
Published as a conference paper at COLM 2026

WorldPM: Scaling Human Preference Modeling
via Real-World Feedback

Binghai Wang1,2, Runji Lin2, Keming Lu2, Le Yu2, Zhenru Zhang2, Fei Huang2∗,
Chujie Zheng2, Kai Dang2, Yang Fan2, An Yang2, Binyuan Hui2, Dayiheng Liu2, Tao Gui1∗,
Qi Zhang1, Xuanjing Huang1, Yu-Gang Jiang1, Bowen Yu2∗, Jingren Zhou2, Junyang Lin2

1 Fudan University 2 Qwen Team, Alibaba Group

Abstract

Inspired by the success of scaling language modeling through massive real-
world corpora, we demonstrate that similar power-law patterns exist in
preference modeling. We propose World Preference Modeling (WorldPM),
which leverages naturally occurring signals from real-world user inter-
actions as a scalable source of preference data. We curate a 15M-scale
preference dataset from online forum and conduct large-scale experiments
on models from 1.5B to 72B parameters. Across 10 objective preference test
sets with consensus-based labels, we observe two distinct scaling patterns:
(1) common-sense preference (e.g., identifying factual errors) exhibits stable
log-linear improvement across all model sizes, while (2) domain preference
(e.g., coding, math, knowledge QA) exhibits a capacity-gated pattern where
only sufficiently large models achieve meaningful scaling. Through training
dynamics analysis, we reveal the learning mechanism behind preference
scaling: the model first learns to discriminate using surface preferences, but
counter-surface examples progressively compel it to discover non-surface
preferences as training scales. Further experiments validate WorldPM as an
effective foundation for preference fine-tuning, broadly improving general-
ization across human preference datasets of varying sizes (7K, 100K, and
800K), with gains exceeding 5% on many key subtasks.

1 Introduction

Kaplan et al. (2020) demonstrate that language modeling performance exhibits scaling laws:
by pre-training on massive real-world corpora, model capabilities are continuously pushed
to new frontiers (Touvron et al., 2023; Qwen et al., 2024). We argue that similar scaling
potential exists in preference modeling, and thus propose World Preference Modeling
(WorldPM) to unlock it. WorldPM uses naturally occurring aggregate signals from large-
scale community interactions as a scalable preference-modeling foundation.

To capture this real-world preference consensus at scale, online forums provide a natural so-
lution. As platforms that facilitate large-scale interaction and opinion sharing, online forums
aggregate vast amounts of user preference data through voting mechanisms, substantially
advancing research on collective decision making in social sciences and psychology (Easley
& Kleinberg, 2010; Pal et al., 2012; Hu et al., 2008). Despite the immense value of these pref-
erence signals, they have rarely been effectively leveraged at scale by artificial intelligence.

In this study, we compare preference data from StackExchange, Reddit, and Quora, then
use StackExchange as the sole source of the 15M training pairs for every reported WorldPM
model; Reddit and Quora appear only in source-selection and cross-source analyses. We
conduct systematic experiments on models (Qwen et al., 2024) ranging from 1.5B to 72B
parameters. Across 10 objective preference test sets spanning diverse domains, we consis-
tently observe that test losses decrease steadily as training scale and model capacity increase.
Further categorized by difficulty, this scaling trend manifests in two distinct patterns:
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(1) In common-sense preference evaluation, test losses decrease log-linearly with training
scale. On basic tasks such as identifying responses containing factual errors, or those that
are fluent but off-topic or incomplete, models of all sizes exhibit highly consistent power-law
scaling. This suggests that large-scale training can substantially enhance reward models’
ability to discriminate response quality deficiencies (Park et al., 2024; Zeng et al., 2024).

(2) In domain preference evaluation, we observe a capacity-gated scaling pattern. On tasks
requiring genuine domain knowledge (such as mathematics, code, and knowledge-based
QA), smaller models (1.5B, 7B) show limited improvement, while only models of sufficient
scale (32B, 72B) begin to exhibit log-linear decreases in test loss. This suggests that domain
preference discrimination is an inherently challenging task that requires sufficient model
capacity to benefit from large-scale weakly supervised data, echoing capacity-dependent
phenomena observed in language modeling (Wei et al., 2022).

Through analysis of WorldPM’s training dynamics, we reveal the learning mechanism
underlying preference modeling’s scalability. We discover an asymmetric learning dynamic:
the model first exploits surface preferences (e.g., favoring longer responses) to classify the
majority of examples, but the dataset also contains substantial counter-surface examples
where shorter responses are preferred. These examples produce persistent losses that surface
preferences cannot resolve, compelling the model to learn deeper semantic representations
and internalize a robust consensus on human intrinsic utility (Geirhos et al., 2020).

Finally, we validate WorldPM’s strong generalization as a foundation for preference fine-
tuning. We conduct comprehensive experiments across human preference datasets of
varying sizes (7K, 100K, and 800K samples) and evaluate on 7 benchmarks with 16 subtasks.
WorldPM consistently yields significant performance gains across all dataset scales, with
improvements exceeding 5% on many key subtasks. Furthermore, performance gains
show a clear positive correlation with pre-training scale, demonstrating WorldPM’s scalable
advantages as a preference foundation model.

2 Background & Related Work

2.1 Reinforcement Learning from Human Feedback

Reinforcement Learning from Human Feedback (RLHF) has emerged as a critical technique
for aligning large language models (LLMs) with human preferences (Christiano et al., 2017;
Stiennon et al., 2020; Ouyang et al., 2022; Grattafiori et al., 2024; Yang et al., 2024; Qwen et al.,
2024; DeepSeek-AI et al., 2025). A central component is reward modeling (Bai et al., 2022;
Zheng et al., 2023), which captures human preferences and is also referred to as preference
modeling (PM) (Ouyang et al., 2022). We use both terms interchangeably in this work.

A preference model (PM) learns from pairwise comparison data (x, y0, y1), where label
Y ∈ {0, 1} indicates which response is preferred. The model computes scores rθ(x, y0)
and rθ(x, y1) for each response using reward function rθ . Following the Bradley-Terry
model (Bradley & Terry, 1952), the preference probability is:

P(Y = 0|x, y0, y1) = sigmoid(rθ(x, y0)− rθ(x, y1)), (1)

The PM replaces the LLM’s last decoding layer with a linear layer to output a scalar score
and is trained on preference dataset D to minimize the Bradley-Terry (BT) loss (Sun et al.,
2024):

LBT = −E(x,y0,y1,Y)∼D [log P(Y|x, y0, y1)], (2)

The trained PM is used to evaluate policy quality. In this work, we adopt Best-of-N (BoN)
sampling as a fine-tuning-free alignment evaluation method (Gao et al., 2023; Coste et al.,
2023; Ivison et al., 2024), which selects the highest-scoring response from N candidates
generated for each prompt.
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2.2 Preference Modeling

Existing preference modeling and alignment methods can be primarily divided into two
categories: The first category is scalar reward modeling based on the Bradley-Terry (BT)
model. The second category involves text-based generative reward modeling methods like
GenRM and LLM-as-judge (Liu et al., 2025b; Chen et al., 2025; Gu et al., 2026; Whitehouse
et al., 2025). WorldPM focuses on the BT scalar model because its fixed scalar loss is defined
identically across model and data scales, enabling controlled comparisons; this methodolog-
ical choice is not a claim that BT is superior to generative reward models (GenRMs). Scaling
analyses for GenRMs are left to future work. Previous research often utilized small-scale,
high-quality human-annotated datasets (typically containing 103–105 examples) (Wang
et al., 2025) or AI-annotated datasets such as UltraFeedback (Cui et al., 2024), which may
exhibit systematic biases (Chiang & yi Lee, 2023; Fu & Liu, 2025). Recent work has also
explored large-scale human-AI collaborative curation to improve both scale and quality
simultaneously (Liu et al., 2025a). In contrast, WorldPM leverages large-scale forum data,
which inherently contains human preference signals to empirically study scaling laws in
reward modeling.

2.3 Preference Model Pre-training

Due to the high cost of preference annotation, Askell et al. (2021) propose using public forum
data for Preference Model Pre-training (PMP). Building on their research, we contribute
several novel findings beyond simply scaling data and models: (1) we discover two distinct
scaling patterns: common-sense preference follows a stable power-law, while domain pref-
erence exhibits capacity-gated scaling at larger sizes; (2) we reveal an asymmetric learning
mechanism where models initially exploit surface features before counter-surface examples
drive them to learn intrinsic utility; and (3) we show that surface-feature interference funda-
mentally limits subjective evaluations for studying scaling laws. Additionally, we conduct
preference fine-tuning on larger, diverse datasets across rich benchmarks, extending well
beyond their limited 5K-sample, in-distribution experiments.

3 Modeling World Preference

3.1 Data Source Selection

Data Collection: To model world preference, we collect data from multiple public forums,
including StackExchange (a professional Q&A platform), Reddit (a social news and com-
munity discussion platform), and Quora (a knowledge sharing community). These forums
contain posts with user responses that receive upvotes and downvotes, naturally creating
preference patterns. For each prompt x (post), we sample two responses with different net
votes (upvotes minus downvotes) to form preference pairs (y0, y1), where the label Y points
to the response with higher votes.

Data Selection: Through extensive training and validation across different data sources,
StackExchange emerges as the highest-quality source, achieving the best generalization
both across external out-of-domain test sets and across other data sources (Table 2). Notably,
StackExchange also demonstrates the strongest cross-source generalization ability, transfer-
ring well to Reddit, Quora, and even human-annotated HelpSteer2 (Figure 6). We therefore
select StackExchange as the sole source for the 15M WorldPM training set; Reddit and Quora
are retained only for source-selection and cross-source analyses. Furthermore, we verify
that our findings are robust to data construction choices: vote score differences between
preference pairs do not significantly affect performance (Table 3), and training on differ-
ent topic domains within StackExchange yields consistent results across all benchmarks
(Table 4), suggesting that the preference patterns captured are domain-agnostic. Detailed
analyses of different data sources can be found in Appendix A.1. Additional details on
forum data analysis, preference pair sampling strategies (including vote margin controls)
and training examples are provided in Appendices A.2, A.3 and F.
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3.2 Experimental Setup

Training Methods: We follow the standard preference modeling framework (Section 2.1).
All models are trained using a learning rate of 3e-6 and a 10K batch size, with ablation
studies provided in Appendix B.1.

