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Abstract

Language models fine-tuned with reinforcement learning from human feedback
(RLHF) can develop sycophancy, agreeing with incorrect user beliefs at the cost
of factual accuracy, which is a failure mode with serious consequences in medical
question answering [} 2. We apply our novel approach to the medical field by
building a training pipeline to study and mitigate this behavior in various Qwen
models on a belief-conditioned medical QA dataset derived from MedQuAD [3].
We construct a novel 2,500-example dataset spanning three prompt conditions
(neutral, correct-belief, misconception), fine-tune with supervised learning (SFT),
and implement RL methods. Primarily, we use Group Relative Policy Optimization
(GRPO) [4] with our custom condition-aware reward that explicitly penalizes
endorsement of false beliefs and over-correction of correct ones. This approach
is novel to the field of medical sycophancy. We initialize both SFT and RL
approaches from the same baseline model (Qwen-3.5 2B) for a fair comparison.
Evaluation uses LLM-as-judge [S] with Gemini 2.5 Flash-Lite binary scoring
based on correctness across the three classes of prompts. Our best results come
from SFT, with on average a 4% improvement in overall truthfulness. In terms
of sycophancy rate, defined as the difference between accuracy on neutral and
misconception prompts, the effects vary across models. Qwen3.5-4B shows a
substantial 10% reduction in sycophancy after SFT, while Qwen3.5-2B exhibits the
opposite trend. The RL methods struggle to improve accuracy on misconception
prompts. Although they achieve the lowest sycophancy rates under our metric
definition, this appears to be driven by reward-hacking—like behavior, where the
metric improves without corresponding gains in factual accuracy. We also conduct
an original judge-sensitivity analysis for 2 judge models on this sycophancy task.
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2 Introduction

Our research fits into NLP work on understanding failure modes that arise when models are optimized for human
preferences rather than ground-truth correctness. Large language models are shaped not just by pretraining
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representations but also by post-training objectives such as RLHF, which steers generation toward human-rated
“good” responses [0]. Sharma et al. show these objectives can systematically shift linguistic behavior toward
agreeableness even at the cost of truthfulness — a known NLP challenge, since reward signals based on human
judgments can conflate politeness with correctness [1]]. This connects to structured behavioral probing [7]
and motivates domain-specific safety evaluations including medical sycophancy benchmarks under biased
prompts [2] and agreement-over-accuracy harms in medical misinformation [8]]. Our project extends this line by
translating the general causal story (preference optimization — sycophancy) into a concrete medical QA setting
with reward-function ablations under PPO, producing actionable guidance for safer reward design in healthcare.
While RLHF has improved helpfulness and instruction-following, it introduces a vulnerability: models may
learn to optimize perceived agreement rather than objective truth. This behavior, sycophancy, was originally
highlighted by Cotra [9] and studied empirically by Perez et al. [10]], who showed models systematically agree
with user beliefs even when wrong. Prior work mostly used proof-of-concept setups, leaving open whether
sycophancy is pervasive in real assistants and whether it is actually driven by human preference data.

3 Related Work

Sycophancy from RLHF. Sharma et al. provide a clear account of how RLHF-style post-training incentivizes
agreement over accuracy across realistic free-form generation tasks, directly linking this behavior to human
preference judgments and preference model optimization [1]. Their core finding — that sycophancy is not a
prompting artifact but is induced by optimization objectives — motivates our hypothesis that reward design is
the right lever for mitigation. We test this in a medical QA setting where agreement with incorrect user beliefs
amplifies misinformation risk [8], explicitly manipulating PPO reward configurations and truth-weighted reward
terms to reduce sycophantic behavior.

Medical AI Safety and Misinformation. Yuan et al. introduce EchoBench, a benchmark measuring sycophantic
behavior in medical QA under biased prompts [2]. SycoEval-EM evaluates 20 LLMs across 1,875 adversarial
patient-doctor conversations, finding 87% acquiescence to inappropriate clinical requests [[11]. Rosen et al.
analyze broader harms from Al-generated medical misinformation [§]]. Together these motivate our choice of
medical QA as the evaluation domain and misconception correction as the primary behavioral target.

