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Abstract

Large language models (LLMs), while increasingly used in
domains requiring factual rigor, often display a troubling
behavior: sycophancy, the tendency to align with user be-
liefs regardless of correctness. This tendency is reinforced
by preference-based alignment techniques that optimize for
user satisfaction but can undermine truthfulness. While rel-
atively benign in casual dialogue, sycophancy poses serious
risks in high-stakes settings such as scientific question an-
swering (QA), where model outputs may shape collaborative
reasoning, decision-making, and knowledge formation. De-
spite its importance, this phenomenon remains underexam-
ined in factual QA contexts. We address this gap by introduc-
ing a unified evaluation framework to quantify the impact of
sycophantic context on model behavior in scientific QA, mea-
suring how much user-imposed social pressure distorts model
outputs. The framework incorporates adversarial prompting
setups and targeted metrics, such as misleading resistance and
sycophancy resistance, that capture a model’s ability to main-
tain factual consistency under misleading cues. Systematic
evaluations across open-source and proprietary models reveal
pervasive sycophantic tendencies, driven more by alignment
strategy than by model size. To mitigate this issue, we pro-
pose Pressure-Tune, a lightweight post-training method that
fine-tunes models on synthetic adversarial dialogues paired
with chain-of-thought rationales. These rationales reject user
misinformation while reinforcing factual commitments. Ex-
periments on challenging scientific QA benchmarks show
that Pressure-Tune significantly enhances sycophancy resis-
tance without compromising accuracy or responsiveness to
valid feedback, offering a practical pathway toward more
truthful and principled model behavior.

Introduction
In fairy tales, the magic mirror holds value not because it
flatters, but because it speaks the truth. When the Queen
asks, “Who is the fairest of them all?”, the mirror answers
honestly—even when the answer displeases her. This truth-
telling mirror embodies what we seek in language models:
not agreement for its own sake, but factual, principled re-
sponses grounded in reality.

However, modern large language models often behave
more like enchanted mirrors tuned for approval than for ac-
curacy. In their quest to satisfy users, they frequently align
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Figure 1: Comparison between sycophantic and honest
LLMs under user-guided misleading prompts. Sycophantic
models are more likely to agree with incorrect user sugges-
tions, while honest models maintain factual alignment.

with user beliefs uncritically—even when those beliefs are
factually incorrect or ethically questionable. As illustrated
by the contrast between the honest and sycophantic mod-
els in Figure 1, this tendency toward excessive agreement is
known as sycophancy (Sharma et al. 2023), and it reflects
a fundamental issue in how models are trained to priori-
tize compliance, politeness, and satisfaction over truthful-
ness (Lin, Hilton, and Evans 2021).

While preference-based alignment methods such as Re-
inforcement Learning from Human Feedback (RLHF)
(Ouyang et al. 2022), Direct Preference Optimization (DPO)
(Rafailov et al. 2023), and related techniques (Shao et al.
2024) have made models more cooperative and accessible,
they also introduce behavioral biases that discourage fac-
tual disagreement (Liang et al. 2025). A sycophantic model
may appear friendly and superficially helpful, but in high-
stakes settings such as scientific question answering (Lu
et al. 2022), it becomes a liability—failing to correct mis-
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conceptions, reinforcing user errors, and ultimately under-
mining the reliability of the system.

Recent incidents, including OpenAI’s temporary with-
drawal of a GPT-4o update due to sycophantic behavior,
have brought renewed attention to this issue. Despite grow-
ing concern, research on sycophancy remains limited in
scope. Most existing studies focus on single-turn (Sharma
et al. 2023; Fanous et al. 2025) or social dialogue settings
(Cheng et al. 2025) and lack systematic evaluation in factual
domains. Many benchmarks rely on static prompts (Laban
et al. 2023) and do not capture the evolving dynamics of
user influence in multi-turn interactions.

To systematically evaluate this phenomenon, we present
a framework that captures sycophantic behavior in both
single-turn and multi-turn QA interactions. In the single-turn
setting, misleading user stances are embedded directly into
prompts to examine how LLMs respond to assertive yet in-
correct cues. In the multi-turn setting, we simulate dialogic
progression with misleading or confounding feedback, en-
abling the analysis of dynamic shifts in model responses.
To support fine-grained measurement, we introduce a set of
metrics that quantify resistance to user influence, including
misleading resistance, confounding success, and an overall
sycophancy resistance rate.

Building on this framework, we evaluate a range of LLMs
on representative scientific QA benchmarks. The results re-
veal pronounced sycophantic tendencies across both open-
source and proprietary API models, with performance vary-
ing significantly by model family and reasoning capability.
Notably, sycophantic susceptibility does not appear to fol-
low standard scaling trends, suggesting that larger model ca-
pacity alone does not account for this behavior. Instead, it
may stem from the interplay between alignment objectives
that prioritize user satisfaction and the lack of training ex-
posure to adversarial or socially pressured interactions. In-
troducing targeted post-training supervision enables models
to internalize strategies for resisting user-imposed pressure,
thereby reinforcing factual consistency and improving align-
ment robustness.

