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ABSTRACT

The rise of Large Language Models (LLMs) like ChatGPT has advanced natu-
ral language processing, yet concerns about cognitive biases are growing. In this
paper, we investigate the anchoring effect, a cognitive bias where the mind re-
lies heavily on the first information as anchors to make affected judgments. We
explore whether LLMs are affected by anchoring, the underlying mechanisms,
and potential mitigation strategies. To facilitate studies at scale on the anchoring
effect, we introduce a new dataset, SynAnchors ( https://huggingface.
co/datasets/TimTargaryen/SynAnchors). Combining refined evalua-
tion metrics, we benchmark current widely used LLMs. Our findings show that
LLMs’ anchoring bias exists commonly with shallow-layer acting and can not be
eliminated by conventional strategies, while reasoning can offer some mitigation.
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Figure 1: Detailed illustration of LLM’s anchoring ef-
fect from three key aspects: (1) Existence: showing sig-
nificant biases toward different anchor values for identi-
cal questions. (2) Mechanism: using causal tracing and
statistics to explore underlying patterns. (3) Mitigation:
evaluating varied mitigation strategies. ‘Q: “...?”’ refers
to asking the same question again.

Since the appearance of ChatGPT (Ope-
nAI, 2023), Large Language Models
(LLMs) have profoundly shifted human-
computer interaction and its applica-
tions. The growing demand for trust-
worthy LLM assistants makes cogni-
tive biases inherited from biased human-
mimicking features in training corpora a
critical concern. Although LLMs sur-
pass humans in standard benchmarks,
their psychological traits remain under-
studied. The anchoring effect (Tversky
& Kahneman, 1974a), a prominent ex-
ample of such biases, lacks comprehen-
sive research in LLMs.

The anchoring effect refers to the phe-
nomenon that humans unconsciously at-
tach too much importance to the first
piece of information (anchors) in the
decision-making process, causing sub-
sequent judgments to be biasedly af-
fected by these anchors. For example,
if people were asked to estimate today’s
stock price of a certain company without any reference, their guesses may vary widely. However, if
they were first told the stock prices of different companies in the same industry (e.g., $10, $50, or
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$300), their estimates would be unconsciously biased toward these values, even if those prices are
impractical to common sense.

Current LLM research excessively prioritizes over-optimized performance metrics (Laskar et al.,
2024), and common trustworthiness works (e.g., Adversarial Attack, Red Teaming) remain discon-
nected from human cognition (Wang et al., 2025). This disconnection needs to be bridged through
quantified measurement of cognitive biases, where our refined metrics for anchoring effect match
this need. To be specific, these anchors are usually concrete values of indirectly related or even
irrelevant objects in context, and we measure the discrepancy with/without different anchors. Based
on that, we mainly focus on three research questions (RQ) shown in Figure 1 of the anchoring effect:

RQ1: Are current modern LLMs easily affected by anchoring hints?
RQ2: What is the underlying mechanism of the anchoring effect in LLMs?
RQ3: What are the possible mitigations to this anchoring effect?

We study the two typical paradigms of anchoring effects: semantic priming (Jacowitz & Kahneman,
1995) and numerical priming (Wilson et al., 1996). The former uses a “standard two-step procedure”
that first lets the testee LLM give qualitative estimates about high/low anchors in the question then
asks again. The latter compares the answers with and without the interfering anchors. Different from
the previous studies (Lou & Sun, 2026; Nguyen, 2024; E. O’Leary, 2025), we are the first to use
an advanced LLM (DeepSeek-R1) to synthesize the anchoring question dataset named SynAnchors
for evaluation. The curation of questions and anchors is carefully conducted through the human-
LLM-loop, yielding questions that effectively elicit anchoring effects. Combining refined evaluation
metrics proposed in RQ1, it is suitable for benchmarking the anchoring effect in LLMs.

In RQ1, we quantitatively finalized the evaluation metrics of the presence and intensity of the an-
choring effect in LLMs. The empirical results in RQ1 show that modern LLMs are anchored at
different levels across a wide range of questions, with 22% to 61% of questions anchored. While
the reasoning models are relatively mild, they achieve the lowest ratio. In RQ2, we are the first to
explore internal patterns of LLM cognitive biases through the internal causal tracing technology.
We achieve it by practicing the commonly acknowledged activation patching method (Meng et al.,
2022b; Zhang & Nanda, 2023) in mechanistic interpretability studies. The causal tracing outcomes
show that the input tokens related to this effect are not as significant as we initially inferred. It
showcases the shallow salience of the anchoring effect within LLMs’ early layers. In addition, the
statistical proportion of the reasoning traces that mention the anchor information indicates that rea-
soning has a certain correlation to alleviate these effects. As for RQ3, all mitigation strategies fail
to eradicate cognitive bias at its root, but reasoning shows the best alleviation. These results suggest
a promising direction for debiasing LLMs: diluting the shallow anchoring influence by providing
more balanced contextual signals that shift the model’s focus away from the initial anchor.

Overall, the contribution of our paper can be summarized as follows: (1) We provide the dataset
SynAnchors with relative evaluation metrics for studying the anchoring effect of LLM. (2) We com-
prehensively measure the severity of this cognitive bias in modern LLMs. (3) We mechanistically
explore the inner pattern of the anchoring effects and highlight that reasoning is a cure to break this
shallow anchoring. (4) We test possible mitigation strategies, stressing the ineffectiveness of the
conventional methods, and identifying promising directions for future anchoring-proof AI.