Evaluation Methods: Preference test sets from RM benchmarks generally fall into objective
and subjective categories. Objective test sets have consensus-based labels (e.g., factual
correctness or code functionality), while subjective ones reflect individual annotator pref-
erences. We focus on objective test sets because current subjective benchmarks conflate
surface-feature confounds, pluralistic values, and potentially non-transitive structures,
which obstruct a single scaling signal ( Section 3.5 ). Within objective test sets, we further
distinguish by difficulty: (1) Common-sense preference identifying basic flaws such as
factual errors or off-topic answers, requiring no specialized knowledge, and (2) Domain
preference requiring domain expertise, such as mathematical proofs or code correctness.

Specifically, we evaluate WorldPM on diverse objective test sets from multiple RM bench-
marks: PPE (Frick et al., 2024) (MMLU-Pro, IFEval, GPQA, MATH, and MBPP-Plus
(Liu et al., 2023)), RMB (Zhou et al., 2024) (Helpfulness), RM-Bench (Liu et al., 2024) (chat,

code, math), RewardBench (Lambert et al., 2025) (chat-hard, reasoning), and Offset Bias (Park
et al., 2024). We uniformly use their preference pairs to compute test losses (i.e., BT loss)
for consistent evaluation. Detailed descriptions of these benchmarks and our evaluation
methods are provided in Appendices B.2 and B.3. For the six domain benchmarks sup-
porting the capacity-gated claim, we run a 13-gram overlap screen against all 15M training
pairs. Manual review finds no confirmed benchmark-derived training pair among the
automatically flagged items (Appendix A.5).

3.3 Scaling Laws

We collect as many posts, responses, and votes as possible from StackExchange to construct
preference pairs, yielding approximately 15M pairs, and conduct world preference modeling
on Qwen2.5 models (Qwen et al., 2024) ranging from 1.5B to 72B parameters. Subsequently,
we evaluate WorldPM’s out-of-domain generalization on various objective test sets using
BT loss (Equation 2).We find that WorldPM exhibits clear but distinct scaling patterns on
common-sense and domain preferences (Figure 1).

Figure 1: Scaling patterns of WorldPM. Left: Test loss on common-sense preference evalua-
tion follows a power law with training data size (R2 > 0.9). Middle: Domain preference
evaluation shows a capacity-gated scaling pattern, where power-law decrease is observed
only at 32B+ scales while smaller models show limited improvement. Right: Minimum
test loss across four model scales shows a decreasing trend consistent with a power-law fit,
though the limited number of data points warrants cautious interpretation.

Common-sense preference exhibits stable power-law scaling. Our common-sense pref-
erence evaluation comprises three test sets: factual error detection (from RM-Bench chat),
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OffsetBias, and LLMBar (from RewardBench chat-hard). These tasks test basic judgments on
which humans broadly agree, such as identifying factual errors or distinguishing fluent but
off-topic answers. As shown in Figure 1 (left), all model sizes (1.5B to 72B) exhibit consistent
power-law decrease with aggregated R2 exceeding 0.9. Prior studies (Park et al., 2024;
Zeng et al., 2024) have identified PM vulnerabilities that RLHF can exploit (e.g., favoring
superficially good but unfaithful responses). Our findings suggest these vulnerabilities may
stem from limited training data.

Domain preference exhibits capacity-gated scaling. We evaluate domain preference us-
ing six objective test sets: coding (MBPP-Plus, HumanEvalPack), mathematics (MATH),
knowledge-based QA (MMLU-Pro, GPQA), and instruction following (IFEval). As shown
in Figure 1 (middle), small models (1.5B, 7B) produce nearly flat scaling curves with low
goodness of fit (0.418 and 0.652, respectively), while large models (32B, 72B) exhibit clear
power-law decrease. This capacity-gated pattern suggests that effective domain preference
scaling requires a minimum model capacity, though we note that this observation is based
on four model sizes within a single architecture family and warrants further validation.

Preliminary evidence for parameter scaling. Figure 1 (right) plots minimum test loss
against model parameters. A power-law fit (Lmin = 0.688 × N−0.033, R2 = 0.973) suggests
that performance improves with model size. However, this observation relies on only four
data points from a single model family, limiting the statistical reliability of the fit. We treat
this as a suggestive trend; validation across more model scales and architectures is needed
before drawing conclusions about parameter scaling laws in preference modeling.

Figure 2: Task-wise scaling analysis across ten objective test sets. Larger models demon-
strate broader generalization, maintaining scaling even on the most challenging tasks (e.g.,
GPQA) where smaller models fail to benefit from additional training data.

Figure 2 further reveals that scaling in preference modeling is capacity-gated. Across
the ten objective test sets, smaller models progressively lose the ability to benefit from
additional training data on more demanding tasks: 1.5B flattens first (e.g., MBPP-Plus,
MATH), followed by 7B and 32B. In contrast, only the largest model (72B) maintains
meaningful scaling on the most challenging benchmarks (e.g., GPQA). This demonstrates
that larger models can extract effective preference signals and scale across a significantly
broader range of tasks.
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(a) Left: validation accuracy improves contin-
uously with training and model scale. Right:
correlation between model predictions and sur-
face features (length, markdown formatting) is
high early in training but decreases with training
scale and model size, indicating that the model
naturally reduces its reliance on surface features
through large-scale training.

(b) Asymmetric learning dynamics. The
model rapidly fits majority-surface-pattern
data (Chosen Longer) to 82% accuracy while
gradually incorporating minority counter-
surface instances (Chosen Shorter, starting at
only 57%), with the latter showing logarith-
mic growth.

3.4 Learning Mechanism of Preference Scaling

The above scaling laws show that preference modeling performance improves continuously
with training scale and model size. But what does the model actually learn? Prior research
has documented that preference models tend to learn surface-level shortcuts (Geirhos
et al., 2020; Holtzman et al., 2021), such as preferring longer or more richly formatted
responses rather than truly understanding content quality. This length and style bias (Dubois
et al., 2024; Chiang et al., 2024) remains a central challenge. We investigate whether large-
scale training can naturally overcome this surface feature dependence by analyzing the
relationship between model predictions and surface features during WorldPM training.

Large-scale training naturally overcomes surface preference bias. Given a preference pair
(x, y0, y1), let S, P, and G denote which response has better surface attributes, the model’s
prediction, and the human label, respectively. We use the Phi coefficient (ϕ) (Cramér, 1946)
to measure their correlations and examine two surface attributes: Slength (longer response)
and Smarkdown (more markdown markers).

As shown in Figure 3a, validation accuracy improves continuously with training and model
scale (left), while ϕ(P, S) steadily decreases toward the Oracle level ϕ(G, S) (right). Early
in training, ϕ(P, S) far exceeds the Oracle, consistent with shortcut learning (Geirhos et al.,
2020; Holtzman et al., 2021; Zhang et al., 2016). The joint trend of rising accuracy and
declining ϕ(P, S) is consistent with the hypothesis that the model progressively learns to
judge content quality rather than merely favoring longer or better-formatted responses.

Asymmetric learning dynamics reveal the mechanism behind scaling. We split the valida-
tion set by length into two groups: Chosen Longer (the preferred response is longer than
the rejected one) and Chosen Shorter (vice versa). As shown in Figure 3b, the model starts
at 82% accuracy on Chosen Longer but only 57% on Chosen Shorter; as training progresses,
Chosen Longer remains stable while Chosen Shorter grows logarithmically. The model
initially exploits the “longer is better” heuristic for strong majority performance, but the
substantial counter-surface examples (where the preferred response is shorter) produce
persistent losses that this heuristic cannot resolve, compelling the model to learn deeper
semantic representations that go beyond surface preferences.

3.5 Limitations of Subjective Evaluation

The preceding analysis concerns objective test sets. We organize the difficulty of sub-
jective scaling evaluation into three distinct sources. (a) Surface-feature confounds: la-
bels correlate with response length and formatting; the style-control experiments below
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directly quantify only this source. (b) Pluralistic values: different groups can hold co-
herent but incompatible preferences without a single ground truth (Sorensen et al., 2024)
. (c) Non-transitive structure: pairwise preferences need not admit a global scalar or-
der (Gu et al., 2021; Duan et al., 2017), whereas BT represents each response by one score.
These latter two possibilities are meaningful structure, not merely noise, and are discussed
rather than measured here. The retained comparisons produced from aggregate StackEx-
change scores are acyclic by construction; this property of the constructed labels does not
establish transitivity of individual or underlying population preferences (Appendix A.4).

3.5.1 Style Control Method

Inspired by Chiang et al. (2024), we separate style from content in preference model evalua-
tion. For a preference pair (x, y0, y1), let rθ(x, y0) and rθ(x, y1) be the model scores, with their
score difference D(x, y0, y1) = rθ(x, y0)− rθ(x, y1). Let V ∈ RS be the style feature vector,
where S is the number of features. We use four style features: token length, markdown lists,
headers, and bold elements. The style difference is normalized as follows:

Zi(x, y0, y1) = normalize
(

Vi(y0)− Vi(y1)

Vi(y0) + Vi(y1)

)
, i = 1, . . . , S. (3)

The final evaluation metric combines score difference and style difference as R = Dα + ZT β,
where weights α and β are learned through linear regression with the preference model
scores frozen, minimizing the binary cross-entropy loss:

α̂, β̂ = arg min
α∈R,β∈RS

1
n

n

∑
i=1

−(Yi log(sigmoid(Ri)) + (1 − Yi) log(1 − sigmoid(Ri))), (4)

Explicitly modeling style factors maximizes the capture of style-related gains in evaluation
outcomes across different models, isolating style influence when comparing models. Style
control uses Ri = Diα + ZT

i β as the final score, while the no-control condition fixes β = 0.

3.5.2 Comparative Analysis of Subjective and Objective Test Sets

Figure 4: Test loss comparison on subjective tasks (left) and objective tasks (right) with and
without style control. Subjective tasks are substantially affected by surface features, with
this effect amplifying with scale; objective tasks are nearly unaffected.

As shown in Figure 4, the two types of test sets exhibit contrasting patterns. On objective
test sets (right), the curves with and without style control nearly overlap, confirming that
evaluation results genuinely reflect content discrimination ability. On subjective test sets
(left), the uncontrolled curve shows a non-monotonic trend (first decreasing then increasing).
After style control, the curve becomes noticeably smoother, indicating that this apparent
behavior largely stems from spurious correlations between surface features and subjective
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labels. More critically, this interference continuously amplifies with training scale and
model size, as the gap between Original and Controlled curves keeps widening. This
is a direct consequence of Section 3.4: as WorldPM progressively reduces its reliance on
surface features, its predictions diverge further from the surface-correlated subjective labels,
widening the gap.

