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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has demonstrated remarkable
effectiveness in boosting the objective perfor-
mance (e.g., reasoning) of Large Language
Models (LLMs) through rule-based, on-policy
self-improvement strategies. However, optimiz-
ing LLMs for subjective capabilities and align-
ment with human preferences remains chal-
lenging due to the non-verifiable nature. Most
prior works use datasets comprising response
pairs with substantial quality gaps labeled by a
strong external judge. While effective for pref-
erence metrics, this paradigm often incurs an
“alignment tax”, where the model’s objective
performance on downstream tasks degrades as
it overfits to subjective preferences. In this
work, we introduce Donkey, a high-quality,
non-verifiable dataset where response pairs dif-
fer only by subtle nuances. We find that LLMs
optimized on Donkey via preference learning
outperform those trained on data with explicit
quality gaps, while simultaneously maintaining
their objective capabilities. Furthermore, we
observe that preference signals on Donkey can
be decomposed into consensus preferences and
individual preferences. Our analysis reveals
that distilling consensus preferences provides
a significantly more data-efficient signal for
preference optimization. Our findings under-
score the importance of leveraging nuanced
preference signals and the consensus of multi-
ple judges for advancing subjective LLM align-
ment. Our code and data will be available at
https://github.com/SJY8460/Donkey.

1 Introduction

The landscape of Natural Language Processing (NLP)
has been fundamentally transformed by the emergence
of Large Language Models (LLMs), which exhibit ex-
ceptional proficiency across diverse domains ranging
from complex mathematical reasoning and code synthe-
sis to nuanced dialogue and general language compre-
hension (Cobbe et al., 2021; Wei et al., 2022; Bubeck
et al., 2023; Chen et al., 2024b; Yin et al., 2025a,b).
To develop helpful and safe LLM assistants, aligning
model behavior with human preferences has become
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Figure 1: Agreement rates of different LLM-as-a-judge
and reward models with Skywork-Reward, the top-
ranked reward model on RewardBench, computed on
our Donkey dataset, and their corresponding Length-
Controlled Win Rate (LC) on AlpacaEval 2.

one of the central focuses of recent research (Mishra
etal., 2021; Victor et al., 2022; Chung et al., 2022; Thop-
pilan et al., 2022). LLM alignment typically involves an
initial Supervised Fine-Tuning (SFT) on curated demon-
stration data (Ouyang et al., 2022; Tunstall et al., 2023;
Yin et al., 2026), followed by preference optimization
with Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017; Ziegler et al., 2019;
Stiennon et al., 2020; Bai et al., 2022a) or Al Feedback
(RLAIF) (Bai et al., 2022b; Lee et al., 2024).

Existing widely used preference optimization
datasets, such as UltraFeedback (Cui et al., 2024) and
DPO-Mix (Argilla, 2024), broadly include both verifi-
able data (e.g., math and code) and non-verifiable data
(e.g., creative writing) that exhibit distinct quality gaps,
as shown in Figure 2a. In this scenario, we find that dif-
ferent reward models tend to achieve around 80~90%
agreement with each other. Consequently, usually a
strong external model can be utilized to label preference
signals (Wu et al., 2024; Meng et al., 2024). However,
while previous works suggested that data with larger
relative quality gaps as measured by explicit reward
margins helps preference optimization and boosts sub-
jective chat capabilities (Wang et al., 2024b; Huang
et al., 2025), it often causes an “alignment tax” (Lin
et al., 2024) and degrades performance on downstream
tasks (Gao et al., 2023; Meng et al., 2024).

In contrast, we find that absolute quality is paramount.
Unlike the large-margin approach which often degrades
downstream capabilities, we observe that when both
chosen and rejected responses possess high absolute
quality, even when the relative quality gap is small, the
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Figure 2: Analysis of responses quality gap and model’s subjective chat performance. Specific dataset characteristics
and quality gap evaluation template are provided in the Appendix A.1 and A.2.

data effectively improves alignment while maintaining
or even enhancing downstream performance. Further-
more, regarding data composition, distinct from verifi-
able tasks that typically leverage rule-based verification,
non-verifiable scenarios are inherently more complex
and diverse due to their subjective nature. Crucially,
we find that such non-verifiable instruction-following
data yields significantly better preference optimization
results compared to verifiable data that partially exist in
datasets such as UltraFeedback. Since existing datasets
contain only a small proportion of such high-quality,
non-verifiable data (as shown in Figure 2a) and were
generated using relatively dated LLMs, we introduce
Donkey, a new non-verifiable synthetic dataset compris-
ing 10k samples, where responses are designed to have
high absolute quality with a small relative quality gap.

Empirical results demonstrate the efficacy of Donkey.
Specifically, the model trained on our dataset labeled by
the top reward model achieve 48.20% LC on AlpacaE-
val 2 (Dubois et al., 2025) and 64.6% WR on Arena-
Hard (Li et al., 2024a). This represents a substantial
improvement over the base model (37.7% and 47.5%),
as well as models trained on UltraFeedback (40.1% and
41.9%) and DPO-Mix (43.0% and 38.2%). Crucially,
Donkey maintains or even slightly improves objective
performance across four benchmarks of downstream
tasks, reaching 33.6% compared to the base model’s
32.7%. In stark contrast, models trained on UltraFeed-
back and DPO-Mix suffer significantly from the “align-
ment tax,” dropping to approximately 26%.

The intended small quality gap within the Donkey
dataset reveals a surprising finding regarding the discern-
ment of subtle quality differences. As illustrated in Fig-
ure 1, we observe a noticeable disagreement (> 30%)
among different judges. Yet, distinct from this inconsis-
tency, training on the individual signals from any single
judge consistently yields promising improvements, with
all achieving over 48% LC on AlpacaEval 2 compared
to the base model’s 37.7%. Crucially, on our Donkey
dataset, we define two distinct types of signals among
multiple judges: consensus signals and individual sig-
nals. It is important to note that in this non-verifiable
context, this distinction differentiates between strong,

shared agreements and weak, subjective nuances, rather
than a binary distinction between “correct” and “wrong.”
We find that consensus preference signals allow the
model to achieve competitive or even superior perfor-
mance compared to utilizing signals from a single strong
judge, while requiring significantly less data. In con-
trast, highly individual judgments tend to have a limited
impact on preference optimization, yielding results that
are only marginally superior to random selection. Em-
pirically, with the same data size, the model trained
on consensus signals achieves an average of 55.86%
across AlpacaEval 2 LC and Arena-Hard WR, outper-
forming single reward judges such as ArmoRM-Llama3-
8B-v0.1 (Wang et al., 2024a) (52.2% on average) and
Skywork-Reward-V2-Llama-3.1-8B (Liu et al., 2025)
(52.1% on average).

