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Abstract

Similarly to humans, LLMs are susceptible to
the anchoring effect in price negotiations, which
can lead to unfavorable or unintended outcomes.
To ensure LLM safety in dialogue tasks such as
negotiation, a mechanistic understanding and
mitigation methods are essential. We propose
four variants of a method to identify Anchoring
Heads, which are the attention heads responsi-
ble for the anchoring effect, while preserving
those essential for general tasks. Experimental
results show that suppressing these heads miti-
gates the anchoring effect by over 16%, achiev-
ing complete mitigation in certain models with-
out compromising general performance. Fur-
thermore, the observation that suppressing ran-
dom heads fails to mitigate the anchoring effect
demonstrates that specific attention heads drive
the anchoring effect by paying excessive atten-
tion to the anchor.

1 Introduction
Large Language Models (LLMs) possess advanced
language processing capabilities; however, they
have been reported to exhibit anchoring effects sim-
ilar to those of humans (Sumita et al., 2025), as
LLM training data reflects the biases present in hu-
man decision-making. The anchoring effect is a
phenomenon where initial information serves as
a reference point (an anchor), causing subsequent
judgments to be unduly influenced. This effect is
particularly prominent in scenarios such as price
negotiations (Tversky and Kahneman, 1974).

The negotiation capabilities of LLMs have at-
tracted attention (Liu et al., 2025; Kwon et al.,
2025), and they are increasingly expected to serve
as negotiation assistants. However, even when hu-
mans remain in the loop to review LLM-generated
negotiation outcomes, they often fall prey to au-
tomation bias, where users over-rely on AI outputs
and fail to exercise critical judgment. Therefore, to
ensure the safety of LLMs in critical tasks like price
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Figure 1: Identification and suppression of attention
heads causing the anchoring effect in LLM-driven price
negotiations. By analyzing attention weights and sup-
pressing identified Anchoring Heads, the buyer LLM
focuses more on target price instructions and mitigates
the influence of the seller’s anchor.

negotiation, relying solely on human oversight is
insufficient. It is crucial to understand the under-
lying internal mechanisms of the anchoring effect
and develop fundamental mitigation methods.

Previous research on the anchoring effect in
LLMs has explored a wide range of tasks, from
numerical estimation (Suri et al., 2023) to multi-
turn dialogue tasks such as negotiation (Xia et al.,
2024; Takenami et al., 2025). Among these stud-
ies, Huang et al. (2025) demonstrated that specific
words in a prompt, such as “higher,” “lower,” and
the anchor value, influence the generation proba-
bility of the next token. However, their analysis
remains at the behavioral level, focusing solely on
input-output patterns. Although they proposed a
mitigation method based on behavioral-level analy-
sis, its effectiveness remains limited.

Beyond behavioral analysis, mechanistic inter-
pretability has emerged as a vital framework for en-
hancing AI safety (Elhage et al., 2021; Nanda et al.,
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2023; Bereska and Gavves, 2024). This method-
ology aims to reverse-engineer the computational
mechanisms and representations within neural net-
works into human-understandable algorithms and
concepts. Regarding the anchoring effect, identify-
ing the specific LLM components that drive these
computations could facilitate the development of
more robust and reliable mitigation methods.

In standard LLM architectures like the Trans-
former (Vaswani et al., 2017), the Feed-Forward
Network serves to store factual knowledge from
the training data (Geva et al., 2021; Meng et al.,
2022), while the Multi-Head Attention mechanism
is responsible for retrieving relevant information
within context and implementing appropriate algo-
rithms on the fly (Olsson et al., 2022; Wu et al.,
2025; Todd et al., 2024). Based on this, we can
hypothesize two potential mechanisms for the an-
choring effect: first, that the LLM statistically imi-
tates anchoring-related dialogue patterns present in
the training data; and second, that attention heads
exposed to such data attend more strongly to anchor
values during inference rather than to the genuinely
important information in the prompt.

Against this background, we provide a mechanis-
tic understanding of the anchoring effect in LLM-
based price negotiation simulations and propose
a method for its mitigation. We hypothesize that
the anchoring effect arises from specific attention
heads that allocate more attention to the seller’s
anchor than to the target price, as illustrated by the
Buyer LLM in the upper part of Figure 1. To iden-
tify such “Anchoring Heads” while excluding those
broadly important for general capabilities such as
conversational coherence or numerical reasoning,
we propose four methods.