Furthermore, length and markdown formatting are only a few quantifiable dimensions
among surface features. Subjective preferences are also influenced by many latent factors
(e.g., tone, level of detail, phrasing style) that cannot be easily separated or controlled. Even
controlling for just a few quantifiable surface features fundamentally changes subjective scal-
ing curves; the full spectrum of latent factors would only exacerbate this problem. Therefore,
the surface-feature confounds directly measured here increasingly affect the observed
subjective scaling curves as model capability improves. Current benchmarks therefore
require methods that separate such confounds from genuine preference diversity before
they can support a single scaling-law characterization .

4 Preference Fine-Tuning based on WorldPM

4.1 Experimental Setup

We evaluate WorldPM as an effective foundation for preference fine-tuning using three
human preference datasets: HelpSteer2 (Wang et al., 2024b), UltraFeedback (Cui et al.,
2024), and pair data v2 800K wsafety1 from RLHFlow (hereafter referred to as RLHFlow).
HelpSteer2 comprises approximately 7K preference comparisons across five dimensions.
Since we consider only a single reward, we selected helpfulness scores as the preference
labels. UltraFeedback contains four responses per question; we extracted approximately
100K preference pairs. RLHFlow encompasses approximately 800K data points. These
datasets of varying sizes enable us to understand the effectiveness boundary of WorldPM.
We use batch size 128 for HelpSteer2 and 512 for others, training each for at least two epochs.
Models are selected based on validation loss.

We validate the effectiveness of WorldPM in preference fine-tuning through two approaches.
First, we evaluate using various RM benchmark metrics (consistent with Section 3.2, in-
cluding subjective, domain preference, and common-sense preference metrics). Following
Section 3.5.1, we compute scores as preference prediction accuracy, where preference is
determined by the sign of reward difference R (with or without style control). Second,
we employ best-of-N sampling for alignment evaluation. The alignment performance is
assessed on two benchmarks - Arena Hard and Alpaca Eval - following our previously de-
scribed evaluation protocol. Specifically, we generate 64 samples from Qwen2.5-7B-Instruct
and Qwen2.5-72B-Instruct for the 7B and 72B models.

4.2 Evaluation Results

Table 1 shows the results for 72B models with style-controlled scores (see Appendix C.3
for 7B and uncontrolled results, which show consistent findings). WorldPM initialization
improves performance across domains and fine-tuning datasets of varying scales. Given
the high cost of preference annotation, WorldPM provides a valuable foundation for PM
training. Key findings include:

Subjective domains: PPE-Human and RMB-Helpful show notable improvements, suggest-
ing WorldPM learns useful general representations for subjective preference. RewardBench-
Chat shows slight decrease but remains above 97%, indicating metric saturation.

Domain preference domains: PPE’s domain preference metrics, RM-Bench’s code and math
metrics, and RewardBench’s reasoning metrics demonstrate broad improvements.

Common-sense preference domains: Smaller datasets (e.g., HelpSteer2) show notable
improvements, while larger ones exhibit minimal changes. WorldPM itself already achieves

1https://huggingface.co/datasets/RLHFlow/pair data v2 80K wsafety
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Table 1: Effect of WorldPM initialization on 72B model’s PM fine-tuning performance across
different evaluation categories. Abbreviations: RB - RewardBench, RM-B - RM-Bench.

Metrics Helpsteer2 UltraFeedback RLHFlow

w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM

Subjective Evaluation

PPE-Human 64.76 66.68 (↑2.97%) 65.12 66.94 (↑2.80%) 68.14 68.93 (↑1.16%)
RMB-Helpful 77.76 78.53 (↑1.00%) 79.80 81.73 (↑2.41%) 79.26 80.89 (↑2.05%)
RB-Chat 98.04 98.88 (↑0.85%) 97.63 96.37 (↓1.29%) 98.46 97.91 (↓0.57%)

Domain Preference Evaluation

PPE-MBPP 70.50 78.76 (↑11.72%) 75.02 79.46 (↑5.92%) 82.28 82.39 (↑0.14%)
PPE-GPQA 57.66 59.63 (↑3.42%) 59.22 61.19 (↑3.33%) 62.52 63.75 (↑1.97%)
PPE-IFEval 59.24 63.63 (↑7.42%) 60.57 64.34 (↑6.22%) 64.26 65.39 (↑1.76%)
PPE-MATH 69.94 77.17 (↑10.33%) 72.77 78.16 (↑7.41%) 79.36 83.01 (↑4.60%)
PPE-MMLU 70.20 74.96 (↑6.79%) 72.42 75.08 (↑3.67%) 79.04 79.30 (↑0.32%)
RM-B-Code 60.75 69.30 (↑14.08%) 67.32 70.18 (↑4.23%) 72.15 73.46 (↑1.82%)
RM-B-Math 72.78 77.69 (↑6.75%) 73.72 77.79 (↑5.51%) 87.81 86.20 (↓1.83%)
RB-Reason 96.65 98.25 (↑1.66%) 96.30 97.48 (↑1.23%) 97.52 98.15 (↑0.64%)

Common-sense Preference Evaluation

RB-Chat-Hard 84.87 87.28 (↑2.84%) 84.54 83.00 (↓1.82%) 84.21 84.54 (↑0.39%)
RM-B-Chat 81.01 82.17 (↑1.44%) 80.23 79.46 (↓0.97%) 85.66 84.50 (↓1.36%)
OffsetBias 83.14 89.76 (↑7.96%) 87.29 88.05 (↑0.88%) 87.89 87.47 (↓0.47%)

Alignment Evaluation

Arena Hard 88.52 89.72 (↑1.36%) 89.16 90.37 (↑1.36%) 90.41 90.82 (↑0.45%)
Alpaca Eval 60.34 63.39 (↑5.07%) 59.95 63.73 (↑6.31%) 65.51 66.26 (↑1.14%)
Arena Hard-SC 88.47 90.54 (↑2.34%) 88.82 90.74 (↑2.16%) 91.06 91.76 (↑0.77%)
Alpaca Eval-LC 53.26 55.45 (↑4.12%) 56.83 59.80 (↑5.23%) 56.95 55.58 (↓2.40%)

high accuracy on these metrics (around 90% for RM-Bench Chat and OffsetBias, as shown
in Figure 18). The post-fine-tuning decrease shows WorldPM’s initial gains are gradually
lost, approaching the performance of models without WorldPM initialization, indicating
easily modifiable features.

Alignment evaluation: Most metrics improve with and without style control (-LC and -SC
denote their respective default style control strategies). Exceptions in RLHFlow’s Alpaca
Eval may be attributed to RLHFlow’s large scale and high quality, making WorldPM’s
benefits less pronounced.

4.3 The Impact of WorldPM Training Scale on Fine-tuning

To study how WorldPM’s training scale affects fine-tuning, we experiment with different
72B WorldPM checkpoints (trained on 5M, 10M and 15M samples) and a baseline without
WorldPM. We fine-tune each checkpoint on Helpsteer2 and Ultrafeedback datasets, selecting
models with the lowest validation loss. Our evaluation encompassed PPE metrics and
downstream alignment performance assessed through BoN sampling on Qwen2.5-72B-
Instruct using AlpacaEval and Arena-Hard benchmarks.

As shown in Figure 5, we observe significant improvements starting at 5M samples, with
PPE-Objective showing the most consistent gains while subjective metrics exhibit more
variation. This directly connects to our scaling law findings in Section 3: checkpoints
with lower pre-training loss (Figure 1) consistently yield better fine-tuning performance,
confirming that larger-scale WorldPM pre-training translates into stronger downstream
preference learning.

5 Conclusion

This work demonstrates that preference modeling follows scaling laws similar to language
modeling. Training on 15M StackExchange preference pairs across 1.5B to 72B models,
we show that preference capabilities exhibit diverse scaling patterns, ranging from sta-
ble power-laws to capacity-gated scaling that requires sufficient model size. We also re-
veal an asymmetric learning mechanism in preference modeling. Furthermore, we show
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Figure 5: Comparison of PM fine-tuning performance across different WorldPM training
scales. Larger WorldPM scales demonstrate enhanced fine-tuning benefits.

that measured surface confounds complicate subjective scaling evaluation, and validate
WorldPM as an initialization for subsequent fine-tuning on curated or expert preferences.
Future work should study confound-reduced subjective evaluation, multidimensional and
intransitivity-aware preference models (Gu et al., 2021; Duan et al., 2017), and controlled
scaling protocols for GenRMs.
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Declaration of Generative AI and AI-assisted technologies

During the preparation of this work, the author(s) used Large Language Models (LLMs)
to edit and polish the text to improve readability, and to generate code to assist in data
visualization and figure plotting. The LLMs were not used to generate research ideas,
original scientific content, or conduct evaluations. The author(s) thoroughly reviewed all
generated code and edited text, and take full responsibility for the final content of this
publication.

Limitation

Our dataset comprises 15M preference pairs (approximately 30G tokens) from StackEx-
change, modest in contrast to conventional next-token prediction pre-training, which rou-
tinely utilizes datasets of trillion-token scale. Significant opportunities exist for expanding
preference pretraining data through untapped sources such as various forums and social
media platforms.

All scaling experiments are conducted on a single model family (Qwen2.5), which provides
a comprehensive range of model sizes from 1.5B to 72B parameters. While this enables con-
trolled comparisons across scales, the observed scaling patterns—particularly the parameter
scaling trend and the capacity-gated behavior—may be specific to this architecture and may
not generalize to other model families. Validation with additional architectures is needed to
establish the universality of these findings.

Our training data is predominantly English-language and technically oriented, reflecting
the composition of StackExchange. This introduces potential biases: the model may favor
technical or professional answer styles, and its preference judgments may not transfer well
to other languages, cultural contexts, or non-technical domains such as creative writing or
emotional support.

More broadly, the term “World Preference” should be understood as an aspiration rather
than a precise characterization. Our current data source—primarily StackExchange—
represents a specific demographic (predominantly English-speaking, technically-oriented
users) with shared community norms and voting conventions. The cross-domain transfer-
ability demonstrated in Table 4 (across StackOverflow, Math SE, and other boards) may
partly reflect the consistency of community norms within this ecosystem rather than truly
universal human preferences. Extending WorldPM to more diverse platforms, languages,
and cultural contexts is an important direction for future work to assess the generality of
the preference signals captured here.

In addressing subjective evaluation biases, we control only for length and Markdown
formatting. Many other influential factors, including emotional preferences, tone, level
of detail, phrasing style, and cultural tendencies, remain challenging to capture, under-
scoring the complexity of subjective assessment. The interconnected nature of various
aspects in subjective evaluation makes comprehensive and granular assessment particu-
larly challenging, as these elements prove difficult to isolate effectively. Our style control
analysis (Section 3.5) therefore provides a lower bound on the true extent of surface-feature
interference in subjective evaluations.