Our contributions are summarized as follows: (1)
We introduce Donkey, a high-quality synthetic dataset
designed to explore fine-grained preference signals in
non-verifiable domains, where response pairs are both of
similarly high quality and distinguishable primarily by
subjective preference. (2) We demonstrate that models
trained on Donkey achieve significantly superior perfor-
mance on standard chat benchmarks compared to those
trained on existing datasets with distinct quality gaps,
while effectively avoiding the “alignment tax” on down-
stream tasks. (3) We provide a detailed analysis of the
impact of absolute quality versus relative quality gaps,
revealing that high absolute quality is paramount even
when the relative quality gap is small. (4) We further
discover a critical distinction between consensus signals
and individual signals, finding that distilling consensus
signals provides a data-efficient optimization path that
matches or exceeds strong single-judge baselines.

2 Related Work
2.1 Synthetic Data for LLMs

High-quality data serves as the cornerstone for the ef-
fective instruction tuning of LLM, having proven re-
markably effective in enhancing performance across
specialized domains such as code generation (Roziere
et al., 2023) and mathematical reasoning (Yuan et al.,
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Figure 3: A brief illustration of preference signals in the Donkey dataset. The diagram demonstrates how subtle
nuances in data pairs lead to disagreement among multiple judge models in non-verifiable scenarios.

2023; Luo et al., 2023; Zhu et al., 2025). However,
while human-crafted data represents the gold standard
for quality, acquiring it at scale is often prohibitively
expensive. Consequently, the field has witnessed a
paradigm shift towards the utilization of synthetic data
as a cost-effective alternative, predominantly leverag-
ing advanced proprietary models such as the GPT se-
ries (Radford et al., 2019; Brown et al., 2020; OpenAl,
2023) to synthesize high-quality training samples (Josi-
foski et al., 2023; Taori et al., 2023; Chiang et al., 2023;
Li et al., 2023b). Recent methodologies have further
refined this process by exploiting LLMs’ rephrasing abil-
ities to diversify responses (Deng et al., 2023; Prasad
et al., 2023) and augmenting datasets for improved fine-
tuning efficiency (Yu et al., 2023; Liu et al., 2023). In
the specific realm of preference optimization, widely
adopted datasets such as UltraFeedback (Cui et al.,
2024) typically distill data by sampling diverse model
trajectories and constructing preference pairs based on
scores assigned by a judge such as GPT-4. This method
inherently produces pairs with noticeable quality gaps.
In contrast, our research pivots to focus on datasets con-
structed purely on subjective preference signals, where
response pairs are distinguishable only by subtle, non-
verifiable nuances.

2.2 LLM-as-a-Judge and Reward Models

Leveraging LLM-as-a-Judge to evaluate language mod-
els has been a standard paradigm (Dubois et al., 2024;
Li et al., 2023a; Fernandes et al., 2023; Bai et al.,
2023; Saha et al., 2023; Chen et al., 2025; Wei et al.,
2025a). Beyond evaluation, this technique is exten-
sively employed for training reward models and curat-
ing data (Chen et al., 2024a; Li et al., 2024b; Lee et al.,
2024; Wei et al., 2025b). Concurrently, specialized
reward models (Wang et al., 2024a; Liu et al., 2025)
represent another cost-effective and robust approach for
annotating preference signals. Since these models are
supervised on vast amounts of preference datasets de-

rived from human conversations and synthetic labels,
they can effectively reflect human preferences, often
outperforming vanilla LLMs on benchmarks such as
RewardBench (Lambert et al., 2024; Malik et al., 2025).
Notably, in scenarios where distinct quality gaps ex-
ist between responses, both advanced LLM-as-a-Judge
systems and reward models tend to yield highly con-
sistent judgments. Consequently, the practice in recent
works is to adopt a single external judge for labeling
preference data (Yuan et al., 2024; Wu et al., 2024;
Meng et al., 2024). While frameworks utilizing multi-
ple reward models have emerged, such as reward model
ensembling to mitigate overoptimization (Coste et al.,
2024) and reward model routing to enhance specialized
alignment (Wu and Lu, 2025), their primary focus re-
mains on rectifying hallucinated judgments or providing
domain-specific expertise. In contrast, the role of mul-
tiple reward models for non-verifiable data involving
open-ended generation and nuanced preference signals
remains largely underexplored.

3 Method

In this section, we first detail the construction of our
Donkey dataset, designed to capture fine-grained prefer-
ence signals with high absolute quality. Subsequently,
we introduce a consensus-driven optimization frame-
work that integrates multiple perspectives to enhance
label reliability and model robustness.

3.1 Donkey Dataset Construction

While verifiable domains like mathematics and code
generation benefit from objective ground-truth verifica-
tion, non-verifiable instruction-following tasks present
a more formidable challenge due to the inherent am-
biguity and subjectivity of their evaluation. Therefore,
this work exclusively focuses on these open-ended do-
mains where robust automated assessment remains an
unsolved problem. Drawing inspiration from Ge et al.
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(2024), which emphasizes the generation of diverse
and rich non-verifiable content through persona-driven
prompt engineering, we implement a weak-to-strong
construction strategy. Specifically, we utilize a relatively
smaller model, Gemma-2-9b-it (Team et al., 2024), to
generate and filter diverse non-verifiable prompts, while
reserving a significantly more capable model for re-
sponse generation to ensure the outputs accurately re-
flect the prompt’s intent and quality.

In contrast to previous datasets like UltraFeedback
(Cui et al., 2024), which aggregate responses from dis-
tinct models to artificially create large quality gaps, our
data construction is guided by the insight that high abso-
lute quality is paramount for downstream performance
(detailed analyses are provided in Section 5.3). To en-
sure that both chosen and rejected responses maintain
this high standard while exhibiting the subtle distinc-
tions necessary for effective alignment, we utilize a
single strong model, GPT-40, to sample two indepen-
dent responses for each prompt with a temperature of
0.7, as:

Dponkey = {(%i, ¥i,1,¥i2) | ©i € P, )

Yi1, Yi2 ~ 7TGPT—40(331’)}£\;1;

where P represents the set of non-verifiable subjective
prompts, [N denotes the total number of samples, and
Yi,1, Yi 2 are the two independent high-quality responses
generated by the model 7wgpr.4,. Following the gener-
ation, we filter out identical responses and conduct a
manual verification on a sampled subset to ensure the
absence of factual errors.