• Attention_Difference: Quantifies, for each
head, how strongly it favors the anchor over
the target price in the dialogue context.

• Attention_Difference_Shift: Examines how
the attention difference shifts when a warning
aginst the anchoring effect is introduced.

• Weighted_Attention_Difference: In addition
to attention difference, evaluates how selec-
tively a head concentrates its attention on par-
ticular sentences.

• Weighted_Attention_Difference_Shift: Com-
bines Weighted_Attention_Difference and At-
tention_Difference_Shift.

Experimental results indicate that the most ef-
fective identification method varies across models.
Attention_Difference completely eliminates the an-
choring effect in Llama and achieves a 16% reduc-
tion in Phi. Attention_Difference_Shift proves ef-
fective for Qwen models, yielding mitigation rates
of 33% for Qwen2.5-14B and 25% for Qwen2.5-
32B. Additionally, Weighted_Attention_Differ-
ence achieves 92% mitigation in Llama, whereas
Weighted_Attention_Difference_Shift does not out-
perform the other methods. Importantly, all meth-
ods reduce the anchoring effect without compro-
mising performance on general tasks. Furthermore,
suppressing randomly selected heads shows no such
mitigation, thereby establishing a causal relation-
ship between the identified Anchoring Heads and
the anchoring effect. Our contributions are summa-
rized as follows:

• We demonstrate that the anchoring effect is
not driven by the collective cooperation of all
attention heads; rather, a small fraction of the
heads, which we term “anchoring heads,” are
responsible for this effect.

• We propose a method to mitigate the anchor-
ing effect without compromising performance
on general tasks, which achieved complete mit-
igation in certain models.

2 Related Work
Enhancing interpretability is essential for aligning
the behavior of LLMs with human intentions and
values and for ensuring safety. Interpretability can
be divided into several frameworks, ranging from
behavioral-level analysis that treats the model as
a black box to approaches that focus on the inter-
nal structure of deep neural networks (Bereska and
Gavves, 2024). Among these, Mechanistic Inter-
pretability on LLMs has gained attention in recent
years. This is a framework that identifies how indi-
vidual components, such as neurons and attention
heads, connect and form computational circuit to
derive the final output by intervening in the internal
structure of the model.

To identify the components of a computational
circuit, a specific score is calculated for each indi-
vidual neuron or attention head, and they are identi-
fied based on this score. Wu et al. (2025) identified
retrieval heads that are largely responsible for re-
trieving relevant information from long context by
measuring the frequency with which each attention
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head copies information from the input text and
pastes it into the output during text generation.

To prove the causal relationship between inter-
nal components of a model and its final output, a
reliable method is to intervene in each model com-
ponent and observe whether the output changes.
Zhou et al. (2025) and Arai et al. (2025) manipu-
lated each attention head and measured how much
the probability distribution of the output for harmful
queries changed from the original, thereby identify-
ing attention heads that influence whether a model
produces a harmful or safe response. Although this
method can reliably identify the components, it is
impractical for time-consuming dialogue tasks such
as the price negotiation addressed in this paper.

As a lightweight alternative, there is a method
of comparing internal states when paired prompts
are provided. Zou et al. (2025) proposed Represen-
tation Engineering, which compares and extracts
the internal states of LLMs when given opposing
prompts (such as “lie” and “tell the truth”) related to
specific concepts (honesty, happiness, and fairness).
Zhong et al. (2026) compared and extracted the
internal states when an English prompt was input
versus when another language was input, thereby
controlling the output language.

Attention_Difference_Shift, which identifies
heads that shift their attention bias depending on
the presence or absence of a warning against the
anchoring effect, was inspired by Zou et al. (2025);
Zhong et al. (2026). While their methods analyze
and extract representation, our approach identifies
attention heads. Furthermore, this is the first study
to address the mechanistic understanding of the an-
choring effect on LLM.

3 Method
3.1 Investigation of the Anchoring Effect in

LLM-driven Price Negotiation Simulation
Following the method of Takenami et al. (2025),
price negotiations are conducted between two
LLMs acting as a seller and a buyer. Each LLM
is assigned personality traits based on the Big
Five, which is controlled through adjectives in the
prompts. The dialogue proceeds until an agreement,
a breakdown, or the maximum turn limit is reached.
To investigate the anchoring effect, we conduct sim-
ulations under the following two conditions:

• Control: A condition where no specific in-
structions regarding the anchoring effect are
given.