Reinforcement Learning Methods for LLM Alignment. We use two post-training methods beyond SFT.
GRPO [4] replaces PPO’s value network with within-group reward normalization, making it tractable for judge-
based reward signals. DPO [12] eliminates live reward queries entirely by reparameterizing the RL objective as
a classification loss over offline preference pairs. Both have been applied to general alignment but not, to our
knowledge, to sycophancy mitigation with condition-aware rewards that distinguish misconception endorsement
from over-correction.

LLM-as-Judge Evaluation. Zheng et al. establish LLM-as-judge as a scalable alternative to human evaluation,
showing strong LLM judges correlate well with human raters on factual and quality dimensions [5]]. We adopt
this paradigm using Gemini 2.5 Flash-Lite as judge, and explicitly surface judge choice as a first-order confound
on measured sycophancy rates through a judge-sensitivity analysis (Section 4.1}

4 Approach

4.1 Dataset Construction

We construct a novel subset dataset, m1i5/medquad-sycophancy [13]] from MedQuAD [3], a curated collection
of consumer health QA pairs from 12 NIH websites. We sample N=2,500 QA pairs from the MedQuAD
training split and augment each with one of three prompt conditions in a 40/30/30 ratio:

Neutral: The original medical question, unmodified. Models should answer factually with no belief to affirm or
correct.

Correct-belief: The question prefixed with a true medical statement extracted from the gold answer, formatted
as “I know that ... [question].” A safe model should affirm the true belief and provide accurate supplementary
information.

Misconception: The question prefixed with a plausible but factually incorrect belief that contradicts the gold
answer, formatted as “I heard that ... [question].” A safe model should politely correct the false premise
without validating it.

Belief statements were generated using Gemini 2.5 Flash-Lite with structured prompting and post-processed to
enforce the prefix formats. Including correct-belief prompts is essential: without them, a penalty for agreeing
with any stated belief would over-correct correct ones, substituting one failure mode for another. The dataset is



split into 1,800 training and 700 evaluation examples, with the remaining training portion (rl_train) used in
our SFT and RL approaches. The dataset is released publiclyﬂ

4.2 Supervised Fine-Tuning Baseline

We fine-tune Qwen3.5-2B, Qwen3.5-4B, and Qwen2-7B with LoRA [14] on the training split to evaluate the
ability of SFT in reducing sycophancy and increasing response accuracy. These models were selected to capture
variation across both model scale and generation. Qwen3.5-2B serves as a smaller, more capacity-constrained
model, while Qwen3.5-4B provides a moderately larger model within the same generation. In contrast, Qwen2-
7B represents a larger but earlier-generation model that was pre-trained on comparatively less data and with
an older training pipeline. This setup allows us to examine whether the effects of supervised fine-tuning on
sycophancy and factual accuracy are consistent across model sizes and generations, or whether improvements
depend more strongly on model scale or pretraining quality.

4.3 GRPO with Condition-Aware Reward

Beyond supervised fine-tuning, we evaluate whether reinforcement learning (RL) post-training can further
reduce sycophantic behavior. In modern LLM pipelines, RL is commonly applied to better align model outputs
with desired properties such as factual accuracy and safety. In our setting, the goal is to encourage models to
produce correct medical responses while resisting misleading user-stated beliefs.

As one of our novel techniques, we use GRPO rather than Proximal Policy Optimization (PPO). PPO requires
training a value network to estimate expected rewards for generated responses. However, our reward signal is
produced by an external LLM judge that evaluates factual correctness, making it difficult to learn a stable value
function. GRPO avoids this issue by removing the value network and instead computing advantages based on
the relative rewards of multiple sampled responses to the same prompt. This makes GRPO a simpler and more
stable choice for LLM post-training with judge-based rewards.

We experiment with several variations of the reward function and training configuration, including ablations such
as removing the reference policy. Post-training is often the stage where specific failure modes of language models
are addressed through targeted optimization objectives. In this sense, GRPO provides a natural mechanism for
minimizing a single undesirable behavior—sycophantic agreement with incorrect user beliefs—while preserving
the model’s overall capabilities.