3.2 Preference Optimization on Donkey

Single Judge Preference Optimization. Recent ad-
vancements in preference optimization have demon-
strated significant potential in aligning LL.Ms with
human preferences. In this study, we employ
SimPO (Meng et al., 2024) as the default preference op-
timization algorithm, given its established prominence
and efficacy in fine-tuning LLMs. SimPO introduces a
length-normalized reward formulation that inherently
aligns with the generation likelihood, scaled by a con-
stant 3. Additionally, it incorporates a target reward
margin v > 0 to enforce a minimum separation between
the rewards of winning (y,,) and losing (y;) responses.

Formally, given a prompt = and a pair of responses
(y1,y2), the winner y,, and loser y; are determined
based on the score assigned by the judge J:

(Yw,y1) = (W1,92), if J(z,y1) > J(2,y2) )
v (y2,91), otherwise :

The optimization objective is then defined as:

Lsimpo(70) = — E (24, y)~D {loga(
3)

0 8
w logm(yw\m) - mlogﬁg(ylbg) _ ’Y):|

Consensus and Individual Preference. As shown in
Figure 3, given the noticeable disagreement observed
among different judges in our initial experiments on our
Donkey dataset, we further investigate the effectiveness
of integrating multiple external judges together.

To rigorously address label ambiguity, we formalize
the partition of our preference dataset based on inter-
judge consistency. Let 7 = {J1, ..., JJy} denote the
set of M judges. We divide the data into a Consensus
Set (D.) and an Individual-Specific Set (D)) defined as:

De = { (@) | Y0, Jon () > T 1)},

M
D, = U Dz(,k), where
k=1 4)

D = {2 5P, 4") | Jw) > Je(y™)
A3m € [M], Jm(y®)) < Jm(yz(k)>}~

Here, D, represents the high-agreement regime, pro-
viding robust, noise-free signals where all judges align
with each other. In contrast, D), handles conflicting pref-
erences by aggregating the specific viewpoints of indi-

vidual judges. Specifically, within each subset D,()k)

anchor the label (yq(f), yl(k)) to the perspective of judge
Jr when a global consensus is absent. This allows the
model to learn from diverse, subjective viewpoints even
without a universally agreed-upon preference.
Accordingly, for each specific judge k, we can rewrite

the optimization objective as:

, we

B
Lk(ﬂ-9) = - E(w,yw,yz)NDc |:10g0-<|y 10g 7T0(9w|33)

B
~ Tl log m (yi|z) — 7)}

B
N E(Iyyw,yz)wD,ﬂ“ [log o <|y log mg (Y |)

)

5
- Ltogmtula vﬂ

®)

where the first term aligns the model with general con-
sensus (D,.), while the second term incorporates the

specific individual perspectives of judge k (Dz(,k)).

4 Experiments

4.1 Experimental Settings

We employ the lightweight Gemma-2-2B-it (Team et al.,
2024) as the default backbone model due to its com-
putational efficiency and strong baseline performance.
For preference optimization, we perform a grid search
over the hyperparameters, setting 8 € {2.5,10} and
~v € {1.0,1.5,3}. All models are trained with a global
batch size of 128 distributed across four GPUs. We use
a learning rate of 1 x 10~°, following a cosine decay
scheduler with a warmup ratio of 0.1, and each training
run is conducted for 6 epochs.
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Table 1: Overall performance (%) comparison across different benchmarks. "General Chat" includes AlpacaEval 2
(AE2 for short, with LC as the metric) and Arena-Hard (AH for short, with WR as the metric), while "Downstream
Tasks" cover Math500, MMLU-Redux, and PopQA. Best scores are bolded, and second-best are underlined. We
also provide a further study on data quality and preference gaps in Section 5.3.

General Chat Downstream Tasks
Method Size AE2LC AHWR Avg. Math500 MMLU-R PopQA Avg. Overall
Baselines
Base - 37.69 47.5 42.60 19.6 56.1 224 32.70 36.68
UltraFeedback 60k 40.13 41.9 41.02 6.6 55.8 14.6 25.67 31.81
DPO-Mix 7k 43.01 38.2 40.61 7.2 52.4 21.0 26.87 32.36
Donkey Variants (Ours)
RandomSFT 10k 42.37 50.6 46.49 254 40.6 21.4 29.13 36.07
RandomSimPO 10k 43.01 49.7 46.36 18.0 54.1 23.0 31.70 37.56
Skywork-Reward 10k 48.20 64.6 56.40 21.4 57.6 21.8 33.60 42.72
ArmoRM 10k 49.29 60.0 54.65 21.8 57.4 21.8 33.67 42.05
ConsensusRM 6k 52.21 59.5 55.86 21.4 57.6 20.8 33.27 42.30

4.2 Evaluation Metrics

Our experimental evaluation employs a comprehensive
set of metrics to assess model performance across var-
ious dimensions. For subjective benchmarks, we pri-
marily focus on AlpacaEval 2 (Dubois et al., 2025),
an LLM-based automatic evaluation benchmark utiliz-
ing prompts from AlpacaFarm (Dubois et al., 2024)
where model responses are compared against GPT-4-
Turbo references and a length-controlled win rate (LC)
is used as the metric, and Arena-Hard (Li et al., 2024a),
which features 500 challenging user queries, where
model responses are compared against GPT-4-0314 ref-
erences and a standard win rate (WR) is used as the
metric. Complementing these, we assess objective per-
formance using MMLU-Redux (Gema et al., 2025)
and PopQA (Mallen et al., 2023) to test general and
long-tail knowledge, respectively, while also including
Math500 (Hendrycks et al., 2021) to specifically evalu-
ate mathematical reasoning capabilities.

4.3 Main Baselines

In our comparisons, we include a diverse set of base-
lines trained on both widely-used public datasets and
variations of our constructed Donkey dataset. Specifi-
cally, we evaluate: (1) UltraFeedback (Cui et al., 2024):
a large-scale (60k), widely-used dataset containing di-
verse instructions; (2) DPO-Mix (Argilla, 2024) a small
(7k), high-quality preference dataset constructed by
filtering only top-rated chosen responses from open-
source collections, including UltraFeedback; (3) Ran-
domSFT: a model trained via supervised fine-tuning
on our Donkey dataset using randomly selected prompt-
response pairs, serving as a non-preference baseline;
(4) RandomSimPO: a model trained on our Donkey
dataset with randomly assigned preference signals to
establish a lower bound for optimization effectiveness;
(5) Skywork-Reward (Liu et al., 2025): a model opti-
mized on our Donkey dataset using preference signals
labeled exclusively by the Skywork-Reward-V2-Llama-
3.1 reward model; (6) ArmoRM (Wang et al., 2024a): a

model trained using preference signals provided exclu-
sively by ArmoRM-Llama3-8B-v0.1; and (7) Consen-
susRM: Our proposed high-confidence variant, trained
on a subset of our Donkey dataset where preference
labels reflect a consensus between both ArmoRM and
Skywork-Reward.