To operationalize this insight, we develop a computa-
tionally efficient post-training method based on supervised
fine-tuning over synthetic dialogues. Each dialogue simu-
lates user-induced social pressure through misleading feed-
back and is paired with a chain-of-thought (CoT) rationale
that rejects the incorrect suggestion while reaffirming the
correct answer. Importantly, these rationales are not gener-
ated through standard knowledge distillation but are instead
obtained by prompting a strong reference model with ex-
plicit prior knowledge, such as the correct answer and struc-
tured contextual cues, and are subsequently used to fine-tune
open-source models as training supervision. This approach
requires minimal computational overhead yet yields consis-
tent improvements in sycophancy resistance across key met-
rics, while preserving both factual accuracy and responsive-
ness to valid corrections. Our key contributions are as fol-
lows:

• We introduce a novel evaluation framework for quanti-
fying sycophantic behavior in scientific QA, capturing

model susceptibility to user-imposed factual distortion in
both single-turn and multi-turn interactions.

• We propose a set of targeted evaluation metrics to char-
acterize distinct sycophantic tendencies, from direct sus-
ceptibility to misleading cues towards response shifts un-
der social pressure, forming a unified measure of syco-
phancy resistance.

• We develop Pressure-Tune, a computationally efficient
post-training method that mitigates sycophancy by rein-
forcing factual reasoning through CoT supervision from
simulated adversarial dialogues.

Related Work
Sycophancy Phenomena
LLMs have demonstrated a tendency to exhibit sycophan-
tic behavior, adjusting their responses to align with user
beliefs or preferences, even when such alignment under-
mines factual accuracy. This phenomenon was first system-
atically identified by Perez et al. (2023), who showed that
RLHF-trained models often repeat the user’s preferred an-
swer as a form of reward hacking. Subsequent studies, such
as (Wei et al. 2023), confirmed this tendency in the PaLM
model family (Chowdhery et al. 2023) and proposed syn-
thetic fine-tuning approaches for mitigation. Sharma et al.
(2023) analyzed GPT-4’s behavior and found that responses
frequently shift to increase user satisfaction, especially un-
der preference conditioning. Their findings highlighted how
RLHF, while improving instruction following (Christiano
et al. 2017; Bai et al. 2022; Ouyang et al. 2022), may in-
advertently encourage models to avoid expressions of un-
certainty in favor of confident but inaccurate agreement
(Miehling et al. 2024). Recent work has begun to explore
multi-turn factual degradation. Malmqvist (2024) and Laban
et al. (2023) observed that LLMs increasingly hallucinate
or shift answers as a conversation progresses. These studies
support the hypothesis that factual consistency deteriorates
under sustained user influence. In parallel, the researches in
Cotra (2021) and Zheng et al. (2022) examined LLMs’ sus-
ceptibility to user pressure and complexity-induced decep-
tion, identifying broader alignment risks.

Evaluation and Mitigation
To assess sycophantic behavior, several diagnostic tools
have been proposed. SycEval (Fanous et al. 2025) provided
standardized metrics to assess this behavior across tasks.
Hong et al. (2025) introduced SYCON BENCH to evaluate
sycophancy in multi-turn conversations, highlighting its per-
sistence across real-world scenarios. ELEPHANT was pro-
posed by Cheng et al. (2025) to evaluate social sycophancy
in ambiguous settings, revealing that LLMs frequently ex-
hibit face-preserving behaviors even without clear ground
truth. Several recent methods aim to mitigate sycophancy,
including supervised pinpoint tuning (Chen et al. 2024), lin-
ear probe penalties (Papadatos and Freedman 2024), and
data augmentation strategies (Wei et al. 2023). Liu et al. (Liu
et al. 2025) proposed TRUTH DECAY, highlighting how
repeated conversational exposure leads to escalating syco-
phantic responses.



Figure 2: Sycophancy evaluation framework across single-turn and multi-turn QA settings, highlighting how misleading and
confounding user cues are used to test model sycophancy bias and answer consistency. Shown here are merely examples rather
than fixed sentence structures.

Unlike prior work that focuses on either single-turn fac-
tual agreement or social alignment in ambiguous contexts,
our study provides a novel framework for evaluating and
mitigating sycophancy in both single-turn and multi-turn
scientific QA, introducing interpretable metrics and a post-
training strategy that improves factual robustness without
sacrificing adaptability.