WorldPM initialization provides weaker gains in the 800K RLHFlow setting than in smaller
downstream datasets. Moreover, the 72B fine-tuned models show mixed safety results,
improving some metrics and regressing on others (Appendix C.3). We report these observa-
tions without assigning an unsupported causal explanation and do not claim a consistent
safety benefit.

Ethics Statement

Purpose and Intended Use
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WorldPM is strictly intended for academic research purposes, specifically for: (1) investigat-
ing the scaling laws of preference modeling (reward modeling), and (2) conducting prefer-
ence fine-tuning experiments to enhance fine-tuning effectiveness based on the WorldPM
model.

Potential Risks and Safeguards

We acknowledge the potential risks associated with using large-scale forum data, including
dual-use concerns, privacy issues, and group/cultural biases. To mitigate these risks:

1. We implement rigorous data anonymization during collection, gathering only es-
sential fields (questions, responses, and vote counts) while removing links and
personal information.

2. The model is strictly limited to non-generative purposes (reward modeling),
preventing direct generation of potentially copyright-infringing or privacy-
compromising content.

3. We strive to collect and balance data from diverse boards and demographics to
minimize bias towards specific groups or cultures.

4. We utilize both the forum’s moderation system and response voting metrics to
ensure the quality and appropriateness of the training data. Specifically, content
that has been flagged or removed by the forum’s automated or human moderation
processes is excluded from our dataset. Additionally, we filter out responses that
have received a significant number of downvotes, as these are often indicative
of content that is misleading, low-quality, inappropriate, or otherwise deemed
unhelpful by the community.

5. We will restrict WorldPM to academic research purposes and applications that
benefit human welfare. To mitigate potential biases, we recommend fine-tuning the
model based on WorldPM before deployment.

Despite our efforts to mitigate biases by collecting data from diverse sections and user
groups, we acknowledge that WorldPM may exhibit inherent biases because its StackEx-
change training data is mostly in English and focused on technical topics. While we have
identified and mitigated certain stylistic biases (such as length preferences) through our
evaluation methodology, we recognize that unidentified biases may persist. For example,
the model may favor technical or professional answers over creative ones, and its focus on
English means it may not perform as well on other languages.

Data Licensing and Usage

This research incorporates data from three public platforms: StackExchange, Reddit, and
Quora. While Reddit and Quora data were only used for data source selection analysis in
the Appendix A.1, StackExchange serves as the sole data source for model training and
analysis. The model we plan to release will be trained exclusively on StackExchange data.

1. StackExchange data is publicly available through data dumps 2 and is licensed
under the CC BY-SA 4.0 license. We strictly adhere to this license and will release
our model under the same license as required.

2. Reddit provides public access to their official API 3, through which we obtain their
forum data. We fully adhered to Reddit’s API Terms of Service.

3. We parse Quora corpus from Common Crawl 4. Given Quora’s Terms of Service, we
will not release any Quora-related datasets or models. The Quora data used in our
research has been anonymized and is limited to data source comparison purposes
only.

2https://archive.org/details/stackexchange
3https://www.reddit.com/dev/api
4https://commoncrawl.org/
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Reproducibility Statement

Algorithmically, WorldPM follows the same training approach as traditional BT models,
with detailed training and evaluation settings provided in Appendix B. The training data
for WorldPM is sourced from StackExchange, with data acquisition methods and quality en-
hancement through filtering mechanisms described in Section 5. Sections 3.2 and A provide
comprehensive explanations of our data collection process and detailed data analysis. To
ensure reproducibility, we fully disclose all details regarding training, evaluation, and data.

A Detail of Data

A.1 Training Data Selection

We collect 800K preference pairs from each forum and train them on Qwen2.5-7B to compare
data source quality. As shown in Table 2, StackExchange significantly outperforms Reddit
and Quora across all evaluation sets, despite being entirely out-of-domain from downstream
general preference evaluations. PPE-Objective in the table is the average of five PPE objective
preference evaluation sets; RMB, RewardBench, and RM-Bench report the average of their
respective subsets.

Table 2: Performance comparison across forum data sources. StackExchange outperforms
the other compared sources. Math SE also transfers across the evaluated domains despite
its domain-specific content.

Dataset PPE-Human PPE-Objective RMB RewardBench RM-Bench

Quora 60.2 57.7 66.1 69.0 60.9
Reddit 55.1 59.4 59.5 77.0 60.7
StackExchange 62.8 62.1 76.7 84.4 72.5
↪→Math SE 62.9 62.0 75.0 83.3 75.0

To further understand StackExchange’s out-of-domain generalization ability, we consider
an extreme data source: StackExchange’s Math board, which contains only mathematics-
related content. Models trained on this board perform similarly to those trained on full
StackExchange data across the evaluated preference benchmarks (Table 2), indicating

cross-domain transfer within this evaluation suite.

To further assess cross-source generalization, we train models separately on each forum and
evaluate cross-source prediction accuracy, as shown in Figure 6. StackExchange shows the
best generalization ability among all sources, transferring well to Reddit, Quora, and even
human-annotated HelpSteer2.

Scope of the community signal. StackExchange’s moderation, reputation-gated voting,
and domain organization motivate its selection, while Tables 2–4 provide source, vote-
margin, and cross-domain robustness checks. These checks support transfer beyond a
single board, but they do not turn StackExchange norms into universal human preference;
English-language technical-community bias remains a limitation.

A.2 Forum Data Analysis

Different dimensions of forum data generally follow long-tail distributions. We analyze
all the data collected from StackExchange, as shown in Figure 7. Our analysis focuses on
three key dimensions: reply length, reply upvotes, and the number of replies per post. We
find that forum data, or naturally generated human data, typically exhibits strong long-tail
characteristics. For instance, most forum replies are under 1K in length, receive fewer than
10 upvotes, and posts typically have fewer than 6 replies. Notably, the majority of posts have
only one reply, and many replies have zero upvotes. Consequently, we need to filter out a
significant portion of data where preference relationships cannot be defined, as establishing
a preference pair requires at least two replies to a post with different numbers of upvotes.
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Figure 6: Cross-generalization across StackExchange, Reddit, Quora, and HelpSteer2. Mod-
els trained on one source are evaluated on all others (values: test accuracy; colors: column-
normalized).

Figure 7: Distribution of reply lengths, upvotes, and the number of replies per post across
all StackExchange forum data. All these characteristics demonstrate evident long-tail
distributions. The last subplot indicates a weak correlation between reply length and
upvotes.

It’s worth noting that there are relatively few extremely short replies in the forum data, as
shown in the first graph. We hypothesize this is due to StackExchange’s relatively strict
content moderation mechanisms, which filter out replies lacking substantial information.

We further analyze the relationship between reply length and upvotes, as shown in the last
column of the figure. Overall, the distribution of reply lengths appears relatively uniform
across different upvote counts, although there remains a positive correlation between reply
length and upvotes. This correlation is natural in human-generated content, as longer
replies typically indicate greater effort from the author, potentially resulting in higher
quality content.

A.3 Preference Data Construction

On StackExchange, users can upvote or downvote replies, and post authors can choose to
accept specific replies. We incorporate the author’s acceptance as an additional upvote. The
final score for each reply is calculated by subtracting downvotes from upvotes. Using these
scores, we define preference directions: when two replies have different scores, we consider
them to form a preference relationship.

Score differences do not affect preference performance. One potential concern is whether
replies with close scores (e.g., one reply with 1 upvote versus another with 2 upvotes) lack
sufficient distinction. To address this, we bucket the score differences between reply pairs
into groups: 1-2, 3-5, 6-10, and 11+ differences. As shown in Table 3, we find similar per-
formance across different benchmarks for each bucket, with no bucket showing significant
performance variations.

Similar performance across different topic domains. Another potential concern is that
different boards of StackExchange, covering diverse content areas, might affect downstream
generalization, especially given that our downstream evaluation spans general dialogue,
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Table 3: Bucketing preference pairs by score differences to evaluate the impact of score gaps
on preference data quality.

Score Diff PPE-Human PPE-Objective RMB RewardBench RM-Bench

1-2 63.1 59.4 73.8 79.9 75.2
3-5 62.6 59.5 76.7 84.2 73.6
6-10 62.3 59.3 76.1 85.5 73.2
≥11 62.5 60.5 74.2 85.2 71.1

mathematics, coding, and other aspects. To address this, we divide StackExchange data
into three segments: StackOverflow (computer science-related topics), Math StackExchange
(mathematics-related topics), and Others. This division reflects that the majority of StackEx-
change content comes from the first two sections, while the remaining 170+ sections contain
diverse topics with relatively few questions each.

We train models separately on each section and evaluate them across all test sets, as shown
in Table 4. Our results indicate no significant performance variations across different
sections. Furthermore, StackExchange provides topic tags for each question, allowing
for more granular topic identification. For instance, StackOverflow uses specific tags like
c++, java, and pointers. These tags also follow a long-tail distribution, with common
programming questions constituting the majority. We conduct additional experiments with
topic resampling (StackOverflow-TR) on StackOverflow data, deliberately oversampling
from less common tags to enhance data diversity. As shown in the table, this resampling
approach yields similar results.

These findings show that the learned StackExchange aggregate signal transfers across the
evaluated topic domains; they do not establish that human preferences are domain-agnostic.

Table 4: Performance across StackExchange categories and topic distributions, showing
cross-domain transfer within the evaluated community ecosystem.

Category PPE-Human PPE-Objective RMB RewardBench RM-Bench

StackExchange 62.8 62.1 76.7 84.4 72.5
Other 62.7 62.0 76.2 85.7 72.3
Math StackExchange 62.9 62.0 75.0 83.3 75.0
StackOverflow 63.3 63.0 75.0 83.3 74.9
StackOverflow-TR 62.4 62.8 75.3 84.8 73.6

A.4 Aggregate Score Concentration and Constructed Comparisons

The following descriptive statistic is computed from aggregate response scores. We group
pairs by the sum of the two scores and report the chosen response’s share of that sum. The
available analysis record does not specify how pairs with negative scores or non-positive
denominators were handled; Table 5 should therefore be read as a conditional summary of
the processed pairs, not as individual-level agreement or annotator consensus.

Table 5: Aggregate score concentration in the processed preference pairs.