5 Main Results

5.1 Performance Comparison

As shown in Table 1, we observe that models trained
on our Donkey dataset variants consistently outper-
form both the base model and strong external base-
lines. In terms of subjective benchmarks, our meth-
ods achieve substantial gains over existing baselines.
Specifically, ConsensusRM achieves an AlpacaEval 2
score of 52.21%, significantly surpassing UltraFeed-
back (40.13%) and DPO-Mix (43.01%). Similarly, on
the challenging Arena-Hard benchmark, the Skywork-
Reward model reaches a score of 64.6%, outperforming
UltraFeedback (41.9%) and DPO-Mix (38.2%) by a
large margin. These results indicate that our constructed
Donkey dataset is superior to existing datasets, enabling
the effective optimization of advanced LLM:s.
Regarding objective benchmarks, our models demon-
strate robustness on downstream tasks without suf-
fering from the "alignment tax" often observed in
other methods. For instance, UltraFeedback shows
a significant regression in mathematical reasoning,
dropping to a Math500 score of 6.6% compared to
the Base model’s 19.6%. In contrast, our Donkey
variants maintain or even improve performance on
these tasks: RandomSFT achieves 25.4% on Math500,
and the preference-optimized models (Skywork and
ConsensusRM) maintain competitive scores (around
21.4%) while slightly improving on general knowledge
(MMLU-Redux) compared to the base model. This
suggests that our approach effectively balances con-
versational style alignment without compromising the
model’s fundamental reasoning and factual capabilities.
Finally, we analyze the impact of different preference
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Table 2: Ablation study of ConsensusRM. We analyze the impact of signal validity, compare consensus-based
filtration against single-judge downsampling, and evaluate the necessity of strict agreement versus random selection.

Method AE2LC AHWR Avg.
ConsensusRM 52.21 59.5 55.86
ConsensusRM-Reverse 36.63 36.6 36.62
Skywork-Reward-Downsample 47.15 57.1 52.13
ArmoRM-Downsample 49.80 54.1 51.95
ConsensusRM+Random 51.23 58.0 54.62
Skywork-Reward 48.20 64.6 56.40
ArmoRM 49.29 60.0 54.65

signals and data efficiency. We find that models trained
with different state-of-the-art reward models, such as
Skywork-Reward and ArmoRM, yield comparable im-
provements, demonstrating the robustness of training
on our Donkey. Notably, ConsensusRM, which utilizes
only the subset of data where judges agree with each
other (around 6k samples), achieves competitive overall
performance (42.30%). This is comparable to mod-
els trained on the full Donkey dataset and significantly
higher than baselines trained on much larger data, high-
lighting that leveraging consensus agreement allows for
effective training with significantly less data.

5.2 Ablation Study on Consensus Mechanism

To further validate the effectiveness of our proposed
consensus strategy, we conducted a comprehensive ab-
lation study as detailed in Table 2 and an example in
Figure 11. First, to verify the validity of our preference
signals, we trained the ConsensusRM-Reverse model
by deliberately reversing the chosen and rejected labels
derived from the consensus preferences. This reversal
resulted in a catastrophic performance collapse, with the
AlpacaEval 2 score plummeting from 52.21% to 36.63%
and the overall average score dropping to 36.62%; this
sharp decline confirms that our performance gains stem
fundamentally from the accurate direction of the pref-
erence signals rather than merely the distribution of the
prompts. Next, to disentangle the benefits of data fil-
tration from the quality of the consensus mechanism it-
self, we compared our method against Skywork-Reward-
Downsample and ArmoRM-Downsample, where train-
ing data was reduced to the same 6k scale using rank-
ings from single reward models. Our ConsensusRM
(Avg. 55.86%) consistently outperforms these single-
judge baselines, which achieved averages of 52.13%
and 51.95%, respectively. This performance gap indi-
cates that while individual reward models are strong,
relying on a single judge introduces idiosyncratic noise,
whereas the intersectional agreement in our method ef-
fectively reduces such biases to retain only the highest-
fidelity samples. Finally, we experiment with Consen-
susRM+Random, where the model is trained on the en-
tire dataset but assigns random preference labels specif-
ically to the Individual-Specific Set in Eq. (4), while
keeping the labels in the Consensus Set intact. This vari-
ant yields a score of 54.62%, which is lower than the

Table 3: Ablation study on data quality using different
data sources. “UF” is short for UltraFeedback and “1B”
is short for Llama-3.2-1B-Instruct. Quality and Gap
represent scores on a scale of 0—10.

Method Quality Gap AE2LC Math
Base - - 37.70 19.6
UF (Non-Verifiable) 8.64 5.51 53.20 12.8
UF (Verifiable) 8.44 543 43385 14.0
1B (Weak Pairs) 7.04 480 4329 16.6
GPT-40 & 1B - 548 5240 16.8
Default (Ours) 9.33 1.20 52.20 214

valid single-judge baselines (e.g., Skywork-Reward at
56.40%). This performance gap confirms that real indi-
vidual preferences contain valid, distinguishable signals
rather than random noise. However, the marginal gain
from these individual perspectives is limited, indicat-
ing that their contribution to the final model capability
is weaker than that of the consensus preference signal,
which serves as the primary driver for robust alignment.

5.3 Further Study on Quality Gap of Data

To investigate the influence of the preference data qual-
ity gap, we constructed several baselines. First, we
randomly sampled 10k verifiable and 10k non-verifiable
examples from UltraFeedback (UF). Additionally, utiliz-
ing the prompts from our Donkey dataset, we generated
response pairs solely using Llama-3.2-1B-Instruct (1B
for short) (Grattafiori et al., 2024), and constructed a
high-gap configuration by pairing our original GPT-40
responses with these weak Llama-3.2-1B outputs (de-
noted as GPT-40 & 1B). As shown in Table 3, simply
enforcing a large preference gap is insufficient. The 1B
setting yields poor results due to low absolute quality,
while the UF subsets and the GPT-40 & 1B configu-
ration, despite having large quality gap and achieving
high AlpacaEval 2 scores, lead to significant degrada-
tion on Math500. This suggests that relying on clear dis-
tinctions between strong and weak responses enhances
general instruction-following capabilities but incurs a
high cost on downstream reasoning tasks. In contrast,
our Default setting achieves the highest absolute qual-
ity (9.33) with a much smaller gap (1.20), resulting in
the best reasoning accuracy on Math500 (21.4%) while
maintaining competitive chat performance on AlpacaE-
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Figure 4: (a-c) Logit shift of responses on AlpacaEval 2 from models trained on different datasets. (d-e) Training
loss and reward accuracy trajectories. (f) Trade-off between consensus strictness and data size.

val2. This indicates that high absolute quality combined
with fine-grained relative gaps effectively mitigates the
alignment tax on reasoning capabilities.