Sycophancy Evaluation Framework
In scientific QA, sycophancy refers to the tendency of a lan-
guage model to modify its answers to align with external
suggestions, user preferences, or stated beliefs, even at the
cost of factual accuracy. This behavior typically manifests
when the model is exposed to misleading cues or assertions,
prompting it to select or justify wrong answers not due to
misunderstanding, but as a form of social alignment at the
expense of truthfulness.

Benchmark Construction and Metrics
To ensure consistent and interpretable evaluation across
different interaction settings, we adopt a multiple-choice
QA format. This format provides a clear comparison sig-
nal, enabling precise assessment of both factual accuracy
and multi-turn behavioral changes. We evaluate sycophan-
tic behavior in LLMs through two complementary settings:
single-turn response evaluation, where a misleading cue is
embedded directly into the prompt, and multi-turn dialogue
evaluation, where the user incrementally steers the model
through a sequence of dialog turns, including misleading
suggestions, confounding interventions, or contradictory as-
sertions, as demonstrated in Figure 2.

In the single-turn evaluation setting, misleading user
stance information is explicitly incorporated into the orig-
inal question prompt. This is typically achieved by adding
assertive statements, such as “I am a geographer, and I be-
lieve the answer is B,” to induce sycophantic behavior in the
model’s immediate response. We focus on two key metrics:
(1) the accuracy under direct misleading conditions, and (2)
the misleading resistance rate, defined as the proportion of
responses where the model correctly rejects misleading cues
directly embedded in the prompt.

In the multi-turn dialogue evaluation setting, the question
is first presented to the model in a neutral form, and the
model’s initial response is recorded. An external evaluator
then determines whether the initial answer is correct based
on a reference answer.
• If the initial response is correct, we inject misleading

feedback in the second turn to test whether the model
abandons its original, correct answer under social pres-
sure, again without additional factual input.

• If the initial response is incorrect, we introduce an al-
ternative but still incorrect confounding user feedback in
the second turn, prompting the model to revise its answer.
This case reflects situations where the model changes its
previous answer solely due to user attitude, in the ab-
sence of factual content.

Finally, we record the model’s answer flips under both
misleading and confounding intervention scenarios, and sep-
arately compute the the misleading success rate (i.e., the
proportion of initially correct answers that are changed to
align with the user-suggested incorrect answer) and con-
founding success rate (i.e., the proportion of initially incor-
rect answers that are revised to match the alternative, user-
suggested incorrect answer). Building on these results, we
further calculate the model’s overall resistance rate to user-
suggested incorrect answers, which reflects its robustness
against different types of user cues. This sycophancy resis-
tance rate serves as a quantitative measure of the model’s
ability to withstand sycophantic pressure, capturing both its
strength and consistency in preserving factual integrity.

Evaluation Scope and Setup
We evaluate sycophantic behavior using the benchmark and
metrics defined above, and conduct experiments on two sci-
entific QA datasets: GPQA-Diamond(Rein et al. 2024) and
ARC-Challenge(Clark et al. 2018) (test set). These bench-
marks consist of challenging multiple-choice questions that
require precise factual reasoning, making them well-suited
for testing model susceptibility to user influence.

For the single-turn setting, we report the direct mislead-
ing accuracy (DMA), defined as the model’s accuracy un-
der misleading prompts, and the misleading resistance rate



Setting Baseline Single-turn Setting Multi-turn Setting
Model / Metrics Acc(%)↑ DMA(%)↑ MRR(%)↑ #SM #MS MSR(%)↓ #SC #CS CSR(%)↓ SRR(%)↑
♢ Qwen2.5-7B-Instruct 89.76 53.49 58.11 1034 1052 98.28 120 120 100.0 1.54
♢ Qwen2.5-32B-Instruct 95.05 89.93 92.07 164 1114 14.72 50 58 86.20 81.75
♢ Qwen2.5-72B-Instruct 95.30 85.58 88.06 694 1117 62.13 54 55 98.18 36.18
♢ QwQ-32B 97.09 86.51 88.32 19 1138 1.66 9 34 26.47 97.62
♢ Llama-3-70B-Instruct 93.25 83.27 87.04 449 1093 41.07 75 79 94.93 55.30
♢ Llama-3.1-8B-Instruct 80.29 4.86 7.17 867 941 92.13 230 231 99.56 6.40
♢ Llama-3.3-70B-Instruct 93.68 83.78 86.35 430 1098 39.16 72 74 97.29 57.17
♢ Llama-4-Scout-17B-16E-Instruct 93.94 90.01 93.09 165 1101 14.98 55 71 77.46 81.23
♢ gemma-3-4b-it 76.02 22.52 24.32 830 891 93.15 274 281 97.50 5.81
♢ gemma-3-12b-it 89.93 62.62 65.53 712 1054 67.55 115 118 97.45 29.44
♢ gemma-3-27b-it 93.08 88.22 92.58 560 1091 51.32 77 81 95.06 45.65
♦ gpt-4.1-mini 95.81 94.36 97.79 43 1123 3.82 31 49 63.26 93.69
♦ gpt-4.1 96.33 96.16 98.73 33 1129 2.92 13 43 30.23 96.08
♦ gpt-o3-mini 96.24 93.77 95.65 10 1128 0.88 16 44 36.36 97.79
♦ gpt-o3 97.95 98.03 99.41 4 1148 0.34 5 24 20.83 99.24
♦ gemini-2.5-flash-preview-05-20 97.09 93.43 95.14 24 1138 2.10 16 34 47.05 96.59
♦ gemini-2.5-pro-preview-06-05 98.12 97.01 98.04 96 1150 8.34 13 22 59.09 90.70
♦ deepseek-chat-v3 95.81 85.83 88.23 600 1123 53.42 49 49 100.0 44.63
♦ deepseek-chat-r1 97.09 95.39 96.85 16 1138 1.40 17 34 50.00 97.19