Combined-score bucket Pair proportion Mean chosen-score share

1–2 31.1% 1.000
3–5 32.3% 0.810
6–20 28.1% 0.796
21–50 5.8% 0.826
51+ 2.7% 0.879

Because each retained comparison points from a lower aggregate score to a higher one,
the resulting comparison graph is acyclic by construction (ties are not retained). This says
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nothing about whether individual voters agree, whether their preferences are transitive, or
whether aggregation hides pluralistic or non-transitive population structure.

A.5 13-gram Decontamination Check

We screen all 15M StackExchange training pairs for exact 13-gram overlap with the six
domain benchmarks used to support the capacity-gated conclusion. For each automatically
flagged item, we manually inspect the matching text and its context.

Table 6: Exact 13-gram screening results for the six capacity-gated domain benchmarks.
“Confirmed pairs” counts benchmark-derived training pairs found by manual review, not
all lexical matches.

Benchmark Items Flag rate (%) Confirmed pairs

GPQA 500 0.038 0
HumanEvalPack 228 0.310 0
IFEval 500 0.015 0
MATH 529 0.394 0
MBPP-Plus 500 0.286 0
MMLU-Pro 500 0.087 0

The flagged overlaps were generic formulas, code templates, common phrases, or numeric
sequences; no confirmed benchmark-derived training pair was found among them. This
protocol is limited to exact lexical overlap and these six benchmarks. It does not justify a 0%
contamination estimate and cannot exclude paraphrased, translated, or semantic leakage.

B Detail of Settings

B.1 Experimental Settings

We conduct world preference modeling experiments on Qwen2.5 models ranging from 1.5B
to 72B parameters, with a batch size of 10K, training steps of 1536, and a learning rate of 3e-6.
For smaller datasets and comparative experiments, we typically set the batch size to 2048.
All experiments are performed on a cluster of 128×A100 GPUs. We use the Adam optimizer
and employ learning rate warmup with a ratio of 0.1 and the weight decay coefficient of 0.1.
We employ learning rate warmup with a ratio of 0.1, followed by a constant learning rate.
The context length is set to 2048.

We discover that when modeling preferences, larger batch sizes lead to better performance
under the same number of training steps and dataset size, as shown in Figure 8 and
Figure 9. Performance continues to improve even with batch sizes up to 40K, indicating
that preference modeling is indeed a challenging task that benefits from more accurate
loss estimation through larger batch sizes. However, considering the limited training data
available, we ultimately adopt a batch size of 10K to minimize loss noise while maintaining
computational efficiency.

We additionally conduct comprehensive ablation studies on learning rates, as shown in
Figure 10. Our systematic comparison of learning rates at 1e-6, 3e-6, and 1e-5 demonstrates
that model performance remains stable across this range, with 3e-6 exhibiting marginally
superior results. This finding suggests that preference modeling is robust to learning
rate variations within reasonable bounds. However, larger learning rates require more
all-compute time, which is not practical for large-scale training.

B.2 Evaluation Methods

To comprehensively evaluate WorldPM, we utilize different domain test sets from multiple
RM benchmarks. Given our specific evaluation needs, we do not strictly follow the evalu-
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Figure 8: Comparison of different batch sizes (from 2.5K to 40K) on Qwen2.5 7B with fixed
256 steps. Larger batch sizes consistently yield better performance.

Figure 9: Comparison of different batch sizes (from 2.5K to 40K) on Qwen2.5 7B with fixed
dataset size (10M). Larger batch sizes consistently yield better performance.

Figure 10: Through our experiments with different learning rates on Qwen2.5 7B, we observe
that the model’s final performance remains relatively stable across various learning rates,
with 3e-6 showing slightly superior results. This suggests that the model’s performance is
robust to learning rate variations within a reasonable range.
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ation protocols provided with these benchmarks. Detailed explanations can be found in
Appendix B.3. The benchmarks used in this work are as follows:

• PPE (Frick et al., 2024): This includes evaluations of both subjective and objective
parts. The data for the subjective part comes from real user annotations in the
Chatbot Arena5. The objective part collects queries from the MMLU-Pro (Wang et al.,
2024a), IFEval (Zhou et al., 2023), GPQA (Rein et al., 2023), MATH (Hendrycks et al.,
2021), and MBPP-Plus (Austin et al., 2021; Liu et al., 2023) datasets, and gathers
responses from state-of-the-art models. The correctness of the responses is validated
against real answers, thereby forming preference pairs (with chosen as correct and
rejected as incorrect).

• RMB (Zhou et al., 2024): This benchmark relies on GPT4 as the primary annotator,
with additional human verification processes. It encompasses diverse scenarios and
is fundamentally divided into two aspects: helpfulness and harmlessness.

• RM-Bench (Liu et al., 2024): This consists of evaluations in four domains: chat, code,
math, and safety. The chat domain evaluation assesses models’ ability to identify fac-
tual errors by inserting them into responses. Prompts for code and math are sourced
from the HumanEvalPack (Muennighoff et al., 2023) and MATH (Hendrycks et al.,
2021) datasets, respectively, with validation against real answers. The safety section
includes both pseudo-harmful and genuinely harmful questions to evaluate the
model’s safety assessment capability.

• Reward Bench (Lambert et al., 2025): This includes evaluations in four domains:
chat, chat-hard, reasoning, and safety. The chat-hard section, primarily sourced
from LLMBar (Zeng et al., 2024), challenges reward models through the construction
of subtly flawed responses designed to mislead evaluation.

• Offset Bias (Park et al., 2024): This dataset constructs high-quality but incorrect
responses (rejected responses) to challenge reward models, including off-topic
responses and responses containing errors.

• HelpSteer2 (Wang et al., 2024b): This dataset, carefully annotated and filtered by
trained human annotators, serves dual purposes: while it will be used as a training
set in later sections, during this phase it functions as a test set for evaluating
WorldPM’s subjective performance.

Task-level verifiability. Code tasks use execution-based checks, mathematics tasks use
answer matching, and IFEval uses instruction-constraint checks; other benchmark compo-
nents rely on benchmark-specific expert, human, or model-assisted validation. We report
this categorization per benchmark rather than an item-level percentage, because we did not
independently audit the verification path of every item. The StackExchange training pairs
themselves have no task ground-truth labels; they are defined only by aggregate community
scores.

B.3 Evaluation Settings

Table 7: Correlation coefficients be-
tween response length and answer
quality across different models.

Model Correlation

Gemma-2-9B-IT +0.047
GPT-4o-Mini −0.133
Llama-3-8B-Instruct −0.115
Claude-3-Haiku −0.619

We evaluate our preference models using multiple
RM benchmarks, including PPE, RMB, RM-Bench,
and RewardBench. However, we modify some of
their evaluation methodologies for our specific con-
text.

RMB offers PairWise and Best-of-N (BoN) evalua-
tions, where BoN measures a model’s ability to select
the best reply from multiple options, and PairWise is
essentially BoN with N=2. We focus on PairWise eval-
uation because: (1) BT loss computation inherently
involves pairs of replies, making BoN evaluation

5https://lmarena.ai/
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computationally challenging, and (2) the original pa-
per shows strong correlation between PairWise and
BoN results.

For RM-Bench, we utilize only the model’s original responses to form preference pairs,
rather than their style-modified versions, as we propose our own method for style-content
separation evaluation in this paper.

For PPE, we identify a significant bias issue in the MBPP-Plus test set. This test set is
constructed by sampling from four advanced models, where each model generates both
correct and incorrect answers to form preference pairs. In our analysis, we observe unusually
volatile metrics and conduct a detailed investigation. We define two binary variables: one
indicating which answer is correct, and another indicating which answer is longer.

By measuring the correlation (Phi coefficient) between answer correctness and length, we
find that Claude-3-Haiku samples show a strong negative correlation (-0.6) between these
variables, where shorter answers are predominantly correct. This correlation significantly
deviates from other models’ patterns, indicating a severe style bias. Consequently, we
exclude Claude-3-Haiku samples from MBPP-Plus test set to ensure reliable evaluation
results.

B.4 Evaluator Prompts

The evaluation prompts used in Arena Hard and Alpaca Eval are shown in Figure 11 and
Figure 12, respectively.

C Additional Experimental Results

C.1 Further details on the scaling law

For each task, we fit a power-law relationship of the form L = αDβ and report the corre-
sponding R2 values (Figure 13). For domain preference tasks, more tasks exhibit a high
goodness-of-fit as model size increases, indicating that their performance scaling can be
well described by a simple power law.

We further present compute-normalized views (Figure 14), where we compare scaling trends
under matched computational budgets. Overall, allocating more computation tends to yield
better performance. Notably, for some tasks (e.g., GPQA, IFEval), a sufficiently large base
model is required to effectively leverage additional computation; smaller models do not
benefit as much from the same increase in compute. This observation is consistent with, and
further supports, our findings regarding the capacity-gated scaling on objective tasks.

C.2 Scaling Trends Across All Test Sets

Figure 15 illustrates the comprehensive scaling trends of world preference across all evalu-
ation benchmarks. In HelpSteer2’s five-dimensional assessment framework, we observe
strong correlations among Helpfulness, Correctness, and Coherence dimensions, while Com-
plexity and Verbosity demonstrate high mutual correlation. The latter two metrics show
strong association with response length, as discussed in Section D.2. As elaborated in the
main text, WorldPM demonstrates progressive mitigation of length preference, manifesting
as increasing loss on these metrics.

Safety evaluation, omitted from the main text due to space constraints, encompasses RMB-
Harmlessness, RewardBench-Safety, and RM-Bench-Safety metrics. RewardBench-Safety
exhibits distinct scaling patterns across model sizes: the 1.5B model shows continuous
decline, while 7B and 72B models stabilize post-decline, achieving accuracy exceeding 90%,
indicating performance saturation. RMB-Harmlessness presents heterogeneous patterns:
declining for 1.5B, saturating for 7B, and ascending for 72B. These diverse patterns can be par-
tially interpreted through RM-Bench-Safety’s subdomain analysis: pseudo-harmful queries
versus genuinely harmful queries (RM-Bench-Safety-Response), as RMB-Harmlessness also
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Arena Hard’s Prompt

Please act as an impartial judge and evaluate the quality of the
responses provided by two AI assistants to the user prompt
displayed below. You will be given assistant A's answer and
assistant B's answer. Your job is to evaluate which assistant 's
answer is better.

Begin your evaluation by generating your own answer to the prompt.
You must provide your answers before judging any answers.

When evaluating the assistants ' answers , compare both assistants '
answers with your answer. You must identify and correct any
mistakes or inaccurate information.

