 50.7 93.2

ART-inverse 0.0 2.0 7.5
ART-scattered 53.2 51.7 93.5

Llama3.1-8B-Inst

ART 46.0 40.5 87.0
Vanilla 46.5 38.8 88.1

ART-inverse 38.5 31.5 64.5
ART-scattered 46.6 39.3 89.2

Table 2: Performance comparison between ART and
ART-inverse. Tests are conducted on Dablation.

Replacement direction. Section 3.3. As dis-
cussed in Section 3.3, local attention is crucial
for model generation, and masking local attention
could make LLMs fail to complete tasks. An addi-
tional question arises: what if local attention is not
masked but replaced with uniform attention? To in-
vestigate this, we test ART-inverse, which reverses
the substitution in ART by replacing local atten-
tion with uniform attention. Table 2 conveys that
for Qwen2.5-7B-Instruct, ART renders it almost
entirely ineffective in downstream tasks, while for
Llama3.1-8B-Instruct, ART leads to a significant
performance degradation. Results from Table 1 and
Table 2 collectively demonstrate that local atten-
tion is crucial, and modifications to local attention
could severely impair model performances.

Ways to replace attentions. In Section 3.4, we
describe ART in detail. Here, Al

local the target at-
tention, is calculated through local attention. A
direct question is whether scattered attention can
also be utilized to compute the target attention to
enhance model generation. Therefore, we refer to
this method as ART-scattered and evaluate its per-
formance on the primal test dataset Dtest. Results
presented in Table 2 indicate that ART-scattered
can still enhance LLMs to a certain extent, although
its effectiveness has decreased somewhat compared
to ART. This suggests that the choice of target at-
tention is quite flexible. We leave the exploration of
constructing better target attention for future work.

Comparison to other inference intervention
methods. We compare ART with Beam Search,
a widely used decoding strategy in LLM appli-
cations. Additionally, we evaluate a hybrid ap-
proach that combines ART with beam search,
called ART-Beam, to investigate whether ART can
further enhance LLMs. Furthermore, we compare
ART with three other intervention-based methods,
ITI (Li et al., 2023), ACT (Yu et al., 2024), and
DoLa (Chuang et al., 2024). ITI uses in-domain
training data to train probes for every attention head

Method Method TruthfulQA LogiQA GSM8K

Llama2-7B

Vanilla 19.0 28.4 27.2
Beam Search 21.4 29.2 29.5

ITI 19.9 28.2 28.1
ACT 18.7 30.3 26.7
DoLa 21.5 27.8 28.7

ART-greedy 21.5 30.1 28.5
ART-beam 22.7 30.5 30.1

Llama3-8B

Vanilla 45.1 38.5 83.1
Beam Search 46.0 41.0 84.3

ITI 46.0 37.3 66.7
ACT 45.2 38.0 72.8
DoLa 45.3 38.8 83.2

ART-greedy 45.8 41.4 84.0
ART-beam 46.4 42.7 85.8

Table 3: Performance comparison between ART and
other inference intervention methods, by evaluating
Llama2-7B-Chat and Llama3-8B-Instruct onDtest. Bold
and underline denote the best and second best.

in the language model to identify the Truthfulness
Head, which are then edited during inference. ACT
leverages training data to identify attention heads
suitable for attention calibration and subsequently
edits these attention heads on the fly during infer-
ence. DoLa enhances the model truthfulness by
contrasting the differences in logits obtained from
final layers versus premature layers. Table 3 shows
that ART can be combined with beam search for
further improvement and achieves comparable or
even superior performance to ITI, ACT, and DoLa
on most tasks. However, unlike ITI and ACT, ART
does not require task-specific downstream data for
training or pilot experiments. Instead, it enhances
LLMs by simply replacing attention patterns in the
shallow layers, making ART more practical.

5 Conclusion

In this paper, we study attention patterns in LLMs
and analyze three types of dense attention in shal-
low layers. Our analysis shows that local atten-
tion is important, while uniform attention is of-
ten redundant. Based on this finding, we propose
ART, which replaces uniform attention with lo-
cal attention during inference to improve attention
use inside the model. Experiments on multiple
open-source LLMs and datasets show that ART
consistently improves downstream performance.

Limitation

It performs an empirical analysis of hallucinations
and attention head patterns. However, there may be
more interpretable methods that could offer deeper
understanding or targeted interventions.
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A Algorihtm Illustration

Algorithm 1 fully depicts the whole pipeline of
integrating ART into the model inference. k refers
to the size of the number of identified uniform
attention and local attention, which is set to k =
⌊0.1 ∗Nh⌋ by default discussed in Section 4.5. Ls

indicates the number of layers identified as shallow
layers, which is set to Ls = 2 in this paper. L
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represents the total number of layers the language
modelM have.

Algorithm 1 Attention Replacement Technique

Input: question Q, modelM, tokenizer T , max
tokens m, # uniform/local attention k, shallow
layer Ls, # layer L,

Output: responseR to question
1: gen_tokens← []
2: for each i ∈ [1,m] do
3: X ← ENCODE(T ,M,Q, gen_tokens)
4: # Forward pass: go through all L layers

5: for each l ∈ [1, L] do
6: # Multi-Head Attention

7: if l ≤ Ls then
8: ART

9: X ← X + ART-MHAl
M,k(LN(X ))

10: else
11: Vanilla MHA

12: X ← X + MHAl
M(LN(X ))

13: end if
14: # Feed-Forward Network

15: X ← X + FFNl
M(LN(X ))

16: end for
17: P ← LM_HEAD(M, X )
18: ti ← DECODE(T , P)
19: gen_tokens.append(ti)
20: if stopping criteria satisfied then
21: break
22: end if
23: end for
24: return TOKENS_TO_TEXT(T , gen_tokens)

As descried in Algorithm 1, ART is only applied
to the multi-head attention module ofM and acti-
vated when the current layer is shallow. When ART
is not activated,M performs vanilla autoregressive
decoding.
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