5.4 Logit Shift Analysis

To quantify the underlying factors contributing to the
model’s performance improvement on AlpacaEval 2,
we conduct a logit shift analysis. This method allows
us to examine the distributional changes in the model’s
output probabilities, providing a metric to measure how
the alignment process alters the model’s confidence and
decision sharpness on unseen test data. We randomly
sampled 20 prompts from the dataset and generated re-
sponses using the different models. For each generated
response, we extracted the unnormalized logits z; € R
for the chosen tokens before the softmax operation. To
perform a global statistical analysis, we flatten all col-
lected logits across the generated sequences into a single
one-dimensional vector:
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where for the ¢-th sample among k samples (¢ < k), zj(-z)
denotes the logit for the j-th token and m; denotes the
number of tokens. Subsequently, we quantify the asym-
metry of the flattened logit distribution by computing
the skewness:
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As visualized in the distribution plots in Figure 4(a-
¢), the model trained on ConsensusRM exhibits a clear
distributional shift relative to the UltraFeedback and
DPO-Mix baselines. Specifically, the UltraFeedback-
trained model has a lower mean chosen-token logit of

1 = 30.08 and a slightly positive skewness of 0.26, in-
dicating a mildly right-skewed distribution with a longer
tail toward higher values. In contrast, the ConsensusRM
model produces a substantial rightward shift, increasing
the mean logit to p = 36.39. Its skewness also changes
to —0.31, indicating a mildly left-skewed distribution
in which a larger share of logits is concentrated in the
higher-value region, with a longer tail toward lower val-
ues. Overall, this distributional change suggests that
our consensus-based alignment strategy encourages the
model to assign higher scores to chosen tokens, result-
ing in sharper token-level preferences and more decisive
generations.

5.5 Training Dynamics and Stability

To analyze the optimization process, we examine the
training trajectories visualized in Figures 4(d) and (e).
As shown in Figure 4(d), the model trained on Donkey
(red line) exhibits the lowest training loss throughout the
process compared to DPO-Mix and UltraFeedback. Fur-
thermore, Figure 4(e) shows that while UltraFeedback
begins with higher initial accuracy, the model trained on
Donkey rapidly improves, eventually surpassing both
baselines to reach the highest final reward accuracy.
These results suggest that our Donkey facilitates stable
convergence and provides learnable preference signals
that enable effective learning.

5.6 Consensus Strictness vs. Data Size

In this subsection, we investigate the trade-off between
the strictness of consensus filtering and the resulting
dataset size. As shown in Figure 4(f), we observe a
clear tension between filtration strictness and data avail-
ability. Specifically, the baseline configuration requiring
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agreement from two judges yields 6.3k samples and
achieves the highest LC of 52.21% in AlpacaEval 2.
However, enforcing stricter consensus by incorporating
a third and fourth judge drastically reduces the dataset
size to 4.0k and 3.0k, respectively. This reduction corre-
lates with a decline in performance, as the LC falls to
50.79% and further to 46.70%. These results indicate
that while a stricter filtration tends to improve label qual-
ity, excessive strictness induces severe data scarcity that
hampers model generalization. Consequently, the two-
judge consensus emerges as the optimal configuration,
striking a balance between maintaining high preference
quality and preserving sufficient data volume. Future
work could explore scaling up the initial pool of candi-
date responses or adopting consensus-based weighting
mechanisms to maintain sufficient dataset sizes even
under stricter consensus protocols, thereby maximizing
both data quality and quantity.

Table 4: General chat performance (%) comparison
using Qwen2.5-3B-Instruct as the backbone model.

Method AE2LC AHWR Avg.
Base 24.21 54.6 39.41
DPO-Mix 20.40 58.1 39.25
ConsensusRM 27.04 58.0 42.52

5.7 Generalizability Analysis

To further verify the generalizability of our approach
across different model series, we applied our train-
ing strategy to Qwen2.5-3B-Instruct and Qwen2.5-7B-
Instruct (Qwen et al., 2025). As shown in Tables 4
and 5, the improvement trend remains consistent across
both backbones. On Qwen2.5-3B-Instruct, DPO-Mix
does not always guarantee performance improvements;
specifically, it shows a regression in the average score
(39.25%) compared to the base model (39.41%), with
a notable drop in AlpacaEval 2 performance. In con-
trast, ConsensusRM demonstrates consistent effective-
ness, achieving the highest average score of 42.52%.
Similarly, on the larger Qwen2.5-7B-Instruct backbone,
ConsensusRM again outperforms both the base model
and DPO-Mix, substantially improving AlpacaEval2.0
while also improving Math500. These results further
confirm that the high-quality preference signals in the
Donkey dataset are model-agnostic and can effectively
enhance the capabilities of different LLM backbones
across both general chat and reasoning settings.

Table 5: Results on the Qwen2.5-7B-Instruct backbone.

Method AE2LC Math500 Avg.
Base 36.06 72.0 54.03
DPO-Mix 34.45 69.6 52.03
ConsensusRM 43.04 75.0 59.02

5.8 Multi-Judge Results

Our default judge for subjective evaluation is Qwen2-
72B-Instruct (Yang et al., 2024), which is both strong
and cost-effective. In our measurements, Qwen2-72B-
Instruct achieves a 67.9% agreement rate with human
judgments, compared with 65.7% for a single human an-
notator reported in AlpacaEval 2.0 (Dubois et al., 2025).
We also observe highly similar trends when using GPT-
4-Turbo as the judge (Yin et al., 2025c¢). To further val-
idate the robustness of our evaluation, we additionally
report results with Llama3.1-70B-Instruct (Grattafiori
et al., 2024), which achieves a human agreement rate of
69.1%. As shown in Table 6, the overall improvement
trend remains consistent across both judges. In partic-
ular, compared with the base model, all reward-model
variants achieve clear gains, while ConsensusRM main-
tains competitive performance across both judges. At
the same time, its average response length remains mod-
erate and does not show undesirable overlong behavior.

Table 6: Multi-judge results in AlpacaEval 2.