Then consider if the assistant 's answers are helpful , relevant , and
concise. Helpful means the answer correctly responds to the

prompt or follows the instructions. Note when user prompt has
any ambiguity or more than one interpretation , it is more
helpful and appropriate to ask for clarifications or more
information from the user than providing an answer based on
assumptions. Relevant means all parts of the response closely
connect or are appropriate to what is being asked. Concise means
the response is clear and not verbose or excessive.

Then consider the creativity and novelty of the assistant 's answers
when needed. Finally , identify any missing important

information in the assistants ' answers that would be beneficial
to include when responding to the user prompt.

After providing your explanation , you must output only one of the
following choices as your final verdict with a label:

1. Assistant A is significantly better: [[A>>B]]
2. Assistant A is slightly better: [[A>B]]
3. Tie , relatively the same: [[A=B]]
4. Assistant B is slightly better: [[B>A]]
5. Assistant B is significantly better: [[B>>A]]

Example output: "My final verdict is tie: [[A=B]]".

Figure 11: Evaluation prompts used in Arena Hard.

incorporates both aspects. Our analysis reveals decreasing and saturating loss patterns for
genuine harmful content detection, while pseudo-harmful query response shows ascend-
ing loss in later training stages. These metrics move in different directions; the present
experiments do not identify the cause of that divergence.

C.3 Preference Fine-tuning Evaluation

Tables 8 and 9 present uncontrolled preference fine-tuning results for 7B and 72B models
with and without WorldPM initialization, while Tables 10 and 11 show the style-controlled
versions. The results align with findings in main text.

Notably, we include safety evaluations (RMB-Harmless, RewardBench-Safety, and RM-
Bench-Safety), where the 72B model shows mixed performance without consistent im-
provement. We do not assign a causal explanation to this pattern. Detailed results are in
Appendix C.2.
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Alpaca Eval’s Prompt

<|im_start|>system
You are a highly efficient assistant , who evaluates and selects the

best large language model (LLMs) based on the quality of their
responses to a given instruction. This process will be used to
create a leaderboard reflecting the most accurate and human -
preferred answers.

<|im_end|>
<|im_start|>user
I require a leaderboard for various large language models. I'll

provide you with prompts given to these models and their
corresponding outputs. Your task is to assess these responses ,
and select the model that produces the best output from a human
perspective.

## Instruction

{
"instruction ": """{ instruction }""",

}

## Model Outputs

Here are the unordered outputs from the models. Each output is
associated with a specific model , identified by a unique model
identifier.

{
{

"model_identifier ": "m",
"output ": """{ output_1 }"""

},
{

"model_identifier ": "M",
"output ": """{ output_2 }"""

}
}
## Task

Evaluate the models based on the quality and relevance of their
outputs , and select the model that generated the best output.
Answer by first providing a concise explanation and then end
your answer by providing the model identifier of the best output
. We will use the last character of your output `output[-1]` as
the name of the best model , so make sure you finish with the
token of the model identifiers and nothing else: `m` or `M` (no
quotes , no dots , no backticks , no new lines ,...). For example:

### Concise explanation
... some text ...
### Which is best , m or M?
M

Now is your turn.

## Your answer: "Concise explanation" followed by "Which is best , m
or M?"

<|im_end|>

Figure 12: Evaluation prompts used in Alpaca Eval.
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Table 8: Effect of WorldPM initialization on 7B model’s PM fine-tuning performance across
different evaluation categories (without style control). Abbreviations: RB - RewardBench,
RM-B - RM-Bench, Safety-R/F - Safety-Response/Refuse.

Metrics HelpSteer2 UltraFeedback RLHFlow

w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM

Subjective Evaluation

PPE-Human 62.05 63.80 (↑2.81%) 60.88 61.64 (↑1.25%) 65.54 66.03 (↑0.75%)
RMB-Helpful 72.49 75.84 (↑4.62%) 75.62 75.70 (↑0.11%) 77.64 78.33 (↑0.88%)
RB-Chat 97.49 97.21 (↓0.29%) 97.49 97.21 (↓0.29%) 98.04 97.77 (↓0.28%)

Domain Preference Evaluation

PPE-MBPP 67.07 71.31 (↑6.33%) 66.60 72.24 (↑8.46%) 71.97 74.44 (↑3.43%)
PPE-GPQA 55.41 56.56 (↑2.08%) 55.62 55.18 (↓0.81%) 56.76 56.70 (↓0.10%)
PPE-IFEval 57.50 56.17 (↓2.31%) 56.21 56.64 (↑0.76%) 61.87 62.54 (↑1.07%)
PPE-MATH 70.80 71.74 (↑1.32%) 71.64 73.77 (↑2.97%) 78.79 79.94 (↑1.46%)
PPE-MMLU 63.20 66.21 (↑4.76%) 65.51 66.17 (↑1.01%) 67.56 70.20 (↑3.90%)
RM-B-Code 55.92 57.68 (↑3.14%) 57.02 62.06 (↑8.85%) 61.40 67.76 (↑10.36%)
RM-B-Math 69.09 74.10 (↑7.25%) 70.23 73.44 (↑4.58%) 75.99 79.58 (↑4.73%)
RB-Reason 81.62 96.12 (↑17.77%) 83.19 91.86 (↑10.42%) 94.13 96.16 (↑2.15%)

Common-sense Preference Evaluation

RB-Chat-Hard 62.50 74.89 (↑19.82%) 61.51 67.32 (↑9.45%) 66.01 69.96 (↑5.98%)
RM-B-Chat 51.94 65.12 (↑25.37%) 57.36 66.67 (↑16.22%) 56.98 66.67 (↑17.01%)
OffsetBias 63.76 82.40 (↑29.23%) 72.98 78.17 (↑7.11%) 73.54 80.50 (↑9.47%)

Safety Evaluation

RMB-Harmless 68.41 73.58 (↑7.56%) 69.22 70.23 (↑1.46%) 66.78 66.84 (↑0.08%)
RB-Safety 82.84 90.54 (↑9.30%) 89.05 87.84 (↓1.37%) 85.95 86.35 (↑0.47%)
RM-B-Safety-R 87.90 92.99 (↑5.80%) 95.54 94.27 (↓1.33%) 91.08 93.63 (↑2.80%)
RM-B-Safety-F 98.59 97.54 (↓1.07%) 96.48 96.48 (0.00%) 95.77 95.42 (↓0.37%)

Table 9: Effect of WorldPM initialization on 72B model’s PM fine-tuning performance across
different evaluation categories (without style control). Abbreviations: RB - RewardBench,
RM-B - RM-Bench, Safety-R/F - Safety-Response/Refuse.

Metrics HelpSteer2 UltraFeedback RLHFlow

w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM

Subjective Evaluation

PPE-Human 62.22 65.53 (↑5.32%) 62.09 64.51 (↑3.89%) 67.63 68.29 (↑0.98%)
RMB-Helpful 76.40 77.45 (↑1.38%) 75.60 79.10 (↑4.64%) 78.10 80.08 (↑2.53%)
RB-Chat 97.91 98.88 (↑1.00%) 97.21 96.09 (↓1.15%) 98.32 98.04 (↓0.28%)

Domain Preference Evaluation

PPE-MBPP 70.19 77.45 (↑10.34%) 74.32 78.65 (↑5.82%) 81.00 81.85 (↑1.05%)
PPE-GPQA 58.03 59.28 (↑2.15%) 59.06 60.76 (↑2.88%) 62.19 63.44 (↑2.01%)
PPE-IFEval 58.96 63.50 (↑7.68%) 60.16 63.83 (↑6.10%) 63.32 65.04 (↑2.71%)
PPE-MATH 69.73 76.64 (↑9.92%) 72.58 77.89 (↑7.32%) 79.10 82.52 (↑4.32%)
PPE-MMLU 69.98 74.69 (↑6.73%) 72.07 74.92 (↑3.96%) 78.52 79.28 (↑0.97%)
RM-B-Code 61.18 69.30 (↑13.26%) 65.79 68.64 (↑4.33%) 71.93 72.81 (↑1.22%)
RM-B-Math 70.04 76.75 (↑9.58%) 71.55 77.32 (↑8.06%) 87.52 85.63 (↓2.16%)
RB-Reason 96.61 98.22 (↑1.66%) 95.70 96.44 (↑0.77%) 96.33 97.38 (↑1.09%)

Common-sense Preference Evaluation

RB-Chat-Hard 69.41 80.26 (↑15.64%) 75.66 77.63 (↑2.61%) 74.12 75.33 (↑1.63%)
RM-B-Chat 77.52 75.97 (↓2.00%) 70.93 70.54 (↓0.55%) 77.13 75.58 (↓2.01%)
OffsetBias 76.29 85.79 (↑12.46%) 84.47 85.86 (↑1.64%) 83.18 81.90 (↓1.54%)

Safety Evaluation

RMB-Harmless 68.96 70.10 (↑1.66%) 68.58 67.93 (↓0.95%) 63.70 62.65 (↓1.64%)
RB-Safety 90.14 91.35 (↑1.35%) 89.12 90.61 (↑1.67%) 84.19 83.24 (↓1.12%)
RM-B-Safety-R 94.59 94.27 (↓0.34%) 97.45 98.09 (↑0.65%) 94.90 93.63 (↓1.34%)
RM-B-Safety-F 97.89 97.18 (↓0.72%) 97.01 96.48 (↓0.54%) 88.73 89.08 (↑0.40%)

26



Published as a conference paper at COLM 2026

Table 10: Effect of WorldPM initialization on 7B model’s PM fine-tuning performance across
different evaluation categories. Abbreviations: RB - RewardBench, RM-B - RM-Bench,
Safety-R/F - Safety-Response/Refuse.