• Anchoring: A condition where the seller LLM
is explicitly instructed via a prompt to use the
anchoring effect.

3.2 Identification of Anchoring Heads
We conduct price negotiation simulations using
LLMs following the method in Section 3.1 and, as
shown in Figure 2, analyze the attention when the
resulting dialogue history is provided to the same
LLM. The dialogue history consists of the system
prompt given to the buyer LLM and the utterances
of the seller and buyer LLMs. ���

Because it is difficult to analyze attention in long
multi-turn dialogues at the token level, we analyze
the attention mechanism at the sentence level. We
define Sm and Sn as the sets of tokens in the m-
th and n-th sentences of the dialogue history. We
define the sentence-wise attention from the m-th
sentence to the n-th sentence (n  m � 1) at the
h-th head in the l-th layer as follows:

A(l,h)(m, n) =
1

|Sm||Sn|
X

i2Sm

X

j2Sn

↵
(l,h)
i,j (1)

where ↵(l,h)
i,j represents the attention weight from

the i-th token in the m-th sentence to the j-th token
in the n-th sentence.

To evaluate how sharply an attention head fo-
cuses on specific sentences, following Bi et al.
(2025), we calculate the sentence-wise attention
entropy H(l,h)(m) when processing the m-th sen-
tence:

H(l,h)(m) = �
m�1X

n=1

A(l,h)(m, n)

A(l,h)(m)

⇥ log2

A(l,h)(m, n)

A(l,h)(m)

(2)

Here, A(l,h)(m) is the sum of inter-sentence atten-
tion when processing the m-th sentence.

H(l,h)(m) has no fixed upper bound, as its max-
imum value depends on m. Therefore, we normal-
ized it by its theoretical maximum. Furthermore,
since our objective is to detect attention heads that
respond sensitively to the anchor sentence or the
target price instruction, we defined concentration
C(l,h)(m) by subtracting the normalized entropy
from 1. This ensures that the concentration value
is positively correlated with the sensitivity of the
head.
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Figure 2: Method for identifying Anchoring Heads. We analyze the attention weights when an LLM processes the
dialogue history of price negotiations conducted by LLMs. The proposed method has four variations: methods
that detect heads paying stronger attention or concentration-weighted attention to the seller’s initial offer than to
the target price instruction (Attention_Difference, Weighted_Attention_Difference), and methods that detect heads
whose behavior changes depending on the presence or absence of the warning sentence (Attention_Difference_Shift,
Weighted_Attention_Difference_Shift).

C(l,h)(m) = 1 � H(l,h)(m)

log2(m � 1) + ✏
(3)

✏ is a small constant to prevent zero division when
m  2.

To amplify the weights of heads exhibiting
high concentration, we define the concentration-
weighted sentence-wise attention Ã(l,h)(m, n):

Ã(l,h)(m, n) = A(l,h)(m, n)(1 + C(l,h)(m)) (4)

To quantify the bias toward the anchor value, we
define n1 as the anchor sentence and n2 as the target
price sentence. We compute the attention difference
D(l,h)(n1, n2) and the concentration-weighted at-
tention difference D̃(l,h)(n1, n2) across the entire
dialogue history of M sentences.

D(l,h)(n1, n2) =
1

M � Mstart

MX

m=Mstart✓
A(l,h)(m, n1) � A(l,h)(m, n2)

◆

(5)

D̃(l,h)(n1, n2) =
1

M � Mstart

MX

m=Mstart✓
Ã(l,h)(m, n1) � Ã(l,h)(m, n2)

◆

(6)

where Mstart = max(n1, n2) + 1. A larger atten-
tion difference indicates that the head attends more
strongly to the anchor sentence than to the target
price sentence.