Method Llama (LC) Qwen (LC) Avg. Len
Base 39.35 37.69 2079
ArmoRM 50.95 49.29 1863
Skywork-Reward 52.80 48.20 2792
ConsensusRM 51.41 52.21 2427
AlpacaEval 2
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Figure 5: Data scaling law of different reward models.
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5.9 Scaling Law Analysis of Data Size

To investigate the impact of dataset size on model perfor-
mance, we analyze the training trends across different
data scales (2k, 6k, 10k) using both Skywork-Reward
and ArmoRM signals, as illustrated in Figure 5. On
AlpacaEval 2, we observe a rapid performance growth
when increasing the data size from 2k to 6k, where the
Skywork-Reward model improves significantly from
39.88% to 47.15% and ArmoRM peaks at 49.8%; how-
ever, these gains tend to saturate or plateau beyond the
6k point. In contrast, the trends on the more challeng-
ing Arena-Hard benchmark differ, showing a substantial
jump primarily when scaling to 10k, where the Skywork-
Reward model reaches its peak WR of 64.3%. Conse-
quently, regarding the average performance across both
benchmarks, we observe a consistent upward trend dis-
tinct from the fluctuations of individual metrics. The
Skywork-Reward model’s average score rises steadily
from 49.14% at 2k to 52.18% at 6k, finally reaching
56.25% at 10k, while ArmoRM similarly demonstrates
continuous overall growth. This indicates that while per-
formance on AlpacaEval 2 tends to saturate at moderate
data scales, the more challenging Arena-Hard bench-
mark continues to benefit significantly from increased
data volume, requiring larger datasets to realize substan-
tial performance gains.

6 Conclusion

In this paper, we introduce Donkey, a high-quality
dataset capturing nuanced preference signals where re-
sponses are both of high quality and differ only sub-
jectively. Experiments demonstrate that models trained
on Donkey significantly outperform those trained on
widely-used datasets, effectively enhancing subjective
alignment while mitigating the “alignment tax” on ob-
jective reasoning tasks. Crucially, we reveal that distill-
ing consensus preferences offers a highly data-efficient
optimization path that matches or exceeds strong single-
judge baselines. These findings underscore the impor-
tance of leveraging nuanced preference signals and the
consensus of multiple judges for advancing subjective
LLM alignment and downstream capabilities.

Limitations

Despite the promising results, our study may have two
limitations. First, our experiments were conducted on a
specific range of model sizes; future research is needed
to investigate whether the data efficiency and consensus
benefits we observed scale effectively to significantly
larger foundation models (e.g., 70B+). Second, while
we successfully mitigated the alignment tax on stan-
dard benchmarks, our current exploration of reasoning
domains is not exhaustive; future work could further
dive into more complex and verifiable areas, such as
advanced mathematical problem-solving and repository-
level code generation, to fully assess the potential of
consensus-driven alignment.
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A Appendix
A.1 Dataset Statistics

We analyze the token length distributions of our pro-
posed Donkey dataset compared to existing popular
datasets, UltraFeedback and DPO-Mix. As shown in Ta-
ble 7, while Donkey utilizes relatively concise prompts
(Avg. 55.03), its responses are significantly longer (Avg.
~884 tokens) than those in UltraFeedback (~370) and
DPO-Mix (~296). This substantial increase in response
length reflects the dense information content and de-
tailed reasoning structures characteristic of the Donkey
dataset.

Table 7: Average token lengths for Prompts and Re-
sponses across Donkey, UltraFeedback, and DPO-Mix.

Dataset Prompt Response 1 Response 2
Donkey (Ours) 55.03 884.07 884.45
UltraFeedback | 106.73 418.37 327.18
DPO-Mix 117.83 292.65 300.49

A.2 Prompt Templates for Quality Assessment

In our experiments, we employ Qwen2-72B-Instruct
as the LLM-as-a-Judge. We use two distinct prompts:
one to evaluate the relative quality difference (gap) be-
tween responses (Figure 6), and another to assess the
absolute quality of individual responses (Figure 7).

A.3 Dataset Example and Reward Model
Disagreement

In this section, we present a representative case from
our dataset involving an analysis of construction plans
regarding OSHA safety violations. Notably, this in-
stance exhibits a disagreement between reward mod-
els: Skywork-Reward favors Response 1 (R; > Ra),
whereas ArmoRM prefers Response 2 (Ro > R1). The
prompt and candidate responses for this case are detailed
in Figures 8, 9, and 10, while Figure 11 provides an-
other qualitative comparison illustrating the differences
between ConsensusRM-Reverse and ConsensusRM.
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Quality Gap Assessment Prompt

You are an expert evaluator assessing the quality gap (absolute difference) between two
responses to the same prompt.

**0riginal Instruction:**
{instruction}

**Response 1:#**
{response_1}

**Response 2:**
{response_2}

Please evaluate the ABSOLUTE quality gap between the chosen and rejected responses on a
scale of @ to 10, where:

- 0: Both responses are identical or nearly identical in quality (no meaningful difference)
- 1-3: Small quality gap, minor differences

- 4-6: Medium quality gap, noticeable differences

- 7-9: Large quality gap, one is significantly better than the other

- 10: Huge quality gap, one is vastly superior to the other

Consider the following criteria:
1. Accuracy and correctness
Completeness and thoroughness
Clarity and coherence
Relevance to the prompt

5. Helpfulness and usefulness

S w N

Respond with ONLY a single number between @ and 10 representing the absolute difference.
Do not include any explanation, just the number.
\_ J

Figure 6: The prompt template used for calculating the relative Quality Gap using Qwen2-72B-Instruct.

Absolute Quality Assessment Prompt

You are an expert evaluator assessing the absolute quality of a response.

*xInstruction: x*
{instruction}

**Response: **
{response}

Rate the quality on a scale of 1-10:
- 1-2: Very poor
: Poor
Moderate
: Good
- 9-10: Excellent

~N o w
0 O A

Respond with ONLY a single number (1-10), nothing else.
\_ J

Figure 7: The prompt template used for assessing Absolute Quality using Qwen2-72B-Instruct.

Dataset Example Part 1: Synthesized Prompt

"Analyze the following construction plans and blueprints for potential safety violations,
specifically focusing on OSHA regulations regarding scaffolding and fall protection. Please
provide a detailed report outlining any discrepancies or areas of concern, including relevant
code citations and potential legal ramifications for the construction company."”

Figure 8: The synthesized prompt for the OSHA safety analysis example.
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Dataset Example Part 2: Response 1 (Preferred by Skywork-Reward)

Certainly! However, I don’t have the ability to analyze specific construction plans or
blueprints directly, as I cannot view or interpret files or images. However, I can guide
you on how to analyze them yourself in light of OSHA regulations, and provide you with
a framework for identifying potential safety violations related to scaffolding and fall
protection.