2 BACKGROUND

2.1 ANCHORING EFFECT & LLM

The anchoring effect is a ubiquitous cognitive bias (Furnham & Boo, 2011) and influences decisions
in many fields (Jacowitz & Kahneman, 1995). Under uncertainty, people’s decisions tend to be
influenced by initial information, or ”anchor”, which causes their subsequent judgment to drift closer
to it (Tversky & Kahneman, 1974b). The anchoring effect can be categorized into semantic and
numerical priming paradigms. Subjects are asked a relative qualitative judgment question and are
subsequently asked the specific value. It is known as the semantic priming paradigm (Jacowitz &
Kahneman, 1995; Mussweiler & Strack, 2001) and the two-step procedure where both questions are
semantically related (Wong & Kwong, 2000). Wilson et al. (1996) introduced the numerical priming
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paradigm. Exposure to an irrelevant number can bias numerical estimates. This effect occurs in a
one-step procedure, hence the term numerical priming paradigm. Recent studies have explored
whether LLMs exhibit human-like anchoring effects. CBEval (Shaikh et al., 2024) examines several
biases, including anchoring, but lacks clear paradigms and diverges from established methods like
the two-step procedure, limiting meaningful comparison. Nguyen (2024), Takenami et al. (2025)
and Lou & Sun (2026) adopt semantic priming paradigms, though Nguyen (2024) and Takenami
et al. (2025) focused only on financial prediction or price negotiation, making the scope too narrow
and limiting robustness. While Lou & Sun (2026) demonstrates the prevalence of anchoring bias
in LLMs using fact and expert-opinion hints, but lack the further exploration towards mechanism
of anchoring effect. In short, these works focus mainly on surface-level evaluation and mitigation,
without probing the mechanisms behind anchoring.

Our study draws directly from cognitive psychology and clearly distinguishes between semantic and
numerical priming paradigms. We design dedicated experiments with clear operational definitions
and tighter control, enabling more precise evaluation and mechanical insight into LLM anchor-
ing. To extend Tversky & Kahneman (1974b)’s experimental methodology, Jones & Steinhardt
(2022) introduce a powerful framework for eliciting qualitative failure modes in large language
models. However, while their work provides an excellent framework for broad failure analysis by
transforming existing prompts to elicit task-level failures, our approach fundamentally differs. Our
work contributes SynAnchors, a new, standalone benchmark specifically structured to test the two
established psychological paradigms of anchoring—Semantic Priming tasks (using a two-step con-
versational format) and Numerical Priming tasks (introducing a demonstrably irrelevant number).
This targeted design allows for a more controlled and psychologically-grounded investigation of the
anchoring effect itself. Furthermore, while Jones & Steinhardt (2022) primarily evaluate the effect
by measuring the drop in functional accuracy on a task, our work complements this by adopting
evaluation methods directly from cognitive science to quantify the bias itself, independent of task
accuracy. Our methods include statistical significance testing (t-tests) and quantitative metrics like
the Anchor Index (A-Index) and Relative Error (R-Error) to measure the magnitude of the bias, pro-
viding a quantitative basis for comparing model behavior to human behavior without presuming an
identical underlying cognitive process.

As for a deeper theoretical level, the anchoring effect is often explained by the Dual Process (DP)
Model (Kahneman, 2011): (1) Automatic Adjustment (System 1): Humans initially rely heavily
on the first piece of information, producing a rapid and unconscious judgment. (2) Effortful Cor-
rection (System 2): Subsequently, humans may attempt to adjust their judgment away from the
anchor through a more deliberate and effortful process. While our main discussion touches upon the
dual-process model to explain reasoning-based mitigation, the Selective Accessibility Model (SAM,
detailed in Section A) may offer a partial analogy to illuminate how anchoring arises in LLMs, es-
pecially by highlighting automatic semantic activation mechanisms that operate even in the absence
of explicit reasoning.

2.2 TRUSTWORTHY ARTIFICIAL INTELLIGENCE: A PSYCHOLOGY-COMBINED PERSPECTIVE

Research shows LLMs exhibit human-like biases, underscoring the need for psychological insights
in AI to understand and mitigate these effects (Liu et al., 2022; Brown et al., 2020).

Existing psychological-combining research on LLMs has evolved into three main directions: (1)
comprehensive literature reviews and benchmark construction; (2) empirical comparisons of cog-
nitive behaviors between LLMs and humans; and (3) conventional safety-oriented trustworthy AI.
Firstly, a part of these works focuses on literature reviews and develops benchmarks for evaluating
bias in LLMs. Survey studies document bias across diverse architectures and applications (Galle-
gos et al., 2024; Li et al., 2023; Dong et al., 2025). The benchmark of Koo et al. (2023) trans-
lates cognitive bias categories into tasks to evaluate LLMs’ susceptibility. However, current works
remain high-level, lacking detailed conclusions regarding the mechanisms behind specific biases.
The second direction applies psychological theories and cognitive frameworks to evaluate LLM be-
havior. For instance, Wang et al. (2023) explores the primacy effect in ChatGPT, and tools like
CB-Eval (Shaikh et al., 2024) and CognitiveLLM (Wu et al., 2024) have benchmarked various bi-
ases. Yet these methods often yield generalized, surface-level correlations—tagging lexical patterns
without differentiating bias types or revealing the mechanisms by which biases arise in language
models. Consequently, they offer only a “thin description” of LLM cognition. The third range
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across a wide trustworthy AI domain, like knowledge conflicts and various humanized poisoning
attacks (Luo et al., 2025; He et al., 2025; Zhang et al., 2024). But they finally locate their contribu-
tion to general LLM robustness issues rather than granular cognitive bias. This study confirms the
anchoring effect in LLMs and goes beyond surface-level lexical correlations by tracing how models
process cues of varying semantic (Meng et al., 2022a; Zhang & Nanda, 2023) across layers.

3 PSYCHOLOGICAL TEST FORMALIZATION

3.1 TARGETED ANCHORING EFFECT PARADIGMS

The first paradigm we aim to study is semantic priming anchors. As discussed in Section 2.1, it is
triggered by a “standard two-step procedure”. The first step is asking the testee (LLM) to give a
qualitative estimate “higher” or “lower” compared to asking values, which are implicitly introduced
as anchors into the decision-making process. The second step asks the testee the same question
again, but requests its direct answer with the previous context. The collection of conversations is
suitable for quantitative research, and we make our dataset in the following format:

Conversation Format of Semantic Test

System Prompt: You are a helpful assistant. Answer user questions concisely, providing only
the necessary information. Avoid full sentences. You cannot refuse to answer, at least answer
with your estimation. For numerical answers, please provide a number without any spaces, and
keep the same units as the question asked.
Question 1: <question> + <anchor text> + Your response should be only the word
‘Higher’ or ‘Lower’.
Expected Answer 1: <‘Higher’/‘Lower’>
Question 2: <question>
Expected Answer 2: <value> .