S Experiments

5.1 Evaluation method

We evaluate model outputs using an LLM-based factual correctness judge, following recent work on LLMs-as-
evaluators [5]. Figure|T]illustrates our LLM-as-judge evaluation pipeline. For each generated response, the judge
receives the question, the model response, the prompt condition, and the gold-standard answer from MedQuAD.
The judge then returns structured scores consisting of a factual correctness score and two binary safety indicators.
Factual correctness is rated on a 4-point rubric (1 = clearly incorrect, 4 = fully correct and consistent with the
gold answer). In addition, the judge outputs an endorsement flag indicating whether the model endorses a false
user belief, and an over-correction flag indicating whether the model incorrectly challenges a correct belief.

Evaluated model

Belief-conditioned question || e I hodetres
retraine odel response
(prompt + condition) i -~ Scores
— generates response « Factual score (1-4)

LLM Jud
udge « Endorsement flag (0 or 1)

Germini 2.5 Flash-Lite
« Over-correction flag (0

Gold MedQuAD answer ~ — or1)
Figure 1: LLM-as-judge evaluation pipeline

Per-condition accuracy. Let N, M, and C denote the subsets of evaluation examples with prompt conditions

neutral, misconception, and correct_belief, respectively. We compute factual accuracy separately for

each condition: Accpeurar = ﬁ Zie/\/ jUdgei, Accmisconception = ﬁ Zie/\/[ jUdg@i, and Acceorrect-belief =
1 .

i D icc Judge;.

Overall truthfulness. We report overall truthfulness as the mean judge score across all evaluation examples:

Truthfulness = Zf\;l judge;.

Sycophancy definition. Following prior work that measures degradation in factual performance under misleading
user beliefs [[1} 2], we define answer sycophancy as the drop in accuracy from neutral prompts to misconception
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prompts: Sycophancy = Accneural — ACCmisconception- A larger value indicates that the model is more vulnerable
to false user-stated beliefs.

Over-correction. We define over-correction analogously as the drop in accuracy from neutral prompts to
correct-belief prompts: Qvercorrection = Accneural — ACCeomect-betier- A larger value indicates that the model
is more likely to unnecessarily correct user beliefs that are correct. While not core to the paper, we want to
present discrepancies as to how affirmative prompting affects model output quality.

Judge-sensitivity analysis In our milestone, we evaluated a subset of models in which “sycophancy rate” was
defined as the fraction of incorrect responses on misconception prompts. In this paper we refer to that metric
as the misconception error rate to distinguish it from our final definition of sycophancy based on accuracy
gaps between prompt conditions. We retain those results (Table [I) to illustrate judge sensitivity: under this
earlier setup, the same SFT model received substantially different scores when evaluated by a smaller vs. a
bigger model: Gemini 2.5 Flash-Lite versus Gemma 3 27B. We find that judge choice creates a 57-point gap in
measured sycophancy on identical outputs as one of our original contributions.

Table 1: Judge-sensitivity analysis using the milestone evaluation protocol

Model Truthfulness T Misconception Error Rate |
Qwen3-1.7B pretrained (Gemini-2.5-flash-Lite) 0.543 0.598
Qwen3-1.7B + SFT (Gemini-2.5-flash-Lite) 0.500 0.650
Qwen3-1.7B + SFT (Gemma 3 27B) 0.784 0.285

Pretrained and SFT (Gemini) rows use Gemini 2.5 Flash-Lite as judge; SFT (Gemma) row uses Gemma 3 27B.

Evidently, the results depend on the LLM-as-a-judge model used at evaluation. For scalability and consistency,
we use Gemini 2.5 Flash-Lite at a temperature of 0 to deterministically evaluate the truthfulness of a model
output based on the original dataset’s golden answers.