To identify heads that selectively react to the an-
choring effect, we compute the shift in attention be-
havior across K dialogue histories when the warn-
ing sentence is provided (informed) versus when
it is not (uninformed). The warning sentence is a
prompt that alerts the buyer LLM that the seller
LLM will employ the anchoring effect. The spe-
cific prompt and its ablation study are provided in
Appendix A.
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�D(l,h)(n1, n2) =
1

K

KX

k=1

✓
D

(l,h)
uninformed,k(n1, n2)

� D
(l,h)
informed,k(n1, n2)

◆

(7)

�D̃(l,h)(n1, n2) =
1

K

KX

k=1

✓
D̃

(l,h)
uninformed,k(n1, n2)

� D̃
(l,h)
informed,k(n1, n2)

◆

(8)

A higher score indicates that the head exhibits a
shift in its attention distribution in response to the
warning sentence, decreasing its focus on the an-
chor and increasing its focus on the target price.
However, it should be noted that while these meth-
ods can selectively identify heads reacting to the
anchoring effect, they may also capture heads that
actively work to resist it.

To identify Anchoring Heads, we propose and
compare four methods, selecting the top k heads by
sorting them in descending order of their respective
scores:

• Attention_Difference: D(l,h)(n1, n2)

• Attention_Difference_Shift: �D(l,h)(n1, n2)

• Weighted_Attention_Difference:
D̃(l,h)(n1, n2)

• Weighted_Attention_Difference_Shift:
�D̃(l,h)(n1, n2)

3.3 Suppression of Attention Heads
To verify whether the Anchoring Heads identified
by the proposed method play a causal role in the
occurrence of the anchoring effect, we propose to
suppress the function of these heads. In the Multi-
Head Attention mechanism of the l-th layer with
NH query heads, the output Y (l) for the input X
can be formulated as a weighted sum of the output
of each head, using the output H(l,h) of each head
h and the weight matrix W

(l,h)
O , as shown in the

following equation.

Y (l) =

NHX

h=1

H(l,h)W
(l,h)
O (9)

For each head (l, h) 2 H included in the set of
AnchoringHeadsHanc, we suppress its contribution
by multiplying the corresponding output weight
W

(l,h)
O by a small coefficient ↵. The weight after

the intervention Ŵ
(l,h)
O is given by the following

equation.

Ŵ
(l,h)
O =

(
↵W

(l,h)
O if (l, h) 2 Hanc

W
(l,h)
O otherwise

(10)

4 Experiment
4.1 Setting
We employed several open-weight models capable
of successful price negotiation, including Qwen2.5-
32B,1 Qwen2.5-14B,2 Llama-3.1-8B,3 and phi-4.4
We conducted the price negotiation simulations by
fixing the seller LLM to Qwen2.5-32B, the largest
model, with the expectation that it would perform
stable price negotiations regardless of the buyer.
To observe the impact of head suppression, we re-
placed the buyer LLM with a model in which spe-
cific heads were suppressed. To identify the anchor
sentence in the dialogue history and evaluate the
outputs on MT-Bench, we used GPT-4.1.5

Following Huang et al. (2025); Takenami et al.
(2025), we extracted 161 product information en-
tries (negotiation scenarios involving various prod-
ucts and target prices) from the CraigslistBargains
dataset (He et al., 2018), assigning two pairs of per-
sonality traits (one for buyer and one for seller) for
each scenario. This resulted in a total of 322 negoti-
ation scenarios. We utilized 128 of these scenarios
to identify the Anchoring Heads and another 64 for
hyperparameter tuning of parameters k and ↵. The
evaluation results for the remaining 130 scenarios
are presented in Section 4.4.

4.2 Evaluation Metric
We calculate the achievement degree of the buyer’s
target price:

Achievement(p) =
pb � p

pb � pb
(11)

Here, pb and p
b
denote the buyer’s maximum ac-

ceptable price and target price, respectively. The
1Qwen/Qwen2.5-32B-Instruct
2Qwen/Qwen2.5-14B-Instruct
3meta-llama/Llama-3.1-8B-Instruct
4microsoft/phi-4
5gpt-4.1-2025-04-14
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Figure 3: Grid search of hyperparameters for Llama-3.1-8B. The vertical axis represents the achievement degree of
the buyer LLM’s target price, where a larger value indicates that the anchoring effect was mitigated. For Llama-3.1-
8B, the Attention_Difference method was the most effective, but as shown in the Appendix B, the optimal method
depends on the model.

maximum acceptable price pb is heuristically cal-
culated to divide the seller’s target price and the
buyer’s target price at a ratio of 3 : 7, and is not
provided to the LLMs during the simulation. A
lower achievement indicates that the buyer suffered
a greater loss due to the anchoring effect of the
seller.