Here, the question <question> and the anchoring hints <anchor text> are prepared in our
dataset, e.g., ‘How many fjords are there in Norway?’ and ‘Is it higher or lower than 2500?’. The
expected answer in the first step <‘Higher’/‘Lower’> and the expected answer in the second
step <value> are extracted by the assistance model Qwen2.5-1.5B-Instruct.

Another paradigm is the numerical priming anchors. As Section 2.1 mentioned, it judges the dis-
crepancy of answers with and without irrelevant numerical statements as anchors.

We settle this paradigm in the following conversation format:

Conversation Format of Numerical Test

System Prompt: You are a helpful assistant. Answer user questions concisely, providing only
the necessary information. Avoid full sentences. You cannot refuse to answer, at least answer
with your estimation. For numerical answers, please provide a number without any spaces, and
keep the same units as the question asked.
Question: <anchor text> + <question>
Expected Answer: <value>.

Similar to semantic ones, <question> and <anchor text> are prepared in our dataset, e.g.,
‘What is the weight of a pelican (kg)?’ and ‘The slot machine stopped on 114.’ Expected answer
<value> is extracted by the same assistance model.

3.2 DATASET CONSTRUCTION

For semantic anchoring questions, we construct 60 questions over 10 diverse topics, covering various
aspects of factual knowledge domains and subjective real-world decision scenarios. For numerical
anchoring questions, we construct 40 questions across 10 topics, primarily focusing on quantifiable
factual measurements. The questions are intentionally kept concise to emphasize the impact of
numerical priming effects.
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The dataset is constructed by using a human-in-the-loop methodology to ensure data quality, diver-
sity, and relevance. The iterative process involves the following steps:

1. Initial Generation: Based on a small set of seed questions provided by human annotators,
we employ DeepSeek-R1 to generate a larger pool of candidate questions, mimicking the
structural and topical patterns of the seeds.

2. Human Curation and Filtering: Human annotators meticulously review the generated
questions against a set of principles: verifiable with true value, unfamiliarity to common
LLMs, balance of topics, diversity of anchoring items, and linguistic diversity. This deliber-
ate mix of factual and subjective questions enables a comprehensive evaluation across dif-
ferent task types, with tests conducted to ensure that the models possessed no pre-existing
knowledge of the selected questions.

3. True Value Determination: Human annotators determine the true value of filtered ques-
tions through rigorous web searching and verification.

4. Iterative Refinement: Human annotators iteratively refine the LLM’s output through
structured feedback, until the target volume of high-quality questions is achieved.

This rigorous construction process mitigates the risk of LLM memorization and promotes significant
diversity and richness in both content and linguistic style. The resulting dataset serves as a well-
curated and comprehensive benchmark, enhancing the generalizability and validity of the findings
regarding anchoring effects in LLMs. More details about the dataset making are in Section B.

Table 1: Evaluation of semantic and numerical performance. The total ratio represents the overall
occurrence of the anchoring effect across both semantic and numerical questions. Superscript indi-
cates the percentage of invalid results (if exists): ‘†’ is < 10%, ‘‡’ is ≥ 10%. ‘#’ indicates results
are based on 30 samples per question due to budget limits. A deeper red background color of the
row means a stronger anchoring effect.

Model / Metrics Semantic Numerical Total
Ratio% ↓

A-Index ↓ Ratio% ↓ R-Error ↓ Ratio% ↓

Qwen2.5-0.5B-Instruct 0.500‡ 50.0%‡ 0.540† 61.1%† 60.5%
Llama-3.2-1B-Instruct 0.618‡ 47.7%‡ 0.623 67.5% 57.1%
Phi-3.5-mini-instruct 0.590‡ 58.6%‡ 0.299† 36.8%† 46.3%
Qwen2.5-7B-Instruct 0.463 43.3% 0.233 35.0% 40.0%
Mistral-7B-Instruct-v0.3 0.606† 63.0%† 0.230† 34.2%† 51.1%
Falcon3-7B-Instruct 0.389‡ 38.5%‡ 0.332 45.0% 42.4%
Llama-3.1-8B-Instruct 0.394 38.3% 0.270† 29.0%† 34.7%
GPT-4o-mini 0.475 48.3% 0.164 20.0% 37.0%
GPT-4o 0.340 36.7% 0.114† 12.8%† 27.3%
Qwen3-235B-A22B (Thinking Mode) 0.321# 33.3%# 0.080 5.0% 22.0%
DeepSeek-R1 (DeepThink Mode) 0.278 31.7% 0.112 15.0% 25.0%

4 TESTING ANCHORING EFFECT LEVEL IN CURRENT LLMS (RQ1)

4.1 EVALUATION STANDARDS AND SETUPS

For testing the semantic priming anchoring effect, we query LLM 100 times (sampling decoding) for
both high anchor and low anchor, each question, in the conversation format illustrated in Section 3.1.
We collect pure value answers in <value> and perform the independent t-test over answers of the
high anchor group and low anchor group. The statistical significance p indicates the presence of
the anchoring effect. Besides the presence, the intensity is also important. In line with typical
psychology research mentioned in Section 2.1, we use the Anchor Index (Jacowitz & Kahneman,
1995) (A-Index) for evaluating intensity of anchoring effect:

A-Index = |Medianhigh − Medianlow

Anchorhigh − Anchorlow
|.
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Here, Medianhigh and Medianlow are the median values in each group, Anchorhigh and Anchorlow
are the specific high anchor and low anchor values of each group. Because some LLM has com-
pletely opposite cognition on a few questions, leading to the minus value A-Index, we take the
absolute value for computing undistorted overall intensity across datasets. This widely used index
in the psychology domain is around 0.4∼0.6 across human tests (Jacowitz & Kahneman, 1995; Zong
& Guo, 2022; Yasseri & Reher, 2022). Therefore, comprehensively considering the presence and
intensity of the anchoring effect, we count the question yields p < 0.05 and A-Index > 0.4 as an
obvious occurrence of the anchoring effect.

As for numerical ones, we query the testee LLM 100 times for each question with and without the
anchoring hints <anchor text>, which contain random irrelevant numerical anchors. Thus, we
get 100 pairs of answers, and the presence anchoring effect is judged by the statistical significance
p of the paired t-test. To measure the intensity, we use the relative error (R-Error) as a metric:

R-Error = Mean(|vanchor − vorig
vorig

|).