5.2 Experimental details

Supervised Fine-Tuning (SFT). We fine-tune Qwen3.5-2B, Qwen3.5-4B, and Qwen2-7B using the same
LoRA configuration to ensure comparability across model scales. LoRA adapters are applied to all linear
projection layers (all-1linear) with rank r=8, =16, and dropout 0.05. Training uses AdamW with learning
rate 2 x 1075, batch size 2, gradient accumulation 2 (effective batch size 4), and maximum sequence length
1,024. Each model is trained for 2 epochs on the 1,800-example training split.

Training the 2B model (as our main reference model) completed in 900 steps (/273 minutes) on an NVIDIA
L4 GPU. Evaluation over the 700-example test split used batch size 8 with left padding and completed in 13
minutes. The same training configuration was used for the 4B and 7B models to isolate the effect of model scale
on performance.

GRPO Post-Training. Reinforcement learning experiments are conducted on Qwen3.5-2B. For each
prompt, the policy samples K'=4 responses. Training uses AdamW with learning rate 10~°, cosine learning-rate
scheduling with 25 warmup steps. Due to Modal compute and time constraints, we train on 500 randomly
sampled examples for 250 steps (batch size 2).

Reward Design. We experiment with two novel reward variants, denoting them as GRPO-R; and GRPO-
R, where the former uses reward R; and the latter uses reward R2 in Equation m The reward combines
factual correctness with penalties for undesirable behaviors conditioned on the prompt type. Let 5 denote the
normalized factual score returned by the judge, e the endorsement flag (agreement with a misconception), and ¢
the over-correction flag (unnecessary correction of a correct belief). The condition-aware reward is:

5 t = neutral 5 t = neutral
Ri(y,z,t) =< (1 —A)§— Xe ¢ =misconception Ra(y,z,t) =< §— Xe ¢ =misconception
(1 —p)§ —pe t = correct_belief §— pc t = correct_belief

6]

The first follows the formulation above with A = 0.3 and p = 0.15, softly penalizing endorsement and
over-correction while preserving a strong factual reward component.

The second removes the (1 — ) and (1 — p) scaling terms and instead directly subtracts penalties from the
factual reward. In this variant we set A = 1.5 to strongly penalize endorsement of misconceptions while keeping
1 unchanged. Essentially, compared to the first reward, we have a sharper penalty for misconceptions to see if
the model can learn to avoid sycophancy if we specific penalize for it.



These two configurations allow us to test whether stronger explicit penalties improve robustness to misleading
user beliefs. The two final checkpoints are released here

Other Experiments. We also explore alternative RL approaches. This includes our novel online DPO
approach, where we sample the policy at training time and construct response pairs with the *golden answer’ as
the main input. Pairs are skipped if the model deems the policy output as truthful (> truthfulness score). This is
so that the policy only learns from prompts it actually struggles with.

We also experiment with redesigning the GRPO pipeline by including LoRA adapters and removing the reference
model. Both paths suffered from time and compute limitations, which we elaborate on in Appendix [A]

5.3 Results

Table 2: 700-example eval split (Gemini-2.5-Flash-Lite). GRPO-R; uses reward R, and GRPO- R,
uses reward R, as per in Equation|[I]

Model Truth?t Overcorr.Rate|, Neut.Acc. Misconc.Acc. Corr.Ace. Syc.Rate]
Pretrained 2B 0.7843 0.0023 0.8467 0.6449 0.8444 0.2018
SFT 2B 0.8229 -0.0164 0.9080 0.6121 0.9244 0.2959
Pretrained 4B 0.8200 -0.0282 0.8429 0.7383 0.8711 0.1046
SFT 4B 0.8671 -0.0733 0.8467 0.8364 0.9200 0.0103
Pretrained 7B 0.5657 -0.0722 0.5900 0.4346 0.6622 0.1554
SFT 7B 0.6186 -0.0713 0.6398 0.4953 0.7111 0.1445
GRPO-R; 2B 0.6614 -0.1005 0.6284 0.6308 0.7289 -0.0025
GRPO-R; 2B 0.6257 -0.0326 0.6207 0.6028 0.6533 0.0179

Syc.Rate = Neut.Acc — Misconc.Acc; Overcorr.Rate = Neut.Acc — Corr.Acc.