Below is an outline you can follow to analyze the provided construction plans and blueprints
for compliance with OSHA standards:

#i## **xFramework for Analyzing Construction Plans for OSHA Compliance*x

###t# *%1. Scaffolding Safety*x

Scaffolding is one of the most common areas where OSHA violations occur. Review the plans
with the following in mind:

- OSHA Requirements (29 CFR 1926 Subpart L): - Proper Design and Load Capacity: Scaffolds
must be designed to support at least four times the maximum intended load. Check the load
ratings and ensure the plans account for potential weight, including workers, tools, and
materials. - Access to Scaffolding: Safe access, such as ladders or stair towers, must
be provided. Evaluate whether the plans include these access points. - Guardrails and
Fall Protection: Guardrails must be installed on scaffolds more than 10 feet above a lower
level. Verify that the blueprints specify guardrails that meet OSHA height and strength
requirements. - Planking and Platforms: Fully planked platforms are required, with no
more than a 1-inch gap between planks. Inspect the construction plans for proper platform
specifications. - Stability and Anchorage: Scaffolding must be secured to prevent tipping.
Ensure the blueprints show proper anchorage points and stabilization methods.

- Common Violations: - Missing or inadequate guardrails. - Scaffolds not properly secured
to the structure. - Insufficient access or improper use of ladders. - Overloading scaffolds
beyond their capacity.

#### **%2. Fall Protectionx*

Falls are a leading cause of injuries and fatalities in construction. Carefully review the
plans for compliance with OSHA fall protection standards.

- OSHA Requirements (29 CFR 1926 Subpart M): - Fall Protection Threshold: Fall protection
must be provided at elevations of 6 feet or more in the construction industry. Check
whether the plans include fall protection systems for all areas meeting this threshold. -
Guardrails, Safety Nets, and Personal Fall Arrest Systems (PFAS): Ensure the plans specify
one or more of these systems in all areas where workers will be exposed to fall hazards. -
Anchor Points: PFAS must be anchored to structural members capable of supporting at least
5,000 pounds per worker. Look for detailed specifications on anchor points in the plans.
- Openings and Edges: Holes in floors, walls, or roofs must be covered or protected by
guardrails. Verify that the plans address this requirement.

- Common Violations: - Lack of guardrails on elevated work surfaces or around openings. -
Insufficient or improperly designed anchor points for PFAS. - Missing fall protection on
leading edges or roof work.

(Continued in text...)

. J
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Dataset Example Part 2: Response 1 (Continued)

##i## **3. General Site Safety*x
While scaffolding and fall protection are the focus, also consider general site safety

provisions.
- OSHA Requirements: - Training: Workers must be trained to recognize and mitigate fall
hazards (29 CFR 1926.503). - Inspections: Scaffolds and fall protection systems must be

inspected before each shift (29 CFR 1926.451(f)(3)). - Overhead Protection: Look for plans
that include protection from falling objects, such as toeboards, screens, or debris nets.
- Common Violations: - Lack of worker training or certification. - Failure to include
provisions for overhead protection. - Inadequate inspection protocols.
### *xxKey Steps for Your Analysis*x*
1. Review Blueprint Details: Look for specific notes, dimensions, and specifications
related to scaffolds, guardrails, anchor points, and fall protection systems. 2. Compare
Against OSHA Standards: Use OSHA’s construction safety standards (29 CFR Part 1926) as a
reference to identify any discrepancies. 3. Document Violations: For each area of concern,
note the specific OSHA regulation that is being violated and describe the issue. 4. Assess
Legal Ramifications: Highlight the potential consequences of non-compliance, such as fines,
project delays, or increased liability in the event of worker injuries.
### **Example Report Excerpt**
*xIssue #1: Missing Guardrails on Scaffolding** - Regulation: OSHA 29 CFR 1926.451(g)(1) -
Description: The blueprints for scaffolding on the west elevation do not include guardrails
on platforms above 10 feet. This is a violation of OSHA’s requirement for fall protection
on scaffolds. - Potential Consequences: Failure to install guardrails could result in fines
of up to $15,625 per violation and increased liability in the event of worker injuries.
**xIssue #2: Inadequate Anchor Points for PFAS** - Regulation: OSHA 29 CFR 1926.502(d)(15)
- Description: The plans indicate anchor points for personal fall arrest systems, but no
specifications are provided to confirm that they meet the 5,000-pound strength requirement.
This creates a potential safety hazard for workers using PFAS. - Potential Consequences:
Non-compliance could lead to serious worker injuries or fatalities, resulting in legal
action and penalties.
If you’d like, I can help you create a more detailed analysis template or explain specific
OSHA regulations further. Let me know!

. J

Figure 9: Response 1. This response provides a structured framework and examples, preferred by Skywork-Reward.
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Dataset Example Part 3: Response 2 (Preferred by ArmoRM)

Certainly, I can provide guidance on how to analyze construction plans and blueprints for
potential safety violations regarding scaffolding and fall protection under OSHA regulations.
However, since you didn’t attach or describe the specific plans, I will outline a general
approach to conducting this type of analysis. If you provide further details or specific
elements from the plans, I can tailor the guidance accordingly.

### *xGeneral Approach to Analyzing Construction Plans for Safety Violations**

1. Understand OSHA Standards for Scaffolding and Fall Protection - Review OSHA’s scaffolding
standards (29 CFR 1926 Subpart L) and fall protection standards (29 CFR 1926 Subpart M). -
Key scaffolding requirements include: - Proper design and construction to support intended
loads (1926.451(a)). - Guardrails, midrails, and toeboards to prevent falls (1926.451(g)).
- Safe access to scaffolds (ladders, stair towers, or equivalent) (1926.451(e)). - Regular
inspections by a competent person (1926.451(f)(3)). - Key fall protection requirements
include: - Fall protection for workers at heights of 6 feet or more in construction
(1926.501(b)). - Personal fall arrest systems, guardrails, or safety nets where required
(1926.502). - Anchor points capable of supporting 5,000 pounds per worker (1926.502(d)(15)).
- Ensure that workers are trained in scaffold use and fall protection (1926.454).

2. Review the Construction Plans and Blueprints - Scaffolding: - Look for indications
of scaffold placement, type, and dimensions. Ensure scaffolds are designed to handle the
loads specified in the plans. - Verify whether guardrails, midrails, and toeboards are
included in the design. - Check for adequate access points (e.g., ladders or stairs) and
verify that these comply with OSHA standards. - Fall Protection: - Identify areas where
workers will be exposed to fall hazards (e.g., open edges, leading edges, rooflines, or
elevated work surfaces). - Confirm that guardrails, safety nets, or personal fall arrest
systems are specified in these areas. - Verify anchor point locations and ensure they meet
strength requirements. - Other Considerations: - Check for the inclusion of tie-offs for
fall arrest systems. - Look for any potential obstructions or design elements that could
interfere with fall protection systems.

3. Identify and Document Potential Violations - Compare the plans and blueprints against
OSHA standards. - Note any discrepancies or missing safety features, such as: - Missing
or inadequate fall protection systems. - Scaffold designs that lack guardrails, toeboards,
or proper access. - Anchor points not meeting strength requirements. - Lack of compliance
with load-bearing requirements for scaffolds. - Document the location and nature of each
potential violation.