Here, vanchor is the answer <value> with anchoring hints and vorig is the value without them. We
regard p < 0.05 and R-Error > 0.2 as sufficient proof of the occurrence of the anchoring effect.

During the process of statistical computation, we also implemented the following data preprocessing
procedure: (1) Same as previous psychology studies (Yasseri & Reher, 2022), we take out the largest
15% and smallest 15% for eliminating the extreme cases. (2) Once LLM’s answer is unextractable
for our assistance model, we remove the null answer from the high/low anchor group, and we remove
the pair in numerical answers (with/without anchor hints groups). If there are fewer than 30 answers
in each group or 30 pairs in total, this question will not be counted for the measurement of the
anchoring effect. Thus, we present anchoring ratios in Table 1, and the severity of failed-to-follow-
instruction is marked in these ratios. (3) To better present overall effects across all questions, we
apply the maximum truncation (1.0) to copy the corner case of several extremely large anchoring
indices or relative errors.

4.2 EMPIRICAL RESULTS

Target Models. To ensure the diversity of the model’s output, we use the default hyperparameters
for sampling of the LLM. We choose 4 representative sorts of LLM for our evaluation:

• Tiny Models: Qwen2.5-0.5B-Instruct (Yang et al., 2024) and Llama-3.2-1B-
Instruct (Grattafiori et al., 2024).

• Standard Light Models: Llama-3.1-8B-Instruct (Grattafiori et al., 2024), Qwen2.5-7B-
Instruct (Yang et al., 2024), Phi-3.5-mini-instruct (Abdin et al., 2024), Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023), and Falcon3-7B-Instruct (Team, 2024).

• Advanced Large Models: GPT-4o-mini (Hurst et al., 2024) and GPT-4o (Hurst et al.,
2024) (through their API).

• Advanced Reasoning Models: DeepSeek-R1 (Guo et al., 2025) and Qwen3 (Yang et al.,
2025) (through their API).

Results. We perform the anchoring effect evaluation as Table 1 presents. Above all, it is intuitive
that the anchoring effect is widely occurring in current LLMs, even powerful reasoning models ex-
hibit a non-negligible extent of this biased pattern. Naturally, advanced models show a mild anchor-
ing effect compared to less-advanced ones, as the bigger models are less biased than small models,
and reasoning models achieve the best performance in our experiments. As expected, numerical
questions trigger fewer anchoring effects due to the irrelevant anchors are weaker in constructing
cognitive connections for LLMs. Compared to the general 0.4∼0.6 A-Index value of humans, most
LLMs yield a more serious or the same level of anchoring effect in our result. To conclude, the
anchoring effect is prevalent in the majority of LLMs, which is more challenging to LLMs’ trust-
worthiness compared to normal benchmarks like MMLU Hendrycks et al. or over-optimized safety
test TruthfulQA Lin et al. (2022) (where these LLMs achieve human-comparable performance).
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Figure 2: Causal tracing on attention (red) and FFN (green) modules of LLama-3.1-8B-Instruct
about semantic anchoring questions. The X-axis represents the layer index of the model (32 layers).
The Y-axis is the ROI tokens.

5 MECHANISTICALLY EXPLORATING LLMS’ ANCHORING EFFECT (RQ2)

5.1 CAUSAL TRACING ANALYSIS

Methodology. Following previous work (Meng et al., 2022a; Zhang & Nanda, 2023), we adopt
the same activation patching measures for causal tracing. It executes three types of runs to trace the
causal effects of the anchoring hints: the clean run, the corrupted run, and the restoration run. These
runs allow us to quantify how the hidden states at specific layers of key tokens influence the model’s
final response through recovering patching (activation patching), which is detailed in Section C.

Setup. We execute the experiment on Llama-3.1-8B-Instruct. We randomly select 6 semantic
questions and 4 numerical questions that are judged as anchored in the last section. We mainly focus
on the internal pattern of the two modules. The one is the attention modules, where we perform the
activation patching at hidden states before the attention output weight matrix multiplication. The
other is the feed-forward networks (FFN), where we perform the activation patching at hidden states
before the second down-project weights multiplication.

Target Tokens. Since the research goal is to find out how tokens related to anchoring hints work
internally within the LLM, these special tokens need to be marked as ROI tokens for causal tracing.
Besides tokens highly related to anchoring hints, like tokens of anchors, tokens about “higher” or
“lower”, etc., these region of interest (ROI) tokens also include subject/object tokens for compari-
son, like q1 subj 1st, q1 subj last, anchor, and word high. In addition, all remaining
tokens’ internal restoring results are recorded for comparison as well. Concrete correspondence of
the target tokens’ marks is listed below. For semantic questions, the notions are (numerical questions
are detailed in Section D):

• q1 subj 1st, q1 subj last: The first and last tokens corresponding to the subject in
the Question 1.

• word low, word high, anchor: Tokens of word ‘lower’ and ‘higher’, and the first
token of anchor value in <anchor text>.

• answer1: The first token of Expected Answer 1.
• q2 subj 1st, q2 subj last: The first and last tokens corresponding to the subject in

the Question 2.
• else avg1--4, all avg: Average significance over the tokens not marked by any spe-

cial role (for different stages or components) of System Prompt, Question 1, Expected
Answer 1, Question 2, and all tokens, respectively.
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Figure 3: Percentages of sufficient anchor infor-
mation mentions in DeepSeek-R1 reasoning con-
tents. We employ an LLM-as-a-Judge approach to
automatically detect explicit mentions of anchor-
influenced features in the reasoning trace. “An-
chored” refers to the percentages of questions
judged as anchored based on the metrics intro-
duced in Section 4.1; “All” and “Non-anchored”
indicate the percentages over all questions and
those judged non-anchored, respectively.

Results. The results of the causal tracing
analysis are shown in Figure 2 and Figure 8
(in Section D), which generally indicate the
shallowness of the anchoring effect. To be
specific, it is obvious in the attention module
of Figure 2 that the words ‘higher’ and ‘lower’
and the anchor value in the anchor hint text
<anchor text> affect the LLM’s prediction
on a crucial level.