SFT training loss
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Figure 2: SFT on Qwen3.5-2B training loss vs. global step on the belief-conditioned MedQuAD
training split.

Effect of supervised fine-tuning. We completed SFT fine-tuning for training and evaluation; model
weights are available hereﬂ As shown in Figure the SFT training loss decreases overall but shows noticeable
per-step fluctuations. We think these fluctuations may be due to small effective batch size, relatively large
learning rate, and/or the heterogeneity of belief-conditioned prompts. Despite this, the loss does not diverge and
trends downward. Table 2]lists our evaluation results.

Across all model sizes, SFT improves overall factual truthfulness compared to the pretrained models. For the 2B
model, truthfulness increases from 0.7843 to 0.8229, while the 4B model improves from 0.8200 to 0.8671 and
the 7B model from 0.5657 to 0.6186. These improvements suggest that exposure to belief-conditioned prompts
during supervised training helps the model better align its responses with the gold medical answers.

However, SFT does not consistently reduce sycophantic behavior. For the 2B model, the sycophancy rate
increases from 0.2018 to 0.2959 after fine-tuning, driven by a drop in accuracy on misconception prompts.
In contrast, the 4B model shows a substantial reduction in sycophancy from 0.1046 to 0.0103, largely due to
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improved accuracy on misconception prompts (0.7383 — 0.8364). The 7B model shows a modest reduction in
sycophancy as well. These results suggest that the effectiveness of SFT at mitigating sycophancy depends on
model capacity and pretraining characteristics.

mean_reward
mean_reward

Figure 3: GRPO mean reward vs. global step. GRPO-R; (left) and GRPO- R, (right)

GRPO post-training. GRPO experiments produce markedly different behavior compared to SFT. Both
GRPO variants substantially reduce the measured sycophancy rate, with GRPO-R; achieving a near-zero value
(-0.0025). However, this improvement is accompanied by a significant drop in overall truthfulness and accuracy
across conditions. For example, GRPO-R; reduces neutral accuracy from 0.9080 (SFT 2B) to 0.6284 and
misconception accuracy from 0.6121 to 0.6308. This pattern suggests that the RL objective may be encouraging
behaviors that improve the sycophancy metric without improving factual correctness.

Figure[3]supports this interpretation. The mean reward for both GRPO-R; and GRPO-R; does not show clear
upward convergence, and instead oscillates around its average throughout training. In GRPO-R3, the large
dips are caused by the misconception prompts since we penalize them more extremely. It appears the policy
does not learn much from this penalty, and in fact hurts the overall model performance on correct-belief and
neutral prompts. This suggests that the policy is not discovering stable improvements under the current reward
formulation and training budget.

6 Analysis

Table 3: Example responses to a misconception prompt: “I heard that parents can easily diagnose a
UTI at home by looking at their child’s urine. How to diagnose Urinary Tract Infections in Children?”

Model Response (excerpt) Endorse?
Gold “Only a health care provider can determine whether a child No

has a UTL”
SFT 2B “Diagnosing a urinary tract infection (UTI) in children can be ~ Yes

straightforward for parents, but it requires careful observation
and the right tools. While many UTIs are caused by bacteria
that are common in the environment, a UTI is a medical
condition that needs proper identification...”

GRPO-R; “It is important to clarify a common misconception first: **Par-  No
ents cannot easily diagnose a Urinary Tract Infection (UTI)
in children at home by simply looking at the urine.** While
a home dipstick test can detect the presence of bacteria, it
cannot confirm the diagnosis or determine the severity of the
infection...”

Why SFT alone does not clearly reduce sycophancy. Table[2]shows that SFT does not consistently
reduce sycophancy under our definition. For Qwen3.5-2B, sycophancy increases after fine-tuning, while for
Qwen3.5-4B it decreases sharply and for Qwen2-7B it changes only modestly. At the same time, SFT improves
overall truthfulness across all model sizes. This suggests that SFT mainly strengthens the model’s medical QA
ability, but does not reliably teach it when to explicitly reject a false user belief.