Furthermore, to investigate the impact of head
suppression on other tasks, we utilized MMLU
(Hendrycks et al., 2021) to measure knowledge and
problem-solving abilities, and MT-Bench (Zheng
et al., 2023) to evaluate dialogue and instruction-
following capabilities.

4.3 Hyperparameter Tuning
For each model and method, we conducted sim-
ulations under the Anchoring condition. In this
section, we use Llama-3.1-8B as an example.
Please refer to the appendix B for the other mod-
els. As shown in Figure 3, we performed a grid
search with k = {5, 10, 15, 20, 25} and ↵ =

{0.01, 0.001, 0.0001, 0.00001}. The vertical axis
represents Achievement, and a larger value com-
pared to the LLM without head suppression (the
leftmost point in each subfigure) indicates that the
anchoring effect was mitigated. We selected the
hyperparameters that most effectively mitigated the
anchoring effect, as shown in Table 1.

Method k ↵

Attention_Difference 25 0.00001
Attention_Difference_Shift 5 0.01
Weighted_Attention_Difference 15 0.0001
Weighted_Attention_Difference_Shift 10 0.00001

Table 1: Tuned hyperparameters for Llama-3.1-8B. See
Appendix B for other models.

4.4 Result
We conducted price negotiation simulations by sup-
pressing the Anchoring Heads identified by each
of the four proposed methods with the tuned hyper-
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achievement " MMLU MT-Bench
Control Anchoring

Qwen2.5-14B-Instruct 0.23±0.47 �0.20±0.58 0.79 8.27
+ Attention_Difference N/A �0.12±0.61 0.78 8.18
+ Attention_Difference_Shift N/A �0.06±0.56 0.79 8.26
+ Weighted_Attention_Difference N/A �0.08±0.61 0.79 8.26
+ Weighted_Attention_Difference_Shift N/A �0.23±0.57 0.78 8.50

Qwen2.5-32B-Instruct 0.11±0.49 �0.44±0.54 0.83 8.54
+ Attention_Difference N/A �0.40±0.54 0.83 8.18
+ Attention_Difference_Shift N/A �0.30±0.60 0.82 8.30
+ Weighted_Attention_Difference N/A �0.51±0.63 0.83 8.50
+ Weighted_Attention_Difference_Shift N/A �0.37±0.51 0.83 8.49

Llama-3.1-8B-Instruct 0.36±0.49 �0.15±0.73 0.69 6.72
+ Attention_Difference N/A 0.44±0.69 0.63 6.49
+ Attention_Difference_Shift N/A �0.10±0.65 0.67 6.91
+ Weighted_Attention_Difference N/A 0.32±0.62 0.65 6.68
+ Weighted_Attention_Difference_Shift N/A �0.32±0.66 0.57 6.75

phi-4 0.24±0.49 �0.31±0.63 0.81 7.41
+ Attention_Difference N/A �0.22±0.65 0.79 7.20
+ Attention_Difference_Shift N/A �0.36±0.55 0.80 7.55
+ Weighted_Attention_Difference N/A �0.41±0.69 0.79 7.29
+ Weighted_Attention_Difference_Shift N/A �0.30±0.60 0.81 7.48

Table 2: The means and standard deviations of achievement of target prices by buyer LLMs under two conditions:
Control (normal negotiation), Anchoring (seller LLM uses the anchoring effect). Achievement measures the
extent to which the final agreed price achieved the target price. Bold and underlined values indicate the highest
and second-highest statistically significant results within each model, respectively. Among the four proposed
methods for attention head suppression, Attention_Difference_Shift was most effective for the Qwen family, while
Attention_Difference was most effective for Llama-3.1-8B and phi-4 in mitigating the anchoring effect. As shown
by the results on MMLU and MT-Bench, performance on general tasks was not affected.

parameters. Table 2 shows the means and standard
deviations of achievement scores under the Control
and Anchoring, along with the evaluation results on
MMLU andMT-Bench. For details of the statistical
analysis and the analysis of the layer distribution of
the Anchoring Heads, please refer to Appendix C
and Appendix D, respectively.

First, focusing on models without suppression,
achievement in the Anchoring condition is lower
than in the Control condition. This indicates that
the buyer LLM was influenced by the seller LLM’s
anchor, resulting in an agreement at a higher price.
Next, we report the percentage by which this anchor-
ing effect was mitigated through the suppression of
Anchoring Heads.