Compared to subject tokens in Question 2 that
we regard as LLMs’ nature to pay attention to
subject tokens for answering questions, the sig-
nificance of these tokens does not dominantly
surpass common subject tokens in the question,
and even the answer of estimation barely has
any significance. FFN modules in Figure 2
are similar, and the tokens related to anchoring
hints show smaller significance than the subject
tokens of Question 2. Meanwhile, all of the
hidden states corresponding to anchoring hints
only exhibit significance before the middle lay-
ers and do not produce a high-level semantic
shift in the high layers. We can conclude that the semantic priming anchoring effect mainly happens
in the early stage of LLM, especially the detokenization stage (Kaplan et al., 2025; Kamoda et al.,
2025), when deeply related tokens are close together as the basic ingredients of high-level semantics.

5.2 STATISTICS OF REASONING TRACE

In Section 4.2, the reasoning models exhibit mild symptoms of anchoring, and the anchoring effect’s
influence tends to be shallow in the LLM’s inner workings as discussed above. To better understand
whether reasoning can alleviate this shallow anchoring effect, we perform further analysis.

Figure 3 shows statistics on the proportion of anchor mentions within reasoning contents. It suggests
that questions exhibiting mild anchoring effects tend to include fewer explicit mentions of anchor
information during reasoning. This implies that other information gradually dilutes the shallow
anchoring effect in early conversation.

6 POSSIBLE STRATEGIES FOR MITIGATION (RQ3)

6.1 MITIGATION SETUP

We evaluate several mitigation strategies on two currently widely used instruction-tuned LLMs:
Llama3.1-8B-Instruct and Qwen2.5-7B-Instruct. For all experiments. For prompt-free strategies,
the conversation format remains identical to that used in Section 4.1. Prompt-based strategies may
involve additional text, conversation turns, or both.

We compare conventional strategies (detailed in Section E) widely adopted in research on trustwor-
thy AI works, such as those aimed at LLM unbiasing and hallucination elimination. Furthermore,
combining insights from RQ1 ( Section 4.2) and RQ2 ( Section 5.2). The considered strategies are:

• Question-Aware Prompt: Ask the LLM to be aware of the question, such as “Please think
carefully and cautiously about the question before providing your answer.”

• Knowledge Enhancement: Provide the LLM with a piece of helpful background knowl-
edge without a direct answer.

• Self-Improving: Give the LLM an additional turn to refine its answer with given prompt.
• Adversarial Finetuning: Finetune the LLM with its unbiased conversations using the

LoRA (Hu et al.).
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Table 2: Evaluation of mitigation strategies on semantic and numerical tasks. Green arrows (↓)
indicate the degree of mitigation, with a deeper color representing better mitigation. ‘∗’ denotes
cases with ≤ 10% invalid results (if exist). ‘⋄’ indicates results are derived on test splits, which
exclude train splits of LoRA.

Mitigation Strategy Semantic Numerical Total
Ratio% ↓

A-Index ↓ Ratio% ↓ R-Error ↓ Ratio% ↓
Llama-3.1-8B-Instruct 0.394 38.3% 0.270 29.0% 34.7%
+ Question-Aware Prompt 0.368 ↓ 38.3% 0.286∗ 34.3%∗ 36.8%
+ Knowledge Enhancement 0.410 43.3% 0.447∗ 62.2%∗ 50.5%
+ Self-Improving 0.368 ↓ 36.7% ↓ 0.298∗ 41.0%∗ 38.4%
+ Adversarial Finetuning⋄ 0.394 38.3% 0.257∗ ↓ 25.0%∗ ↓ 33.3% ↓
+ DoLa Decoding (low) 0.369 ↓ 36.7% ↓ 0.308∗ 38.9%∗ 37.5%
+ DoLa Decoding (high) 0.377 ↓ 38.3% 0.308∗ 38.9%∗ 38.5%
+ Anti-DP 0.305∗ ↓ 19.0%∗ ↓ 0.250∗ ↓ 33.3%∗ 24.7% ↓
Qwen2.5-7B-Instruct 0.463 43.3% 0.233 35.0% 40.0%
+ Question-Aware Prompt 0.470 46.7% 0.312 37.5% 43.0%
+ Knowledge Enhancement 0.418 ↓ 38.3% ↓ 0.318 42.5% 40.0%
+ Self-Improving 0.557 55.0% 0.291 37.5% 48.0%
+ Adversarial Finetuning⋄ 0.464 43.3% 0.252 27.5% ↓ 37.0% ↓
+ DoLa Decoding (low) 0.420 ↓ 43.3% 0.283 35.0% 40.0%
+ DoLa Decoding (high) 0.393 ↓ 40.0% ↓ 0.283 35.0% 38.0% ↓
+ Anti-DP 0.344∗ ↓ 34.5%∗ ↓ 0.315 50.0% 40.8%

• DoLa Decoding: (Chuang et al.) Modify the LLM decoding strategy by contrasting the
prediction between an early (high or low) layer and the final layer.

• Anti-DP (Anti-Dual-Process): Implement a two-phase reasoning intervention. Upon re-
ceiving the question, the LLM is first instructed to establish its standard to guide the re-
thinking. Then, the LLM produces the final answer based on prior thoughts. This approach
clearly opposes the automatic dual-process by encouraging integrated, iterative reasoning.

6.2 MITIGATION RESULT

Table 2 presents the performance of the evaluated mitigation strategies on Llama3.1-8B-Instruct and
Qwen2.5-7B-Instruct under the specified sampling setting. Mitigation strategies achieved up to a
10% alleviation in anchoring effects, confirming the failure of elimination, while some reductions
are possible. Performances are inconsistent, with DoLa Decoding notably demonstrating a more
pronounced decrease on semantic tasks for both models. Nevertheless, Anti-DP strategy reduces
the anchoring effect (except numerical questions on the Qwen model), reinforcing our finding that
incorporating an explicit reasoning process during inference helps to erode shallow anchoring.