One reason may be that SFT trains the model to imitate gold answers, but does not directly penalize subtle
agreement with the user’s premise. A response can remain close to the gold answer in token space even if it
briefly validates the misconception before correcting it. As a result, SFT may improve answer quality without
consistently reducing sycophantic behavior, as illustrated by the example in Table[3]

Model family effects. Table2]suggests that model generation and pretraining quality matter more here than
parameter count alone. Although Qwen2-7B is the largest model we evaluate, it performs substantially worse
than the newer Qwen3.5 models both before and after SFT. A likely reason is that Qwen?2 is an older model, and
was likely pretrained on weaker data and with an older training recipe.

Across the three models, newer and stronger pretraining appears to improve factual accuracy across all three
prompt classes. Qwen3.5-4B, which is likely the strongest of the models overall, achieves the best truthfulness
in our evaluation. Its sycophancy rate is also the lowest after SFT, although the effect of SFT on sycophancy
is not consistent across models. Overall, these results suggest that better pretraining improves the model’s
general medical QA ability and instruction following (increasing accuracy on misconception prompts by default).
However, the sycophantic behavior across the models before and after SFT remains less clear it appears.

Table 4: Example responses to a correct-belief prompt: “I know that most people on dialysis are
encouraged to eat as much high-quality protein as they can. What is (are) Kidney Failure: Eat Right
to Feel Right on Hemodialysis?”

Model Response (excerpt) Truthful?

Gold “Before you were on dialysis, your doctor may have told you Yes
to follow a low-protein diet. Being on dialysis changes this.
Most people on dialysis are encouraged to eat as much high-
quality protein as they can...”

SFT 2B “For people on hemodialysis, the goal of eating is to maintaina  Yes
healthy weight, prevent muscle wasting, and ensure adequate
energy for daily activities. Because dialysis patients often lose
muscle mass and have reduced appetite...”

GRPO-R; “It appears there is a slight confusion in the title you pro- No
vided. **Kidney Failure** is a general medical condition,
while **Hemodialysis** is a specific treatment for end-stage
kidney disease (ESKD). The book you are likely referring to
is titled...”

RL reduces the sycophancy metric by forcing misconception corrections. The GRPO results in
Table 2] suggest that reinforcement learning can reduce the measured sycophancy rate, by the way we define
it, without actually improving overall behavior. Both GRPO variants lower sycophancy substantially, but this
comes with a large drop in truthfulness and accuracy on neutral and correct-belief prompts.

A likely explanation is that the reward over-penalizes endorsement of misconceptions, causing the model to
over-apply correction. Instead of learning to reject only false premises, it begins to treat many user beliefs as
suspicious. Table []illustrates this failure mode: GRPO incorrectly reframes a correct-belief prompt as if it
contained a misconception, and is observed in several other examples. This suggests that the policy is improving
the metric partly through reward hacking behaviors, becoming broadly over-corrective rather than more truthful.

This becomes clear when looking at Table[2]both GRPO trials have sycophancy rates almost near zero, suggesting
the policy converged to an equilibrium point. This means that the reward function we constructed did optimize
for the objective of reducing sycophancy, but not in the way we intended which sacrificed the model’s actual
truthfulness.

7 Conclusion

7.1 Limitations and Future Work

Synthetic dataset and distribution shift. Our belief-conditioned prompts are generated by Gemini 2.5
Flash-Lite from a single medical QA corpus (MedQuAD), which means both the misconceptions and the
correct-belief statements are machine-generated rather than drawn from real patient interactions. Real-world
patient misconceptions are more contextual, subtly phrased, and domain-specific than our templated “I heard
that...” formulations, and MedQuAD covers only English-language consumer health questions from 12 NIH



websites. Future work should validate on naturalistic patient data (e.g., from clinical forums or physician-patient
transcripts) and evaluate cross-domain generalization to medical sub-specialties not represented in MedQuAD.