Metrics Helpsteer2 UltraFeedback RLHFlow

w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM

Subjective Evaluation

PPE-Human 63.32 64.93 (↑2.54%) 63.22 63.86 (↑1.01%) 66.18 66.78 (↑0.91%)
RMB-Helpful 74.33 77.02 (↑3.61%) 78.37 78.82 (↑0.58%) 78.66 79.27 (↑0.78%)
RB-Chat 97.21 97.07 (↓0.14%) 97.49 97.21 (↓0.29%) 98.04 97.77 (↓0.28%)

Domain Preference Evaluation

PPE-MBPP 72.24 73.55 (↑1.82%) 69.77 73.55 (↑5.42%) 75.06 76.83 (↑2.37%)
PPE-GPQA 56.27 56.70 (↑0.76%) 56.19 55.43 (↓1.36%) 57.34 57.60 (↑0.44%)
PPE-IFEval 58.81 57.34 (↓2.49%) 57.42 57.03 (↓0.68%) 62.09 62.38 (↑0.47%)
PPE-MATH 71.04 71.64 (↑0.85%) 71.76 74.36 (↑3.62%) 78.98 80.16 (↑1.48%)
PPE-MMLU 63.55 66.52 (↑4.67%) 65.64 66.66 (↑1.55%) 67.97 70.27 (↑3.39%)
RM-B-Code 57.68 60.96 (↑5.70%) 59.21 62.94 (↑6.30%) 65.35 67.76 (↑3.69%)
RM-B-Math 70.70 75.99 (↑7.49%) 72.12 75.71 (↑4.98%) 76.56 80.43 (↑5.06%)
RB-Reason 88.02 96.44 (↑9.57%) 92.35 95.39 (↑3.29%) 95.91 96.82 (↑0.95%)

Common-sense Preference Evaluation

RB-Chat-Hard 81.25 83.99 (↑3.37%) 77.52 79.82 (↑2.97%) 81.47 82.57 (↑1.35%)
RM-B-Chat 78.29 82.17 (↑4.95%) 80.23 81.01 (↑0.97%) 82.17 82.56 (↑0.47%)
OffsetBias 78.87 86.60 (↑9.80%) 81.68 82.94 (↑1.55%) 83.43 85.69 (↑2.71%)

Safety Evaluation

RMB-Harmless 72.73 73.99 (↑1.72%) 69.74 70.92 (↑1.69%) 62.86 63.79 (↑1.48%)
RB-Safety 90.68 94.53 (↑4.25%) 91.76 89.46 (↓2.50%) 90.88 92.03 (↑1.26%)
RM-B-Safety-R 90.45 93.95 (↑3.87%) 96.50 96.82 (↑0.33%) 92.99 96.18 (↑3.42%)
RM-B-Safety-F 99.65 99.30 (↓0.35%) 98.94 98.94 (0.00%) 98.59 99.12 (↑0.54%)

Alignment Evaluation

Arena Hard 65.88 70.27 (↑6.66%) 67.93 72.12 (↑6.17%) 72.41 74.62 (↑3.05%)
Alpaca Eval 43.73 46.29 (↑5.84%) 46.16 46.35 (↑0.40%) 53.24 50.97 (↓4.27%)
Arena Hard-SC 65.07 70.22 (↑7.91%) 66.19 70.36 (↑6.30%) 72.77 74.29 (↑2.09%)
Alpaca Eval-LC 39.98 42.14 (↑5.41%) 44.46 46.13 (↑3.76%) 46.24 46.32 (↑0.17%)

Table 11: Effect of WorldPM initialization on 72B model’s PM fine-tuning performance
across different evaluation categories. Abbreviations: RB - RewardBench, RM-B - RM-Bench,
Safety-R/F - Safety-Response/Refuse.

Metrics Helpsteer2 UltraFeedback RLHFlow

w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM w/o WorldPM w/ WorldPM

Subjective Evaluation

PPE-Human 64.76 66.68 (↑2.97%) 65.12 66.94 (↑2.80%) 68.14 68.93 (↑1.16%)
RMB-Helpful 77.76 78.53 (↑1.00%) 79.80 81.73 (↑2.41%) 79.26 80.89 (↑2.05%)
RB-Chat 98.04 98.88 (↑0.85%) 97.63 96.37 (↓1.29%) 98.46 97.91 (↓0.57%)

Domain Preference Evaluation

PPE-MBPP 70.50 78.76 (↑11.72%) 75.02 79.46 (↑5.92%) 82.28 82.39 (↑0.14%)
PPE-GPQA 57.66 59.63 (↑3.42%) 59.22 61.19 (↑3.33%) 62.52 63.75 (↑1.97%)
PPE-IFEval 59.24 63.63 (↑7.42%) 60.57 64.34 (↑6.22%) 64.26 65.39 (↑1.76%)
PPE-MATH 69.94 77.17 (↑10.33%) 72.77 78.16 (↑7.41%) 79.36 83.01 (↑4.60%)
PPE-MMLU 70.20 74.96 (↑6.79%) 72.42 75.08 (↑3.67%) 79.04 79.30 (↑0.32%)
RM-B-Code 60.75 69.30 (↑14.08%) 67.32 70.18 (↑4.23%) 72.15 73.46 (↑1.82%)
RM-B-Math 72.78 77.69 (↑6.75%) 73.72 77.79 (↑5.51%) 87.81 86.20 (↓1.83%)
RB-Reason 96.65 98.25 (↑1.66%) 96.30 97.48 (↑1.23%) 97.52 98.15 (↑0.64%)

Common-sense Preference Evaluation

RB-Chat-Hard 84.87 87.28 (↑2.84%) 84.54 83.00 (↓1.82%) 84.21 84.54 (↑0.39%)
RM-B-Chat 81.01 82.17 (↑1.44%) 80.23 79.46 (↓0.97%) 85.66 84.50 (↓1.36%)
OffsetBias 83.14 89.76 (↑7.96%) 87.29 88.05 (↑0.88%) 87.89 87.47 (↓0.47%)

Safety Evaluation

RMB-Harmless 69.42 70.34 (↑1.33%) 69.57 68.43 (↓1.64%) 60.47 59.96 (↓0.84%)
RB-Safety 92.03 93.51 (↑1.62%) 93.45 93.51 (↑0.07%) 92.09 92.03 (↓0.07%)
RM-B-Safety-R 95.54 97.13 (↑1.67%) 98.41 98.41 (0.00%) 98.41 97.13 (↓1.29%)
RM-B-Safety-F 99.65 99.12 (↓0.53%) 98.59 98.24 (↓0.36%) 96.83 97.18 (↑0.36%)

Alignment Evaluation

Arena Hard 88.52 89.72 (↑1.36%) 89.16 90.37 (↑1.36%) 90.41 90.82 (↑0.45%)
Alpaca Eval 60.34 63.39 (↑5.07%) 59.95 63.73 (↑6.31%) 65.51 66.26 (↑1.14%)
Arena Hard-SC 88.47 90.54 (↑2.34%) 88.82 90.74 (↑2.16%) 91.06 91.76 (↑0.77%)
Alpaca Eval-LC 53.26 55.45 (↑4.12%) 56.83 59.80 (↑5.23%) 56.95 55.58 (↓2.40%)
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Figure 13: Power-law fits of the form L = αDβ for each task, along with the corresponding
R2 values.

Figure 14: Compute-normalized scaling behavior across tasks. We compare performance
trends under matched computational budgets. In general, increased computation leads to
better performance, and certain tasks require larger base models in order to fully benefit
from higher compute.
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Figure 15: Loss trajectories across evaluation benchmarks as a function of training scale and
model size, plotted on log2 scale.
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Figure 16: Impact of controlling different style factors on subjective evaluation performance.

D Details of Style Control

D.1 Ablation Study on Style Control Factors

We control two style features: length and markdown formatting. As shown in Figure 16, we
compare the impact on subjective evaluation performance when controlling length alone,
markdown formatting alone, and both factors simultaneously. Our findings indicate that
markdown formatting has less influence than length, further confirming that length is the
primary style factor. Moreover, modeling both factors together enables more effective style
control.

D.2 Effect of Style Control Across Test Set Evaluation

Figure 18 and Figure 17 demonstrates the impact of style control on evaluation results (test
accuracy and test loss) across all test sets. We observe several key findings:

• In HelpSteer2, the dimensions of Helpfulness, Correctness, and Coherence maintain
substantial consistency. Complexity and Verbosity exhibit high correlation with
length characteristics. Upon implementing length control, these two metrics show
significant changes while maintaining stable trends.

• Some domain preference and common-sense preference evaluation sets demonstrate
notable shifts in performance (e.g., PPE-MBPP-Plus, PPE-GPQA, and RM-Bench-
Chat). However, the performance gap between style-controlled and uncontrolled
versions either remains constant or narrows with increased training scale, contrast-
ing with the widening gap in subjective domains. This suggests that modeling
world preference gradually overcomes length bias, converging toward more accu-
rate evaluation results.

• In the safety domain, RM-Bench-Safety-Refuse demonstrates exceptionally high
accuracy even without style control, indicating WorldPM’s inherent capability for
safety discrimination. Other safety-related benchmarks show declining accuracy
in later stages, potentially related to increased defense against pseudo-harmful
queries.

E The Use of Large Language Models (LLMs)

The use of LLMs in this paper is limited to polishing content and correcting errors during the
writing phase. All content generated by LLMs has been thoroughly reviewed and verified.
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Figure 17: Effect of style control on test loss across all test set evaluation.
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Figure 18: Effect of style control on performance across all test set evaluation.
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F Case Study

We present several examples from PPE-Human, including Figures 19, 20, and 21. In Fig-
ures 19 and 20, general humans chose incorrect answers, while WorldPM correctly identified
the errors. Figures 21 demonstrates that data from general humans can be low-quality and
uninformative, thus interfering with evaluation.

We also present several examples of training data used for modeling world preference,
including Figures 22, 23, 24, and 25. These data often contain rich information, enabling the
model to learn complex representations.

Query

Prove or disprove: for all integers a, b, c, d, if a | b and c | d, then (a + c) | (b + d).

Chosen Response (World Preference Model Score: -1.84)

This statement is true. This is because absolute values of sums of integers are equal
to the sums of their absolute values.
In this case, since a | b (a divides b) and c | d (c divides d), then certainly |b| and
|d| are both divisible by |a| and |c|, respectively. So, setting e = |a| and f = |c|, we
have that both b = q · e for some integer q and d = r · f for some integer r. Then,
b + d = (q + r) · e + f is divisible by both e and f , which are equal to |a| and |c|. So
(b + d) is divisible by the sum |a + c|. Thus, (a + c) | (b + d).

Rejected Response (World Preference Model Score: 0.76)

To prove or disprove the statement ”for all integers a, b, c, d if a | b and c | d, then
a + c | b + d”, we can approach it by first understanding what the statement means
and then testing it with specific examples.
Definitions: - a | b means that there exists an integer k such that b = ak. - c | d means
that there exists an integer m such that d = cm.
Claim: - a + c | b + d means there exists an integer n such that b + d = (a + c)n.
We need to see if from b = ak and d = cm, it follows that b + d = (a + c)n for some
integer n.
Counterexample: Let’s consider specific numbers to see if this statement holds. -
Choose a = 2, b = 4, c = 3, d = 6. - Clearly, 2 | 4 because 4 = 2 × 2. - Clearly, 3 | 6
because 6 = 3 × 2. - Now, a + c = 2 + 3 = 5 and b + d = 4 + 6 = 10.
We need to check if 5 | 10. Since 10 = 5 × 2, in this case, 5 does actually divide 10.
However, we need to check more examples to see if there are any that fail.
Another Example: - Choose a = 2, b = 4, c = 3, d = 9. - Again, 2 | 4 since 4 = 2 × 2.
- 3 | 9 since 9 = 3 × 3. - Calculate a + c = 2 + 3 = 5 and b + d = 4 + 9 = 13.
Now, we need to check if 5 | 13. Since 13 is not divisible by 5 (there is no integer n
such that 13 = 5n), this proves that 5 does not divide 13.
Conclusion: The counterexample where a = 2, b = 4, c = 3, d = 9 disproves the
statement. Even though a divides b and c divides d, a + c does not necessarily divide
b + d. Thus, the statement ”for all integers a, b, c, d if a | b and c | d, then a + c | b + d”
is false.