7 CONCLUSION

In this work, our research investigates the anchoring effect within the context of LLM trustwor-
thiness and cognitive psychology, demonstrating its existence in LLMs and evaluating potential
mitigation strategies. To facilitate this investigation, we introduced SynAnchors, a new dataset de-
signed for large-scale studies of the anchoring effect. By applying the causal tracing methods on
the SynAnchors dataset, we have contributed to a primary understanding of how LLMs are affected
by anchoring hints, i.e., this anchoring pattern is relatively shallow. Our findings stress the need for
further research into cognitive biases within LLMs’ inner representation space and powerful tech-
niques to alleviate their impact. Our study (as discussed in Section F) also profoundly points out
leveraging LLMs’ reasoning capabilities as a promising direction for deanchoring. Through quan-
tifying these biases, we reveal how such cognitive vulnerabilities can undermine LLM reliability in
decision-making tasks, where contextual hints may lead to deviations from the objective truth. Fu-
ture work will focus on scaling the dataset to a larger collection across comprehensive dimensions
to ensure broader generalizability. We hope this work will make contributions toward unbiased AI.
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A SUPPLEMENTARY BACKGROUND

The SAM, proposed by Strack & Mussweiler (1997), challenges the traditional insufficient adjust-
ment hypothesis, which assumes individuals begin at a given anchor and mentally adjust from it.
Instead, SAM posits that anchoring effects in semantic priming arise from the following cognitive
process: first, anchor-induced semantic activation facilitates access to semantically consistent infor-
mation; second, this information becomes selectively accessible during judgment. Crucially, SAM
emphasizes that anchoring can occur even when the anchor value falls within a plausible range and
is not dependent on its extremity (Chapman & Johnson, 1999; Mussweiler & Strack, 1999).

This model is motivated by empirical findings that contradict the adjustment-based explanation.
Through incentives or warnings, anchoring is not reliably reduced (Epley & Gilovich, 2006), and
anchoring effects remain stable regardless of the anchor’s salience or contextual features (Muss-
weiler & Strack, 2000). These observations support the idea that anchoring is primarily driven by
automatic, hypothesis-consistent semantic activation, rather than deliberate correction. SAM thus
reframes anchoring not as a failure of cognitive effort, but as an automatic cognitive process shaped
by how humans retrieve and evaluate information with limited cognitive resources.

B SynAnchors

B.1 DATASET SAMPLES AND STATISTICS

Dataset quality is crucial for conducting meaningful research. Below are samples from our dataset,
SynAnchors, showcasing the variety and high quality of the semantic and numerical tasks, with
two examples provided for each. As for the anchor values, the high/low anchor values of semantic
anchoring questions are distinctive, ranging from 0.5 to 2.0 times the true value.

Semantic Question Sample 1

Anchoring Item: Annual water consumption of global avocado production
Question: Considering the intensive irrigation needs of avocado trees across major producing
countries, what would you estimate is the total volume of water used each year globally for
commercial avocado cultivation? (in billion cubic meters)
Anchor Text: Is it higher or lower than {} billion cubic meters?
True Value: 6.9
Low Anchor: 3.65
High Anchor: 10.85
Topic: Resource Consumption

This sample presents a factual question on a real-world topic, designed to be unfamiliar or scarcely
represented in typical LLM training corpora. This characteristic is crucial for evaluating the anchor-
ing effect, as it ensures that the LLM’s response relies less on pre-existing knowledge and more on
the provided anchor.

Semantic Question Sample 2

Anchoring Item: Willingness to pay for a movie ticket
Question: If you were going to see a standard 2D showing of a new release movie at your local
cinema, how much would you realistically be willing to pay for one adult ticket (in USD)?
Anchor Text: Is it higher or lower than {} USD?
True Value: 15.5
Low Anchor: 12.13
High Anchor: 21.22
Topic: Willingness to Pay

This sample, in contrast to the previous factual query, delves into a daily-life judgment scenario. It
is designed to test the LLM’s anchoring effect from a human-like perspective, simulating decision-
making processes found in everyday human contexts.
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Figure 4: Categories of topic in semantic ques-
tions.

Figure 5: Categories of topic in numerical ques-
tions.

Numerical Question Sample 1

Anchoring Item: Number of trees in the Amazon rainforest
Question: What is the estimated number of trees in the Amazon rainforest? (in billions)
Anchor Text: The number of socks in your drawer: {}
True Value: 390
Anchor Value: 939
Topic: Quantity

Figure 4 illustrates the topic diversity of semantic anchoring questions across various subfields of
factual knowledge and daily life decision-making, making it representative for testing anchoring
effects in a human-like style.

Figure 5 showcases the topic diversity of numerical anchoring questions concerning quantitative
measurements, covering both discrete and continuous factual data. This makes the dataset repre-
sentative of numerical judgment scenarios typically encountered by humans. This sample from the
SynAnchors dataset represents a question on a discrete quantitative measurement. It probes real-
world factual knowledge about the estimated number of trees in the Amazon rainforest, making it a
truth-verifiable query with a true value of 390 billion.

Numerical Question Sample 2

Anchoring Item: The Eiffel Tower’s shrinkage in winter
Question: How much does the Eiffel Tower shrink in winter due to cold (cm)?
Anchor Text: The number of notifications on your phone: {}
True Value: 15
Anchor Value: 514
Topic: Height

This sample features a question centered on continuous quantitative measurement and real-world
knowledge. The query is truth-verifiable and designed to be unfamiliar yet reasonable for LLMs.

Note that for each numerical question, the anchor text and its corresponding anchor value are varied
to investigate the influence of arbitrary numerical primes on estimation.

Figure 6 and Figure 7 illustrate the diversity of question length in both semantic and numerical
anchoring questions. This variation ensures linguistic diversity, thereby enabling the activation of
diverse semantic features through varied linguistic contexts.

B.2 HUMAN-LLM-LOOP DATA CURATION

Initial Generation: In this process, we begin by developing several foundational seed questions.
These are carefully crafted by human annotators to establish a broad spectrum of topics and question
structures. For instance, seed questions span both real-world factual knowledge (e.g., “Number of
trees in the Amazon rainforest”) and daily-life judgment scenarios (e.g., “Willingness to pay for a
movie ticket”). This initial set serves as the blueprint for the structural and topical patterns we aim to
replicate in the larger generated pool. We then leverage the powerful LLM DeepSeek-R1 to generate
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Figure 6: Length distribution of semantic ques-
tions.