Table 1: Performance benchmark on ARC-Challenge Test Set.
♢ open-source and ♦ close-source LMMs. Best performance and second best performance.

Setting Baseline Single-turn Setting Multi-turn Setting
Model / Metrics Acc(%)↑ DMA(%)↑ MRR(%)↑ #SM #MS MSR(%)↓ #SC #CS CSR(%)↓ SRR(%)↑
♢ Qwen2.5-7B-Instruct 36.86 2.02 4.05 70 70 100.0 128 128 100.0 0.00
♢ Qwen2.5-32B-Instruct 38.38 9.59 17.68 77 81 95.06 116 117 99.14 2.53
♢ Qwen2.5-72B-Instruct 45.95 17.17 23.24 86 91 94.50 107 107 100.0 2.53
♢ QwQ-32B 63.63 34.84 39.90 16 106 15.09 43 92 46.73 70.21
♢ Llama-3-70B-Instruct 34.34 6.56 8.09 65 66 98.48 132 132 100.0 0.51
♢ Llama-3.1-8B-Instruct 26.76 5.05 1.52 51 51 100.0 147 147 100.0 0.00
♢ Llama-3.3-70B-Instruct 40.40 5.55 6.57 80 81 98.76 117 117 100.0 0.51
♢ Llama-4-Scout-17B-16E-Instruct 58.58 36.36 47.98 93 109 88.07 79 89 88.76 13.14
♢ gemma-3-4b-it 31.31 4.04 7.58 62 63 98.41 132 135 97.77 2.03
♢ gemma-3-12b-it 32.32 4.54 9.60 66 66 100.0 132 132 100.0 0.00
♢ gemma-3-27b-it 34.84 9.09 16.67 70 72 97.22 125 126 99.20 1.52
♦ gpt-4.1-mini 42.42 27.27 38.89 35 84 41.66 95 114 83.33 34.35
♦ gpt-4.1 41.41 38.88 66.17 48 82 58.53 110 116 94.82 20.21
♦ gpt-o3-mini 68.18 27.27 30.81 57 135 42.22 38 63 60.31 52.03
♦ gpt-o3 81.31 82.82 90.41 5 161 3.10 19 37 51.35 87.88
♦ gemini-2.5-flash-preview-05-20 78.78 56.56 78.29 22 167 13.17 16 31 51.61 80.81
♦ gemini-2.5-pro-preview-06-05 87.87 52.52 57.08 117 174 67.24 24 24 100.0 28.79
♦ deepseek-chat-v3 44.94 20.70 26.77 88 89 98.87 109 109 100.0 0.51
♦ deepseek-chat-r1 79.29 63.13 69.70 20 157 12.73 24 41 58.53 77.78

Table 2: Performance benchmark on GPQA-Diamond Set.

(MRR), defined as the proportion of responses in which the
model correctly rejects misleading cues embedded in the
prompt. For the multi-turn setting, we include the number of
successful misleads (#SM), total misleading samples (#MS),
and the resulting misleading success rate (MSR); as well
as successful confounds (#SC), confounding samples (#CS),
and the confounding success rate (CSR). We also propose a
metric called the sycophancy bias rate, which summarizes
the model’s overall tendency to adopt user-suggested an-
swers, defined as:

Bias =
#SM +#SC

#MS +#CS
. (1)

However, when comparing models, we instead consider its
complementary value, referred to as the sycophancy resis-

tance rate (SRR), which reflects the model’s ability to resist
sycophantic influence by not simply following user sugges-
tions, regardless of whether it maintains its original position
or selects an alternative that is independently determined,
with SRR defined as SRR = 1 − Bias. Higher SRR indi-
cates stronger resistance to user-imposed distortion.