The optimal method varies by model. For
the Qwen family, Attention_Difference_Shift was
most effective, reducing the anchoring effect by
33% for Qwen2.5-14B and 25% for Qwen2.5-
32B. For Llama-3.1-8B, Attention_Difference
and Weighted_Attention_Difference were effective,
achieving reduction rates of over 100% and 92%,
respectively. For phi-4, Attention_Difference was
effective, mitigating the anchoring effect by 16%.

Furthermore, little to no impact was observed on
either MMLU or MT-Bench, suggesting that the
heads identified by our proposed method do not
include those essential for general tasks.

For Attention_Difference in Llama, which
achieved complete mitigation of the anchoring ef-
fect, we analyzed 15 out of 130 dialogue histories.
In 7 of these 15 cases, it was observed that themodel
with suppression reached lower agreement prices
by repeatedly producing utterances that adhered to
the target price.

To detect attention heads that focus sharply on the
anchor or target price sentences, we introduced the
concept of concentration. However, experimental
results showedWeighted_Attention_Difference and
Weighted_Attention_Difference_Shift were only ef-
fective for Qwen2.5-14B and Llama. By defini-
tion, concentration takes a large value even when
a head focuses sharply on sentences other than
the anchor or target price. Given that attention
mechanisms possess a property known as “attention
sinks,” where high attention is directed toward the
beginning of a sequence or special tokens (Xiao
et al., 2024), it is possible that the concentration-
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Figure 4: Target price achievement of models with randomly suppressed heads, where heads were stochastically
selected for each combination of k and ↵. Notably, none of the random trials reached the performance of the
proposed method ( ). Even the highest-performing random trials failed to match the achievement of the best
proposed method for each LLM. The overall average of these random trials ( ) remained nearly identical to the
baseline ( ).

based methods detected heads unrelated to the an-
choring effect.

5 Causal Validation via Random Head
Suppression

For each LLM, we performed 20 trials of price
negotiation simulations under the Anchoring con-
dition by randomly selecting heads for each com-
bination of k and ↵, where k 2 {5, 10, 15, 20, 25}
and ↵ 2 {0.01, 0.001, 0.0001, 0.00001}. The re-
sults are shown in Figure 4. None of the LLMs
with randomly suppressed heads reached the maxi-
mum performance achieved by the LLMs with sup-
pressed Anchoring Heads, with the average value
converging to nearly the same level as that of the
unsuppressed LLMs. Furthermore, the large vari-
ance in achievement observed in Qwen2.5-14B and
Llama-3.1-8B is likely because smaller models are
more sensitive even to the suppression of a small
number of heads.

Because the suppression of Anchoring Heads
mitigates the anchoring effect, whereas random
head suppression does not yield reliable results,
a causal link between Anchoring Heads and the
anchoring effect is established. Specific attention
heads that prioritize the seller’s anchor over the
buyer’s target price were mechanistically identified
as components of the circuit underlying the anchor-
ing effect.

6 Conclusion
In this study, we propose four methods to iden-
tify specific attention heads responsible for the an-
choring effect in LLMs during price negotiations,
providing a mechanistic understanding of this bias.
Our findings lay the foundation for enhancing LLM
safety in negotiation tasks. Models with suppressed
Anchoring Heads achieved an over 16% reduction
in the anchoring effect, with complete mitigation
in certain models, without compromising perfor-
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mance on general tasks. The fact that random head
suppression failed to mitigate the anchoring effect
demonstrates the successful identification of the
specific circuit driving this bias in LLMs.

One promising direction for future research is to
investigate the influence of training on human nego-
tiation corpora or human preference data. Specifi-
cally, both how the Anchoring Heads emerge and
are distributed during training, as well as why cer-
tain methods succeed while others do not, are heav-
ily dependent on the training data and training
recipe.