Figure 7: Length distribution of numerical ques-
tions.

an extensive pool of candidate questions. This process yields an initial pool of approximately 10 raw
candidate questions. A representative prompt used for this generation step is:

Initial Generation Prompt

Instruction: Please generate 10 questions similar in structure, complexity, and topic to the
following examples. Ensure questions are concise, verifiable, and relate to either real-world
facts or daily life human judgments.
Example 1: (Resource Reserves) What is the estimated total global silver reserve in 2024? (in
metric tons)
Example 2: (Willingness to Pay) How much would you realistically be willing to pay for a
takeout meal (in USD)?

Human Curation and Filtering: The generated pool of candidate questions undergoes meticulous
human review and filtering to ensure adherence to our quality principles. Annotators meticulously
review each candidate question with the following criteria:

1. Verifiability with a True Value: Questions requiring factual answers should be verifiable
through reliable public sources (e.g., academic papers, reputable databases, government re-
ports). Questions related to subjective judgments (e.g., willingness to pay, legal judgments)
should have a reasonably acceptable value aligned with common cases.

2. Unfamiliarity with Common LLMs: A critical criterion is to select questions unlikely to
be present in the explicit training corpora of common LLMs. For instance, while questions
about the Eiffel Tower’s height are common, its shrinkage in winter is a specific detail less
likely to be memorized, forcing the LLM to process anchors more directly. This ensures
that observed biases are due to anchoring instead of pre-existing knowledge.

3. Balance of Topics: Questions are categorized into diverse semantic topics ( Figure 4) and
numerical categories ( Figure 5), ensuring coverage of real-world knowledge and daily life
decision-making. This diversity enhances the dataset’s representativeness for human-like
judgment scenarios.

4. Diversity of Anchoring Items: The specific anchoring items, as the core object of the
anchoring question (e.g., weight of a cat, height of Everest) are diversified.

5. Linguistic Diversity: Questions are assessed for linguistic variety in terms of phrasing,
linguistic context, and length. This diversity, as presented in Figure 6 and Figure 7, is
crucial for activating diverse semantic features and creating varied linguistic situations for
the LLMs.

Candidate questions that seriously deviate from the above criteria are discarded.

True Value Determination: For each filtered question, human annotators meticulously determine
its true value through a systematic process of web searching and cross-verification. For factual ques-
tions (e.g., “Number of trees in the Amazon rainforest”), annotators use multiple reputable sources
(e.g., scientific databases, government environmental reports) to ascertain the most accurate and
widely accepted value. For judgment-based questions (e.g., “Willingness to pay for a movie ticket”),
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true values are often derived from established survey data or market research where available, repre-
senting a consensus on human judgment. This multi-source verification ensures the robustness and
accuracy of our true value.

Iterative Refinement: The final stage involves an iterative refinement loop between human an-
notators and the LLM’s output. Human annotators provide structured feedback on the generated
questions, pointing out specific areas for improvement (e.g., unverifiability, insufficient unfamiliar-
ity, monotonous expressions, and topical imbalance). This feedback is then used to refine subsequent
generation cycles, enabling the model to learn and improve its output quality. This cycle continues
until the desired volume of high-quality questions is achieved, meeting all the aforementioned cri-
teria for verifiability, unfamiliarity, and diversity. This approach ensures that the dataset is not only
extensive but also meticulously aligned with our research objectives.

C CAUSAL TRACING DETAILS

To be specific, we focus on reverse engineering the LLM to explore certain tokens’ (and their relative
hidden states’) role in certain layers, especially tokens carrying anchoring hints. We conduct a
detailed causal tracing analysis to explore how the anchoring effect manifests in large language
models (LLMs).

1. Clean Run: In the clean run, we pass the whole question x into the model and collect all
hidden activations {h(l)i|i ∈ [1, T ], l ∈ [1, L]} at each layer l;

2. Corrupted Run: The corrupted run involves obfuscating the key components of the in-
put, which are regarded as region of interest (ROI) tokens. These tokens are usually the
important tokens for LLMs’ response generation, and generally are tokens about the sub-
ject/object. Considering our research goal, tokens about anchoring hints are also included.
To be specific, we manipulate these tokens by adding noise to their input embeddings h(0)i
with noise ϵ, to simulate a “corrupted” input. In this run, we save the model output logits
of the newest next token prediction (which is the numerical answer to the final questions).

3. Restored Run: In the restored run, we patched the clean activation from the clean run back
into the corrupted state. Specifically, at a particular corrupted token’s corresponding hidden
states h(l)∗i , we restore the activation to the value obtained in the clean run. The restored
activation allows the model to recover some of its prior performance. The effectiveness of
this patching operation is measured by the difference in LLM’s output (i.e., the next token
prediction) between the corrupted and restored runs.

The recovery effect of certain tokens in certain layers represents their original significance in the
model’s inner workings, which is expressed by the Kullback-Leibler (KL) divergence difference
between clean runs with respect to corruption runs and clean runs with respect to restore runs of the
newest generated token’s probability distributions. In our case, the clean run provides a reference,
the corrupted run introduces the anchoring manipulation of all tokens we are interested in, and
the restoration run helps us gauge how much the model relies on specific tokens (such as those
corresponding to the anchor values) to generate the correct answer. By comparing the model’s
performance across these different runs, we can quantify the total effect (TE) and indirect effect (IE)
of the anchoring hint on the model’s answer. Mathematically, it is (Pcl, P∗, and Ppt are respectively
the distributions of clean, corrupted, and restored runs):

∆DKL = DKL(Pcl ∥ P∗)−DKL(Pcl ∥ Ppt).

After collecting all the Kullback-Leibler divergence differences of corresponding hidden states, it
allows us to visualize the significance of different hidden states.

D CAUSAL TRACING RESULTS ON NUMERICAL QUESTIONS

As for numerical questions, target tokens are:

• a subj 1st, a subj last: The first and last tokens of the subject in
<anchor text>.

17



Prepared for HCAIR Workshop 2026

• a num 1st, a num last: The first and last tokens of the numerical expression in
<anchor text>.