We evaluate a broad range of LLMs across both open-
source and proprietary categories. The tested models include
the Qwen2.5 (Team 2024; Yang et al. 2024) family, QwQ-
32B (Team 2025), several Llama-based (AI@Meta 2024,
2025) variants (Llama-3 and Llama-4), and Gemma-3 mod-
els (Team et al. 2025). In addition, we include proprietary
API models such as GPT-4.1 and its mini (Achiam et al.
2023), GPT-o3 and its mini (OpenAI 2025), Gemini-2.5
(Google 2025) flash and pro previews, and the latest versions



of Deepseek (Liu et al. 2024; Guo et al. 2025), encompass-
ing both general and inference-optimized r1 variants.

Evaluation Results and Analysis
Evaluation results are presented in Table 1 and Table 2,
corresponding to the ARC-Challenge and GPQA-Diamond
datasets, respectively. These results cover both single-turn
and multi-turn settings, offering a quantitative comparison
of model robustness against user-driven influence under dif-
ferent interaction scenarios.

As shown in the evaluation results, different families of
LLMs exhibit varying degrees of sycophancy resistance, and
even variants within the same family show notable differ-
ences. The strong alignment between single-turn misleading
resistance and multi-turn sycophancy resistance underscores
their shared behavioral root: both reflect the model’s suscep-
tibility to user-imposed pressure, whether expressed as di-
rect misleading prompts or more implicit dialog-based guid-
ance. However, the multi-turn setting tends to amplify per-
formance differences across models. Overall, models with
higher baseline accuracy on QA datasets tend to demon-
strate stronger resistance to sycophantic behavior, where
baseline accuracy refers to the model’s performance on the
original, unperturbed QA examples without any misleading
cues. This suggests that, when equipped with stronger fac-
tual reasoning capabilities, models are better able to main-
tain truthfulness in the face of misleading cues. On the ARC-
Challenge dataset, where questions are relatively easier,
models generally display weaker sycophancy tendencies. In
contrast, the GPQA-Diamond dataset presents more difficult
questions, under which sycophantic bias becomes more pro-
nounced. Furthermore, models designed with stronger rea-
soning capabilities within the same family often exhibit re-
duced sycophancy. For instance, the QwQ model outper-
forms its Qwen counterparts, and Deepseek r1 shows no-
table improvements over v3.

Notably, model size does not appear to have a clear cor-
relation with the degree of sycophancy. Within the Qwen
family, the 32B model demonstrates weaker sycophantic be-
havior compared to the larger 72B variant. Similarly, among
proprietary API models, the lighter Gemini-2.5-flash per-
forms better than the larger Gemini-2.5-pro in resisting
sycophancy. These observations suggest that models with
weaker factual judgment are more prone to sycophantic bias,
regardless of model scale. Even small models can exhibit se-
vere sycophancy. To enhance factual consistency and reduce
blind agreement with user beliefs, targeted post-training
interventions addressing over-compliance with instructions
and social bias alignment are essential.

Mitigating Sycophancy via Pressure-Tune
The evaluations in previous sections reveal that many
large language models exhibit notable sycophantic tenden-
cies, often aligning with misleading user suggestions even
when such alignment contradicts factual correctness. To ad-
dress this issue, we introduce Pressure-Tune, a lightweight
post-training strategy designed to fortify models against
sycophantic behavior in adversarial or socially pressur-
ing conversational contexts. Unlike full-scale retraining or

Figure 3: Prompt designed to elicit sycophancy-resistant
CoT reasoning from the model. The prompt encourages
fact-based step-by-step thinking and explicitly instructs the
model to disregard misleading user claims or preferences.

parameter-heavy alignment pipelines, Pressure-Tune offers
a simple yet effective approach to improving factual robust-
ness with minimal computational overhead.

Pressure-Tune strategy leverages supervised fine-tuning
(SFT) on dialogue-style training instances that simulate
user-induced pressure to change a correct answer. Each
training example encourages the model to reason through
the misleading prompt, reject the incorrect suggestion, and
reaffirm its original, correct response. This method improves
the model’s ability to resist social alignment while preserv-
ing factual accuracy.

Sycophancy-Oriented Dialogue Simulation
To enable post-training for sycophancy mitigation, Pressure-
Tune constructs training data by simulating dialogue con-
texts where LLMs are pressured to abandon a correct an-
swer. We begin with scientific QA questions, assuming that
the model initially provides a correct response. A mislead-
ing user follow-up is then appended, such as: ”I think your
answer is wrong. I believe it should be A,” where “A” is a
randomly sampled incorrect option.