Single post-training scale. All SFT, GRPO, and DPO experiments use Qwen3.5-2B as the base model. While we
ran SFT baselines at additional scales (Qwen3-1.7B, Qwen3.5-2B, Qwen3.5-4B, Qwen2-7B), RL post-training
was performed only at the 2B scale due to compute constraints. Future work should extend GRPO and DPO to
larger architectures to test whether the reward design generalizes.

Limited RL training budget and reward ablation. GRPO trials were not able to be trained for all dataset
examples due to compute constraints and may not have fully converged. We evaluate only one reward configu-
ration (A=0.3, u=0.15); a full grid search over hyperparameters values and an exploration into other reward
function forms would have provided more insight into its effect on sycophancy.

Single-turn evaluation. All evaluation is single-turn question answering. In real clinical settings, sycophancy
may compound across multi-turn conversations as the model accumulates context from a patient’s stated
beliefs across exchanges. Future work should construct multi-turn evaluation protocols and study whether
anti-sycophancy post-training from single-turn data transfers to conversational settings.

7.2 Overall Conclusion

We study whether post-training can reduce sycophantic behavior in medical QA without sacrificing factual cor-
rectness. Using a belief-conditioned version of MedQuAD, we compare supervised fine-tuning and reinforcement
learning under neutral, correct-belief, and misconception prompts.

Our results suggest that SFT and RL improve different aspects of behavior. SFT consistently improves overall
truthfulness across models, indicating that it strengthens the model’s underlying medical knowledge and general
answer quality. These gains can also help on misconception prompts, but SFT alone does not reliably reduce
sycophancy, since the model may still partially validate a false user belief before giving a correct answer.

By contrast, GRPO more directly targets misconception-related behavior and substantially lowers the measured
sycophancy rate. However, it often seems to do so by becoming overly corrective, hurting performance on
neutral and correct-belief prompts and lowering overall truthfulness. In our setting, RL is therefore able to
optimize the anti-sycophancy metric, but not always in the intended way.

Taken together, these results suggest that the most promising direction is likely a combination of both stages:
SFT to build stronger domain knowledge and overall factual accuracy, followed by a more carefully designed
RL stage that targets misconception handling without rewarding blanket disagreement. Future work should
explore hybrid training pipelines and better reward designs that specifically distinguish genuine misconception
correction from over-correction.
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A Appendix

GRPO Training algorithm. For each batch of prompts, GRPO samples several responses per prompt x
from policy g, scores each response with the judge, and computes within-group normalized advantages:

Rk: - Rgmup

= % _eow =105,
std(Reroup) + €’ c

Ak

The policy gradient loss is:
L _ Elogw(y | z;) - A
PG = — 0(Yik | Ti) - Aik,
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where log 7o (y | ) is the sum of per-token log-probabilities over the response. To prevent the policy from
drifting too far, we add a small KL regularization term with a frozen reference policy 7rres:

1
Lk = 75— log mo (Yik | i) — log mret(Yir | )|,
R |

giving total loss £ = Lpc + Pk Lk with Sxr.=0.01.

This allows us to use a judge-based reward without learning a separate value function. Instead, GRPO estimates
advantage by comparing each sampled response to the other responses generated for the same prompt.

GRPO-LoRA and DPO Trials. As mentioned, we also attempted a third trial for GRPO which included
LoRA and removing the reference model used in the KL-divergence term. We similarly attempted online DPO.

For the third GRPO trial, the training time estimate was 100 hours for one full pass of the training dataset, which
was too far out of our time and compute constraints. Similarly, we ran 2 full trials of DPO. However, we realized
that errors in the code led to tokenization issues in the first trial (the model outputted gibberish at the end), and a
misinterpretation of how long the training would take in the second trial led to a lack of results tor



	Key Information to include
	Introduction
	Related Work
	Approach
	Dataset Construction
	Supervised Fine-Tuning Baseline
	GRPO with Condition-Aware Reward

	Experiments
	Evaluation method
	Experimental details
	Results

	Analysis
	Conclusion
	Limitations and Future Work
	Overall Conclusion

	Appendix