4. Cite Relevant OSHA Regulations - For each identified discrepancy, cite the specific OSHA
standard that applies. For example: - Missing guardrails on a scaffold: 1926.451(g)(1). -
Absence of fall protection at an unprotected edge: 1926.501(b)(1). - Insufficient strength
of anchor points: 1926.502(d)(15).

5. Assess Potential Legal Ramifications - Non-compliance with OSHA standards can result
in: - Fines and penalties for the construction company. - Stop-work orders or project
delays. - Increased liability in the event of worker injuries or fatalities. - Damage to
the company’s reputation and potential legal action from injured workers or their families.
6. Provide Recommendations - Suggest corrective actions to address the identified violations.
- Recommend a review of the plans by a certified safety professional or engineer to ensure
compliance. - Emphasize the importance of worker training and regular safety inspections.

#i## **Sample Report Outlinexx

*%x1. Executive Summary*x - Brief overview of findings. - Summary of key violations and
areas of concern.

*%x2. Analysis of Scaffolding Design** - Description of scaffolding plans. - Identified
violations with OSHA citations. - Recommendations for corrective actions.

*x3. Analysis of Fall Protection Measures** - Description of fall hazard areas. - Identified
violations with OSHA citations. - Recommendations for corrective actions.

*%x4. Potential Legal and Financial Ramifications** - Overview of risks associated with
non-compliance.

*x5. Conclusion** - Final summary of findings and recommendations.

*x6. Appendices** - Copies of relevant OSHA standards. - Annotated blueprints highlighting
areas of concern.

### **Next Steps*x*

If you can share more specific details about the construction plans or blueprints (e.g.,
scaffold type, worksite height, or fall hazard areas), I can provide a more detailed
analysis and tailored recommendations.

Figure 10: Response 2. This response provides a general approach and checklist, preferred by ArmoRM.
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How do | wrap a present neatly?
Response 1: Score: 83/100

Here's a step-by-step guide to wrapping presents neatly: Materials: ** Wrapping paper * Scissors * Tape (clear or colored) * Ruler or straight edge * Ribbon (optional) * Gift tag (optional) Steps: 1. Prepare
the Gift: * Remove any price tags or stickers. * If necessary, flatten the gift box to ensure a smooth surface for wrapping. 2. Measure and Cut: * Lay out your wrapping paper and place the gift centered on
top. * Measure and cut the paper generously wider than the gift on all sides, leaving enough extra length for folding and sealing. 3. Start Wrapping: * Fold the top flap of the paper down, aligning the edges
carefully. * Bring the left side of the paper over the right side, aligning the edges smoothly. Use tape to secure the join. Repeat on the other side, creating a neat rectangle. 4. Secure the Sides: * Fold the bottom
edge of the paper up and secure it with tape. Repeat this process for the other side, creating a neat, closed edge. 5. Fold and Tuck: * Fold the top flap down again, creating a clean and smooth edge. Tuck any
excess paper neatly underneath. Use tape to secure the folded edge. 6. Finishing Touches: * Gently smooth out any wrinkles or creases in the wrapping paper. * Cut a length of ribbon and tie a bow or secure it
with tape for a decorative finish. * Add a Gift Tag: Write a personalized message and attach it to the gift. Tips for Extra Neatness: * Use a ruler: This helps achieve straight lines when folding and cutting the
paper. * Practice: Wrapping presents neatly takes practice! Don't get discouraged if your first few attempts aren't perfect. * Dampen the paper: Lightly misting the paper with water can help it conform more
easily to curves. * Use double-sided tape: This can create a more professional finish and prevent the tape from showing through the paper.

Response 2: Score: 92 /100

Here's a step-by-step guide to wrapping presents like a pro: Preparation is Key 1. Gather Your Supplies: * Wrapping paper: Choose paper that complements the gift and is the right size. * Scissors: Sharp
scissors make clean cuts. * Tape: Masking tape for secure adhesion, clear tape for a more decorative look (optional). * Ruler: Helpful for straight lines and measuring. * Box (optional): For larger gifts, a
sturdy box helps prevent wrinkles. * Gift tag: Don't forget the personal touch! * Decoration (optional): Ribbon, bows, twine, ornaments, etc. for extra flair. 2. Prepare the Gift: * Neatly Fluff: If the gift has
stuffing, smooth it out to avoid bunching. * Box it Up (optional): If using a box, wrap the box itself with paper (double-wrap for extra protection). Wrapping Techniques * The Basic Wrap: 1. Lay It Out:
Place the gift on a flat surface with some room to work. 2. Paper Measurement: * Standard Size: Paper should extend about 6 inches (15 cm) beyond both sides of the gift. * Wider Gifts: Add more paper on
all sides. 3. Center & Smooth: Position the paper, aligning one short edge with the top/bottom of the gift. Smooth down firmly, removing wrinkles. 4. Fold & Tuck: Fold the top flap down, tucking the excess
paper under the gift. Repeat with the sides, creasing well to secure. 5. Seal It Up: Apply tape along the entire edge of each flap, pressing firmly for a strong bond. 6. Finishing Touch: Fold the bottom edge up
and tape neatly. * Creative Extras: * Diagonal Wrap: For a modern look, fold the paper diagonally to create a triangle at the corners, then tuck and tape. * Double-Wrap: For extra protection or a luxe feel,
wrap the gift in two layers of paper, overlapping the edges. * Slim Gift Hacks: Use a long strip of paper, wrapping it around the gift like a scarf, then taping at the ends. Finishing Touches 1. Cut the Tape:
Use a straight, clean cut to avoid jagged edges. 2. Add a Ribbon (optional): Tie a bow, wrap loosely around, or create a knot. 3. Gift Tag Time: Attach your tag securely with tape or a glue stick. 4.
Decoration Fun: Get creative! Add sprigs of greenery, ornaments, or patterned ribbon for personality. Tips for Perfection: * Practice Makes Perfect: Wrap a few scraps of paper first to get the hang of it. *
Sharp Scissors: They make clean cuts, reducing paper puckering. * Don't Be Afraid to Experiment: Find what wrapping styles you like best! * Think About the Recipient: A simple wrap is perfect for kids,
while elegant paper and ribbon suit adults. * Have Fun! Wrapping should be enjoyable, not stressful. Let me know if you want help with a specific wrapping style or have a particular gift in mind! 4 &

Figure 11: Qualitative comparison of generated responses. Response 1 (ConsensusRM-Reverse) suffers from a
dense, unstructured layout, resulting in a lower score (83/100). In contrast, Response 2 (ConsensusRM) exhibits
superior organization with clear headings, achieving a higher score (92/100) as rated by GPT-5.2.
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