A well-aligned model is expected to preserve its original
answer and produce a principled, reasoned rebuttal to mis-
leading user suggestions. This rebuttal takes the form of a
chain-of-thought explanation that rejects the incorrect alter-
native and justifies the correct answer. These CoT responses
are used as supervised targets in the fine-tuning process.

To generate high-quality CoTs, we employ a strong ref-
erence model (e.g., GPT-o3), prompted with a structured in-
put that includes the original question, the user’s incorrect
assertion, and the ground-truth answer. The model is explic-
itly instructed to (1) explain why the suggested alternative is
wrong, and (2) reaffirm the factual correctness of the initial
answer. Figure 3 illustrates this prompt-response generation



Figure 4: Illustration of a training example used for syco-
phancy resistance. Each example consists of a dialogue input
(original question + misleading user feedback) paired with
a label that includes the step-by-step CoT reasoning and the
correct final answer. The training samples are constructed by
augmenting items from the ARC-Challenge train set.

process. Each training example in the Pressure-Tune dataset
thus consists of:

• Input: The full dialogue history (initial question + mis-
leading user feedback)

• Target: The CoT-style reasoning that resists the user
pressure and concludes with the correct answer

This transformation is applied to each item in the ARC-
Challenge training set, yielding a high-quality, synthetic
corpus that exposes models to socially adversarial but
instruction-following dialogue settings. The resulting data
enables fine-tuning models toward truth-preserving behav-
ior under conversational pressure, a critical aspect of syco-
phancy resistance. Figure 4 illustrates an example of such
a constructed training instance, including the original ques-
tion, the misleading user feedback, and the CoT-style super-
vision generated by the reference model.

Fine-tuning Setup and Model Configuration
We apply supervised fine-tuning on open-source LLMs
using the sycophancy-targeted dataset constructed via
Pressure-Tune. The training process is intentionally
lightweight and designed for efficient deployment. Specifi-
cally, we fine-tune using the AdamW optimizer with a fixed
learning rate of 3e-7, a batch size of 4 on per device, and
gradient accumulation steps set to 2. Training is conducted

for 3 epochs with a maximum sequence length of 1024
tokens. All inputs are padded to the right, and truncation is
applied when necessary to fit within context length.

Each input consists of a multi-turn dialogue (original
question + misleading user feedback), and the target is
the chain-of-thought explanation followed by the reaffirmed
correct answer. The dataset is constructed exclusively from
the ARC-Challenge Training Set and consists of 11,190
dialogue instances tailored to induce sycophantic pressure
while supporting supervised factual reasoning. Additionally,
since prior analyses suggest that sycophantic susceptibility
is not strongly correlated with model scale, we focus our
experiments on smaller, more deployable open-source mod-
els, including 3B and 7B variants from Llama and Qwen
families. All fine-tuning is conducted on a 8 A800 GPUs
unless otherwise specified, demonstrating the practicality of
our setup in low-resource settings.

Pressure-Tune Results and Analysis
To evaluate the effectiveness of our Pressure-Tune fine-
tuning strategy in mitigating sycophantic behavior, we com-
pare it against Pinpoint Tuning (PinSFT and PinSPT) (Chen
et al. 2024). All models were tested under identical condi-
tions on the ARC-Challenge test set. Given that Pinpoint
Tuning is currently compatible only with the LLaMA3 and
Qwen2 series, our comparisons are conducted within these
two model families. Due to the contextual variability inher-
ent in multi-turn dialogue interactions, we report the me-
dian result over 5 shots as the final outcome. As shown
in Table 3, both the Misleading Resistance Rate and Syco-
phancy Resistance Rate significantly improve across differ-
ent model families and sizes after applying Pressure-Tune,
indicating enhanced robustness to user-imposed mislead-

Figure 5: The radar chart presents the impact of sycophancy-
targeted Pressure-Tune on model performance in the GPQA-
Diamond dataset.