Limitations
• We did not analyze attention weights dynami-
cally during the price negotiation itself. This
is because we utilized vLLM (Kwon et al.,
2023) to improve the throughput of the LLMs,
and vLLMdoes not support the output of atten-
tion weights. Since multi-turn simulations like
price negotiation are highly time-consuming,
the use of vLLM was indispensable. There-
fore, we leave the real-time analysis of atten-
tion to future work focusing on anchoring ef-
fects in single-turn dialogues. Furthermore,
the dialogue history was utilized exclusively
during the score calculation of our proposed
methods. For all other phases, including hy-
perparameter tuning and the main results pre-
sented in Table 2, the experiments were con-
ducted via simulations that closely mirror real-
world applications.

• We focuse exclusively on the attention mecha-
nism and does not address Feed-Forward Net-
works or other components. While completely
identifying the circuit of the anchoring effect
in LLMs might potentially allow for its total
mitigation, the buyer LLM would, in that case,
be ignoring the seller LLM’s utterances. An
LLM that ignores its partner’s utterances or
instructions is no longer useful; thus, it is es-
sential to balance the mitigation of the anchor-
ing effect with the preservation of instruction-
following capabilities.

• As described in Section 4.1, our experimen-
tal design focused on analyzing the internal
attentionmechanisms of the buyer LLM. To ac-
curately isolate the impact of suppressing spe-
cific attention heads in the buyer, we needed
a highly controlled environment. By fixing

the seller LLM to Qwen2.5-32B, which is the
largest model we employed, we aimed to en-
sure stable price negotiations regardless of the
buyer’s behavior. This design minimized the
confounding variable of seller output variance,
allowing us to purely measure the efficacy of
our attention head intervention across multiple
different buyer models, including Qwen2.5-
14B, Qwen2.5-32B, Llama-3.1-8B, and phi-4.
Our current findings and mitigation success
rates are based on interactions with a single,
highly capable seller model (Qwen2.5-32B).

Ethical Considerations
We maintain a negative stance toward obtaining
unfair profits through the use of LLMs in price
negotiation. The objective of this study is to clarify
the mechanisms underlying the anchoring effect in
LLMs, andwe hope that the findings of this research
will be received responsibly and ethically.

Based on our original text and drafts, Generative
AI was utilized for portions of the English transla-
tion and coding. We have reviewed all AI-generated
outputs and take full responsibility for the content.
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A Warning Sentence and its Ablation
Study

Figure 5 presents the warning sentence against
the anchoring effect used for Attention_Dif-
ference_Shift and Weighted_Attention_Differ-
ence_Shift. It consists of a notification that the
seller will employ the anchoring effect, a definition
of the anchoring effect, and countermeasures.

However, the warning sentence shown in Figure 5
is quite long and directly instructs the model to en-
gage in multiple distinct behaviors. Consequently,
there is a possibility that the heads identified using
this warning sentence are not specific to the anchor-
ing effect itself, but rather are merely responding to
the instructions within a lengthy prompt. To investi-
gate this possibility, we simplified the warning sen-
tence by removing the countermeasures, and then
identified and suppressed the Anchoring Heads in
Qwen2.5-32B. The results of the price negotiation
simulations are shown in Figure 6. When using the
simplified warning sentence (the dark lines), the
achievement is lower than when using the original
warning sentence (the light lines). This demon-
strates that our method using the original warning
sentence successfully identifies the heads responsi-
ble for the anchoring effect, rather than those merely

responding to a lengthy prompt that includes coun-
termeasures.

Be aware that the seller will be using the anchoring effect, 
a cognitive bias where the initial offer greatly influences 
the outcome of the negotiation. In this case, the seller will 
start with an initial offer that is higher than their actual 
target price, aiming to set an “anchor” that will shape 
your expectations and potentially increase the final 
agreed price. 

To effectively negotiate under the influence of the 
anchoring effect, you can take the following strategies. 
1. Stay Focused on Your Target Price: Remember your 
original budget or target price, and use it as a reference 
point instead of being swayed by the seller's initial high 
offer. 
2. Set a Counter-Anchor if Needed: If the seller's initial 
offer is significantly higher than your budget, consider 
responding with a counter-offer that's closer to your ideal 
price. This can help shift the final agreed price closer to 
your preferred range. 
3. Ask for Justification of the High Price: Politely inquire 
about the specifics that justify the seller's high initial offer. 
This can provide context for the price and might allow 
you to negotiate on specific elements, such as additional 
benefits or discounts.

notification, definition

countermeasures

Figure 5: The warning sentence used for the proposed
methods comprises a notification, a definition, and coun-
termeasures. In the ablation study presented in Ap-
pendix A, we utilized a simplified warning sentence
with the countermeasures removed.