Figure 19: Example from the PPE-Human test set where the chosen response’s proof is
wrong while the rejected response’s proof is correct, and the world preference model identify
this error.
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Query

userscript to copy the text of the hovered link when the key combination alt+c is
pressed. just present the code and make it concise.

Chosen Response (World Preference Model Score: -0.66)

// @require https :// code.jquery.com/jquery -3.6.0. min.js

$(document).keydown(function(event){
if(event.altKey && event.keyCode == 67){

var link = $(" hoveredElement ").text();
clipboard.writeText(link);

}
});

Rejected Response (World Preference Model Score: 1.42)

// == UserScript ==
// @name Copy Hovered Link Text
// @namespace http :// tampermonkey.net/
// @version 1.0
// @description Copy the text of the hovered link when Alt+C is

pressed
// @author You
// @match *://*/*
// @grant none
// ==/ UserScript ==

(function () {
'use strict ';
let hoveredLinkText = '';
document.addEventListener('mouseover ', function(e) {

if (e.target.tagName.toLowerCase () === 'a') {
hoveredLinkText = e.target.innerText || e.target.

textContent;
}

});
document.addEventListener('keydown ', function(e) {

if (e.altKey && e.key === 'c') {
if (hoveredLinkText) {

navigator.clipboard.writeText(hoveredLinkText).then
(() => {
console.log('Text copied to clipboard: ',

hoveredLinkText);
}).catch(err => {

console.error('Failed to copy text: ', err);
});

}
}

});
})();

Figure 20: Example from the PPE-Human test set, where Chosen uses an invalid selector
$(”hoveredElement”), while Rejected provides a correct solution.
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Query

r u gpt 4o? answer is only yes or no

Chosen Response

Yes

Rejected Response

No.

Figure 21: Example from the PPE-Human test set, where the relative quality cannot be
determined.
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Query (From freelancing.stackexchange)

Title: Where can a front end web developer start freelancing?
Let’s say you’re beginning web development, and you want to start earning money.
Where do you get started?
I know a portfolio would be a start, but I don’t know where to apply just as a front-
end developer for jobs.
I don’t know and don’t want to know PHP, Ruby, Rails, and other stuff. I just want
to do front end development part time, because I find it interesting.
By the way, if it helps, I live in NYC.

Chosen Response (Upvotes: 11)

The challenge that you’re going to run into with Freelance web development is that,
in my experience, many Web developers have pretty broad understanding of the
entire development stack from databases to server-side coding to front-end HTML,
CSS, and JavaScript.
Thus, if you’re just starting out and wish to avoid learning other parts of the stack,
you may run into trouble finding work. In my experience, when a Freelancer needs
to outsource something, it’s because he or she needs a specialist in that area.
Using myself as an example, I lack knowledge in design, so I’m less likely to find
work building websites since most people who build websites can also manage to do
the little bit of scripting necessary to make the site functional. However, I specialize
in JavaScript. If you have a Web application and are stuck somewhere or are doing
something complicated, that’s where I come in.
If you’re going to specialize in nothing but the frontend, you’re going to need to
specialize in it, which means you’re going to need to be rally good, write really clean,
W3C-valid HTML code that works in every browser, and have a deep understanding
of front-end User Experience.
Even then, you need to understand at least a little server-side code. The best front-
end coders I’ve ever worked with still knew a little PHP so that we could understand
how we were going to integrate things. They weren’t experts in it, but they weren’t
ignorant to it either; it’s naive to think that you can get away with never ever knowing
how the server-side works.
With that said, you have to start somewhere, and the best way for you to do that is
to look for small jobs that require just minor changes to existing front-end code. This
will help build your skill-set in that area while hopefully giving you some income.

Rejected Response (Upvotes: 8)

If you’re doing front end development, you will need a portfolio before you get any
big jobs, end of story. So how do you get a portfolio without the jobs?
What I did before was make sample pages for friends of the family, and a couple
volunteer organisations I belonged to. It was all under the impression that they only
paid if they used my designs, but accept that it’s just a start. I could at least get
some styles that I could do. That portfolio should be online though on your personal
website, so potential customers can see your skill, design, and technique.
Again, just make designs, no matter who for, and make sure they show your best
talents

Figure 22: Example 1 drawn from StackExchange training dataset.
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Query (From physics.stackexchange)

Title: Could a non-rotating planet, in a binary situation, have gravity?
Is it possible for a singular planet to rotate around a single sun in the same way that our moon
rotates around the Earth? If so, would it be possible for that planet, if as large or larger than
Earth, to have gravity?

Chosen Response (Upvotes: 4)

Yes. Literally everything that has mass (and even some things that don’t) will ”have gravity”.
It is certainly possible for a single planet to orbit a single star (as opposed to our planet, for
example, which is accompanied by the other planets of the solar system). In fact, if anything,
a single planet will be *more* stable because it will not be perturbed by other massive bodies.
But in all of these cases, gravity will certainly be present. For example, the reason a planet will
even stick together to *be* a planet is because gravity holds it together.

Rejected Response (Upvotes: 0)

Responding directly: Yes it is possible and is expected in cosmological time scale.
It is expected for both bodies to have the same face to the other with sufficient time, but
the one of smaller mass will generally slow its rotation with respect to the body of major
mass first, as strictly that phenomenon is connected to the angular moment of rotation, that
moment is proportional to mass and speed of rotation, but other factors influence the loss of
rotation (braking), such as the existence of fluids in the celestial body (plasma in the stars and
atmosphere and water or other fluid in the planets and satellites, the denser the braking of
the celestial body, the energy in this case becomes tidal energy in the fluids. What speeds up
the process is proximity. The body that will first present the same face is the one that has the
lowest energy (moment) and the set of conditions that predispose them to lose energy faster,
such as less mass, lack of atmosphere and oceans.
The earth does not yet have the same face for the Moon, but millions of years ago the day on
earth lasted only about 10 hours, from here a few million years ago when the day on earth lasts
for a lunar month, both the Moon and Earth will show the same face and will be synchronized.
In his question the case is of the existence of a single planet in the system, this only facilitates
the synchronization because there is less gravitational perturbation of other celestial bodies of
great mass, but remembering that the proximity is the main factor in the speed of the process.
See Wikipedia article: Gliese 581c
Search the internet for these titles for more information: Tidal coupling (Tidal Locking)
You will see that the Pluto system and its moon Charon are already synchronized each showing
the same face to the other component of the system and there is a planet in the star Tau Bootes
that presents this synchronization.
There is also an excellent article on the subject in the book ”Asimov explains” by Isaac Asimov
Answering the second question:
Yes, the planet independent of size will have gravity, but the resulting value will be different
on each side. On the side permanently presented to the star will be smaller than on the other
side but will not be zero. There will be a point between the star and the planet where gravity
will vanish, but it will still be off the planet. The loss of momentum of rotation partly alters
the moment of translation, perhaps making it happen to the planet what already happens
to our Moon that moves away from Earth at a speed of 3.78 centimeters per year, with the
possibility of tearing from the earth.
Excuse my english please.

Figure 23: Example 2 drawn from StackExchange training dataset.
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Query (From tex.stackexchange)

Title: How to add custom C++ keywords to be recognized by Minted?
I have defined several structures and types in a C++ project. I have to write some
documentation for this code, and I use the minted package to typeset my code.
I would like to be able to add some keywords to the minted database, so minted will
also recognize these and give them the appropriate color. (I would like to have them
colored in the same way a type, eg. double would be colored.)
[1]: http://www.ctan.org/pkg/minted

Chosen Response (Upvotes: 14)

Minted uses Pygments to parse source-code, so one way to go about this is by
modifying pygments/lexers/compiled.py and adding your types there (Somewhere
about line 210 looks reasonable to me). This is what I had to do when Pygments was
incorrectly parsing a symbol in some Erlang I’d written.
The obvious disadvantage of this is that Pygments is now non-standard. This will
mean a number of things:
- This change has to be made on all PCs that want to compile this document, meaning
the document will be built inconsistantly or lots of people have to have modified
Pygments installations. - Future updates to Pygments could break your modifications
and so your document may not be correctly syntax-highlighted in the future. - You
may incorrectly parse/highlight future documents if you use these keywords in a
different way (So it may print a variable name in the same way it prints a type, for
example).

Rejected Response (Upvotes: 4)

Another (obvious) solution would be to write your own lexer (i.e. a superset of c++)
[1]: http://pygments.org/docs/lexerdevelopment/

Figure 24: Example 3 drawn from StackExchange training dataset.
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Query (From math.stackexchange)

Title: Does every continuous map from Q to Q extends continuously as a map from
R to R?
Given a continuous function f : Q → Q,does there exist a continuous function
g : R → R such that g|Q = f ?
What I have no Idea about how to attempt this Question! Any suggestion will be
very helpful.

Chosen Response (Upvotes: 16)

Not in general. Consider the function f0 : Q → Q defined by

f0(x) =
{

0 if x2 < 2
1 if x2 > 2

.

It is easy to see that f0 is continuous on Q (since
√

2 /∈ Q), but if g0 : R → R is an
extension of f0 to R, then g0 is necessarily discontinuous at

√
2.

It is worth noting that if f : Q → Q can be extended to a continuous function
g : R → R, then such an extension is unique. That is, if g : R → R and h : R → R
are continuous functions such that g(x) = h(x) for all x ∈ Q, then g = h. This is
because Q is a dense subset of R.

Rejected Response (Upvotes: 6)

Yes, it’s possible, iff f is sequentially continuous, in the sense that if an and bn are
two sequences of rational numbers that converge to the same real number, then f (an)
and f (bn) are two converging sequences that converge to the same real number.
If you want a characterisation that doesn’t mention R at all, you probably have to use
the notion of Cauchy: ”an and bn are Cauchy sequences such that an − bn converges
to 0”.

Figure 25: Example 4 drawn from StackExchange training dataset.
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