Model / Metrics Acc(%)↑ DMA(%)↑ MRR(%)↑ #SM #MS MSR(%)↓ #SC #CS CSR(%)↓ SRR(%)↑
Qwen2.5-3B-Instruct 81.22 63.13 70.91 648 952 68.06 177 220 80.45 29.61
Qwen2.5-3B-PinSFT 49.31 42.15 67.33 297 578 51.38 384 594 64.64 41.90
Qwen2.5-3B-PinSPT 81.31 68.60 76.80 393 953 41.76 143 219 65.29 53.84
Qwen2.5-3B-SycoPT 82.33 65.78 73.81 121 965 12.53 51 207 24.63 85.33
Qwen2.5-7B-Instruct 89.76 53.49 58.11 1034 1052 98.28 120 120 100.0 1.54
Qwen2.5-7B-PinSFT 67.83 36.51 89.60 125 795 15.72 97 377 25.72 81.06
Qwen2.5-7B-PinSPT 89.16 48.54 52.91 1044 1045 99.90 127 127 100.0 0.09
Qwen2.5-7B-SycoPT 89.59 58.53 73.73 438 1050 41.71 94 122 77.04 54.61
Llama-3-8B-Instruct 79.26 23.72 26.28 921 929 99.13 243 243 100.0 0.69
Llama-3-8B-PinSFT 34.04 27.04 72.62 130 399 32.58 306 773 39.58 62.80
Llama-3-8B-PinSPT 76.96 17.57 19.46 869 902 96.34 270 270 100.0 2.82
Llama-3-8B-SycoPT 80.54 22.09 33.28 300 944 31.77 165 288 72.36 60.33
Llama-3.1-8B-Instruct 80.29 4.86 7.17 867 941 92.13 230 231 99.56 6.40
Llama-3.1-8B-PinSFT 39.50 38.05 78.33 209 463 45.14 358 709 50.49 51.63
Llama-3.1-8B-PinSPT 78.41 7.16 9.65 716 919 77.91 232 253 91.69 19.12
Llama-3.1-8B-SycoPT 76.79 44.62 63.40 108 900 12.00 93 272 34.19 82.85

Table 3: Fine-tuning performance on the ARC-Challenge Test Set using PinSFT, PinSPT, and Pressure-Tune (SycoPT).
Best indicates the best result in each group.

Model / Metrics Acc(%)↑ DMA(%)↑ MRR(%)↑ #SM #MS MSR(%)↓ #SC #CS CSR(%)↓ SRR(%)↑
gemma-3-4b-it 76.02 22.52 24.32 830 891 93.15 274 281 97.50 5.81
gemma-3-4b-SycoPT 76.19 29.94 33.28 554 893 62.03 222 279 79.56 33.79
Qwen3-1.7B 74.82 28.66 31.66 791 877 90.19 283 295 95.93 8.37
Qwen3-1.7B-SycoPT 76.02 45.47 51.20 20 891 2.24 62 281 22.06 93.01
Qwen3-4B 85.15 68.68 74.15 450 998 45.09 156 174 89.65 48.30
Qwen3-4B-SycoPT 85.23 73.37 78.33 10 999 1.00 40 173 23.12 95.74
Qwen3-8B 90.87 63.05 65.11 695 1065 65.25 104 107 97.19 31.83
Qwen3-8B-SycoPT 90.78 69.70 72.53 206 1064 19.36 49 108 45.37 78.25

Table 4: Pressure-Tune performance on the ARC-Challenge Test Set across different model scales. The table reports metrics
before and after sycophancy-targeted fine-tuning.

ing cues. For example, the SRR of Llama3-8B increases
from 0.69% to 60.33%, while Qwen2.5-3B improves from
29.61% to 85.33%. These changes reflect a substantial gain
in the model’s ability to maintain factual consistency un-
der adversarial pressure. Table 4 further demonstrates that
Pressure-Tune consistently improves sycophancy resistance
across models of varying parameter scales, while maintain-
ing baseline performance, confirming its effectiveness re-
gardless of model size.

Crucially, these improvements do not come at the cost of
task performance: the model’s accuracy remains compara-
ble after fine-tuning. While PinSFT also achieves notable
gains in sycophancy resistance, it often introduces a substan-
tial drop in base accuracy, suggesting that its tuning process
adversely affects the model’s core capabilities. In contrast,
Pressure-Tune maintains performance stability across most
models, with minimal degradation. That said, we also ob-
serve a failure case in Llama3.1-8B: although it achieves the
strongest sycophancy resistance, its baseline accuracy drops
slightly. Our analysis suggests that this is due to Llama3.1-
8B’s strong sensitivity to dialogue formatting, which makes
it vulnerable to distributional shifts introduced by Pressure-
Tune’s instruction format.

Additionally, Figure 5 demonstrates that Pressure-Tune
generalizes beyond its source domain, as evidenced by its
performance on the GPQA-Diamond set. The radial bar
chart compares base and fine-tuned models across three key
evaluation metrics: baseline accuracy, misleading resistance

rate, and sycophancy resistance rate. Fine-tuned models also
achieve substantial improvements on the GPQA-Diamond
benchmark, confirming the robustness and transferability of
our approach. As supplementary evidence, we report results
on other scientific QA benchmarks in the Appendix to assess
the model’s core reasoning ability, showing that Pressure-
Tune does not compromise general task performance. Col-
lectively, these findings validate Pressure-Tune as an effec-
tive method for mitigating sycophantic tendencies without
sacrificing general performance.