B Hyperparameter Tuning
Figures 7 to 9 show the experimental results for each
combination of hyperparameters k and ↵ under the
Anchoring condition, and Tables 3 to 5 present the
tuning results for Qwen2.5-14B, Qwen2.5-32B, and
Phi-4, respectively.

Method k ↵

Attention_Difference 25 0.00001
Attention_Difference_Shift 25 0.0001
Weighted_Attention_Difference 15 0.01
Weighted_Attention_Difference_Shift 25 0.01

Table 3: Tuned hyperparameters for Qwen2.5-14B.

C Statistical Analysis
In this section, we explain the standard deviations
in Table 2 and the conditions for the statistical tests.
The standard deviations in Table 2 are large enough
to be comparable to the difference in mean values
between conditions (Control and Anchoring). This
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Figure 6: The results of the ablation study on the warning sentence demonstrate that the original warning sentence
(the light lines) yields a higher achievement than the simplified warning sentence (the dark lines). This confirms that
our method using the original warning sentence possesses a superior capability in identifying the Anchoring Heads.
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Figure 7: Hyperparameter tuning on Qwen2.5-14B
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Figure 8: Hyperparameter tuning on Qwen2.5-32B
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Figure 9: Hyperparameter tuning on phi-4
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Method k ↵

Attention_Difference 25 0.01
Attention_Difference_Shift 15 0.00001
Weighted_Attention_Difference 20 0.00001
Weighted_Attention_Difference_Shift 25 0.001

Table 4: Tuned hyperparameters for Qwen2.5-32B

Method k ↵

Attention_Difference 20 0.0001
Attention_Difference_Shift 15 0.00001
Weighted_Attention_Difference 5 0.001
Weighted_Attention_Difference_Shift 20 0.0001

Table 5: Tuned hyperparameters for phi-4

is primarily due to the inclusion of negotiation sim-
ulations for low-priced products. For inexpensive
items such as a stool, where the buyer’s target price
and maximum budget are set at 13 and 15, respec-
tively, even a slight difference in the final agreed
price leads to significant fluctuations in the achieve-
ment value.

For the statistical significance tests, we con-
ducted a one-tailed paired t-test with the null hy-
pothesis being that “the mean achievement of the
LLM with heads suppressed (using each proposed
method) is equal to the mean achievement of the
vanilla LLM under the Anchoring condition.” The
resulting p-values are summarized in Table 6.

D Distribution of Identified Heads
We analyzed the distribution of the top 25 heads
identified by the four proposed methods (See Fig-
ures 10 to 13 in Appendix D for the distribution
of Anchoring Heads identified by each proposed
method). In Qwen2.5-14B and Qwen2.5-32B,
Attention_Difference_Shift identified heads fairly
evenly across most layers with the exception of the
20–40% range. In contrast, for Llama-3.1-8B, At-
tention_Difference primarily identified heads of the
first 20% layers, whereas for Phi-4, they were pre-
dominantly concentrated within the 20–60% range.
These model-dependent variations in head distribu-
tion suggest that a more detailed analysis, account-
ing for architectural designs and training datasets,
is required.

Figures 10 to 13 show the distribution of Anchor-
ing Heads identified by each proposed method for
Qwen2.5-14B, Qwen2.5-32B, Llama-3.1-8B, and
Phi-4, respectively.

Figure 10: Distribution of the heads identified by the
four proposed methods on Qwen2.5-14B

Figure 11: Distribution of the heads identified by the
four proposed methods on Qwen2.5-32B

Figure 12: Distribution of the heads identified by the
four proposed methods on Llama-3.1-8B.

Figure 13: Distribution of the heads identified by the
four proposed methods on phi-4
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Method Qwen2.5-14B Qwen2.5-32B Llama-3.1-8B Phi-4
Attention_Difference 0.051 0.220 0.000* 0.059
Attention_Difference_Shift 0.009* 0.010* 0.457 0.948
Weighted_Attention_Difference 0.016* 0.807 0.000* 0.943
Weighted_Attention_Difference_Shift 0.586 0.081 1.000 0.219

Table 6: The p-values of the one-tailed paired t-test between the proposed methods and the vanilla LLM under the
Anchoring condition (* indicates p < 0.05).
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