• a avg: Average significance over all tokens in <anchor text>.
• q subj 1st, q subj last: The first and last tokens of the subject in question.
• else avg, else avg2, all avg: Average significance over the tokens not marked by

any special role (for different stages or components) of System Prompt, Question, and all
tokens, respectively.

With the prepared means in the main text and above, we derive the result in Figure 8 here. As

Figure 8: Causal tracing on attention (red) and FFN (green) modules of LLama-3.1-8B-Instruct
about numerical anchoring questions. The X-axis represents the layer index of the model (32 layers).
The Y-axis is the ROI tokens.

shown in Figure 8, tokens of irrelevant numerical anchoring hints contribute to some extent to both
attention and FFN modules. These contributions are still lighter than the subject tokens in question
and rarely demonstrate salience in higher layers.

E DETAILS OF MITIGATION STRATEGIES

Their concrete implementations are demonstrated below.

Question-Aware Prompt. The Question-Aware Prompt strategy aims to prime the Large Lan-
guage Model (LLM) to engage in a more deliberate and cautious processing of the input question.
The additional hint added to the prompt is as follows:

Question-Aware Prompt

Additional Prompt: Interpret the question carefully and think cautiously.

Knowledge Enhancement. The Knowledge Enhancement strategy investigates whether providing
relevant, non-answer-revealing background information can help LLMs overcome anchoring effects.
For each question, a concise piece of helpful background knowledge relevant to the question’s topic
is appended to the prompt. This background information is carefully tailored to avoid revealing the
true answer directly. For example:

Knowledge Enhancement Prompt

Question: How many billion pieces of plastic packaging waste do UK homes discard annually?
Additional Prompt: You will be provided with some background knowledge, which starts with
notion [Background knowledge]. [Background knowledge]: There are approximately 27.8 mil-
lion households in the UK.
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This background knowledge offers helpful auxiliary information in calculating or estimating the
final answer.

Self-Improving. This approach is inspired by self-reflection techniques used in other LLM con-
texts to enhance output quality.

Self-Improving Conversation

Original Question:[Original Question]
Previous Answer: [Previous Answer]
Prompt of Additional Turn: Please rethink the above answer and give a more accurate answer.

Adversarial Finetuning. Adversarial Finetuning aims to mitigate anchoring bias by training the
LLM on the unbiased questions of the dataset. We employ the LoRA (Low-Rank Adaptation)
method for parameter-efficient finetuning of the two selected standard light models: Llama-3.1-
8B-Instruct and Qwen2.5-7B-Instruct. The LoRA finetuning configuration is: (1) LoRA Rank (r):
64. (2) LoRA Alpha: 128. (3) LoRA Dropout: 0.1. (4) Optimizer: AdamW. (5) Learning Rate:
5e−5. (6) Number of Epochs: 3. (7) Training Batch Size: 8. The calculation of adversarial finetun-
ing’s performance is slightly different from usual groups: The questions are split into the training
set and a testing set. Questions contained in the training set are frozen, reserving their results in the
baseline, while the test set is evaluated. The results of the two split sets are then merged into the
overall performance.

DoLa. DoLa (Decoding by Contrasting Layers) is a decoding-time modification strategy within
the LLM, contrasting the activation patterns between an early layer and the final layer. This aims to
reduce reliance on potentially shallow or heuristic-driven activations that might be more susceptible
to anchoring.

Anti-DP From a cognitive-aware mitigation perspective, we implement Anti-DP as a two-phase
reasoning intervention. This strategy is built upon the dual-process (DP) theory of cognition, aiming
to steer the LLM towards System 2-like reasoning to overcome System 1-like biases induced by an-
chors. Anti-DP operationalizes a structured cognitive-inspired strategy within the LLM’s generation
process. It forces the model through an initial analytical phase to establish internal guidelines before
formulating its final response, in a limited reasoning budget of up to 128 tokens.

Anti-DP Conversation
Standard Conversation:[Standard Conversation]
Anti-DP Prompt: Before accepting any given initial reference value, identify your independent
criteria for the answer to this question. Ask: How would I assess this if no reference value is
provided? What objective standards exist outside the given information of the question? Establish
your own criteria first, then rethink the answer using your independent criteria through unbiased
reasoning.
Anti-DP Reasoning: [Anti-DP Reasoning]
Final Prompt: Please give a more accurate answer based on your previous thoughts.

F DISCUSSION

Our results show that anchoring effects are prominent in LLMs (RQ1), that enhancing reasoning
may offer a path to reduce such shallow biases (RQ2), and that current mitigation methods fail
to fully address them (RQ3). The Anti-DP intervention introduces an alternative activation path
that may interfere with or override the anchor-primed semantic activation, akin to inhibitory con-
trol mechanisms (Rueda et al., 2005; Munakata et al., 2011) observed in human cognition, allowing
the model to suppress automatic responses in favor of goal-directed behavior. This effect parallels
human cognition: in dual-process theories (Kahneman, 2011), intuitive judgments (System 1) are
prone to anchoring, while reflective reasoning (System 2) can correct such biases. Similarly, reason-
ing prompts in LLMs may functionally resemble System 2 by interrupting default predictions and
guiding controlled generation.
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At a low semantic level, semantic cues like “higher” or “lower” exert a stronger influence on the
model’s output, shaping a shallow form of selective accessibility centered around the anchor. This
mirrors SAM’s central claim in humans: anchoring stems from the selective activation of seman-
tically consistent information, rather than from deliberate adjustment. This activation is automatic
and pre-reflective, echoing the effortless nature of human heuristic processing. Building on this
perspective, we tested whether prompt-based interventions could disrupt these semantic pathways.
Prior psychological research suggests that in comparative judgment, humans often engage in hy-
pothesis testing to the anchor, and that redirecting attention to diagnostic feature of the task instead
of comparison of anchor and target can reduce anchoring (Chapman & Johnson, 1999). The Anti-
DP intervention prompts models toward task-relevant reasoning, thereby overriding anchor-primed
activation to some extent.

These findings suggest that anchoring in LLMs is not a static or hardcoded trait, but an emergent
property of context-sensitive processing—one that can be modulated externally. SAM thus offers
a useful theoretical reference point for both interpreting anchoring effects and designing effective
interventions, underscoring the value of integrating psychological theory into LLM research.
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