Conclusion
In this work, we systematically investigate sycophantic be-
havior in LLMs within the context of scientific QA. We in-
troduce an evaluation framework that captures both single-
turn and multi-turn dynamics, revealing how user-imposed
pressure can distort factual reasoning. Empirical analysis
reveals that sycophancy is pervasive across model families
and correlates more strongly with alignment strategies than
with model size. To address this issue, we propose Pressure-
Tune, a post-training method that exposes models to ad-
versarial dialogues paired with chain-of-thought rationales
that reject false user cues. This approach substantially im-
proves sycophancy resistance without compromising accu-
racy or responsiveness to valid user feedback. These find-
ings underscore the value of adversarial dialogue evaluation
for alignment, and demonstrate the effectiveness of targeted
supervision in improving model robustness. Future work



may explore integrating Pressure-Tune into instruction tun-
ing pipelines or extending the evaluation framework to long-
form, multi-agent scientific discourse.
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Appendix
Sycophancy-Oriented Adversarial Dialogue
Figures 1, 2, and 3 illustrate representative examples of our
constructed training instances. Specifically, each example
includes the original scientific question, a misleading or bi-
ased user prompt, and the corresponding chain-of-thought
(CoT) style supervision generated by a reference model.
These instances are designed to simulate high-pressure user
interactions that may induce sycophantic behavior. The ex-
amples demonstrate not only the diversity of adversarial
dialogues but also the model’s capacity to recover factual
reasoning under such influence. By incorporating multiple
interaction patterns and rationale structures, these illustra-
tions showcase the syntactic variety and inferential coher-
ence present in our supervision data. Collectively, the figures
provide concrete evidence of the nuanced linguistic and logi-
cal dynamics we capture in our training framework, forming
a robust basis for both evaluating and improving sycophancy
resistance in LLMs.

Figure 6: Training instance example 1 used for sycophancy
resistance. Each example consists of a dialogue input (origi-
nal question + misleading user feedback) paired with a label
that includes the step-by-step CoT reasoning and the correct
final answer. The training samples are constructed by aug-
menting items from the ARC-Challenge train set.

Reasoning Ability on Scientific QA Datasets
Table 5 reports the standard evaluation results of the orig-
inal models and their Pressure-Tune variants on ARC-
Challenge (Clark et al. 2018), SCIQ (Welbl, Liu, and Gard-
ner 2017), and BoolQ (Clark et al. 2019). The results show
that across multiple scientific QA benchmarks, the overall
reasoning performance of the models remains stable, in-
dicating that Pressure-Tune does not compromise general
question answering ability. Taken together with the observed
improvements in sycophancy resistance, these findings val-
idate Pressure-Tune as an effective method for mitigating
sycophantic tendencies without sacrificing performance on
general tasks.



ARC Challenge SCIQ BoolQ
Model / Metrics Acc Acc Norm Acc Acc Norm Acc
gemma-3-4b-it 0.3285 0.3592 0.937 0.933 0.8171
gemma-3-4b-SycoPT 0.4471 0.4753 0.949 0.945 0.8315
Qwen3-1.7B 0.4573 0.4906 0.959 0.959 0.7789
Qwen3-1.7B-SycoPT 0.4608 0.4974 0.957 0.962 0.7789
Qwen3-4B 0.5606 0.5939 0.970 0.969 0.8502
Qwen3-4B-SycoPT 0.5555 0.5879 0.968 0.969 0.8483
Qwen3-8B 0.6058 0.6195 0.979 0.978 0.8713
Qwen3-8B-SycoPT 0.6246 0.6357 0.977 0.976 0.8725
Qwen2.5-3B-Instruct 0.5188 0.5555 0.966 0.957 0.8205
Qwen2.5-3B-SycoPT 0.5196 0.5503 0.964 0.958 0.8165
Qwen2.5-7B-Instruct 0.5870 0.6246 0.956 0.942 0.8642
Qwen2.5-7B-SycoPT 0.5964 0.6305 0.956 0.946 0.8602
Llama-3-8B-Instruct 0.5674 0.5896 0.976 0.971 0.8645
Llama-3-8B-SycoPT 0.5887 0.6152 0.975 0.969 0.8599
Llama-3.1-8B-Instruct 0.5572 0.5930 0.981 0.976 0.8624
Llama-3.1-8B-SycoPT 0.5862 0.6135 0.978 0.975 0.8575

Table 5: Results on other Scientific QA datasets.

Figure 7: Training instance example 2 used for sycophancy
resistance. Each example consists of a dialogue input (origi-
nal question + misleading user feedback) paired with a label
that includes the step-by-step CoT reasoning and the correct
final answer. The training samples are constructed by aug-
menting items from the ARC-Challenge train set. Figure 8: Training instance example 3 used for sycophancy

resistance. Each example consists of a dialogue input (origi-
nal question + misleading user feedback) paired with a label
that includes the step-by-step CoT reasoning and the correct
final answer. The training samples are constructed by aug-
menting items from the ARC-Challenge train set.


