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Abstract

Standard evaluators, such as reward models,
compress diverse human judgments into a sin-
gle scalar, conflating valid Subjective Prefer-
ence with Epistemic Uncertainty. This struc-
tural mismatch often leads to brittle alignment
and reward hacking. To address this, we pro-
pose PRISM which reinterprets reward evalu-
ation as a conditional distribution parameter-
ized by a Mixture of Gaussians(MOG). PRISM
structurally disentangles these factors: distinct
Gaussian experts emerge to capture conflict-
ing preference dimensions, while their variance
estimates quantify uncertainty, acting as a dy-
namic reliability gate during optimization. We
introduce a two-stage training strategy to learn
these disentangled representations from scal-
able pairwise comparisons without requiring
massive fine-grained annotations. Empirical
results show that PRISM significantly outper-
forms scalar baselines in both accuracy and
generalization. Furthermore, in downstream
Rubric-based Reinforcement Learning, PRISM
effectively mitigates reward hacking, yielding
policies that are more robust and resilient to
distribution shifts.

1 Introduction

Evaluators (e.g., reward models and LLM-based
judges) are increasingly used to replace costly
human evaluation, scaling both benchmarking
and alignment training for large language models
(LLMs) (Cao et al., 2025; Li et al., 2024a). That
is, an evaluator is not only a measurement tool but
also an optimization target. Take Reinforcement
Learning from Human Feedback (RLHF) (Stien-
non et al., 2020) as an example, its outputs directly
shape the behaviors that a policy learns. However,
most existing evaluators compress several human’s
judgments into a single scalar score, creating a po-
tential information loss of what diverse humans
fCorresponding author.

Our code is publicly available at https://github.com/
ALEX-nlp/PRISM

actually prefer (Yang et al., 2024). This can be am-
plified by optimization, leading to brittle alignment
and undesirable behaviors (Dong et al., 2023).

We argue that this loss is structural rather than in-
cidental. Although this compression is convenient,
it discards the structure of how humans evaluate
open-ended generations. Conflict in human feed-
back arises from two structurally distinct sources:
Subjective Preference: Valid disagreements where
qualified annotators prioritize different attributes
(e.g., safety vs. humor), forming a multimodal pref-
erence landscape; Epistemic Uncertainty: Low-
conviction judgments caused by ambiguity or lack
of expertise, which should manifest as high vari-
ance rather than a definite preference. When such
heterogeneous judgments are forced into a single
number, the learned evaluator tends to approximate
a hypothetical “average annotator”, which may not
represent any coherent group.

Fine-grained evaluation partially alleviates this
by decomposing overall quality into interpretable
criteria (Shen et al., 2025; Wang et al., 2024a),
but individual subjective differences do not dis-
appear at the criterion level. To achieve robust
alignment, an evaluator must effectively disentan-
gle these factors, and preserve this preference distri-
bution. However, realizing this distributional view
in practice is non-trivial due to two challenges: 1)
To obtain massive, fine-grained manual annotation
is costly; how to recover diverse preferences from
limited available pairwise comparisons? ii) How to
model rich structural human judgments under the
standard Bradley-Terry (BT) formulation (Bradley
and Terry, 1952) for the RLHF pipeline?

In this paper, we propose PRISM (Probabilistic
Reward model with Inherent Structural Modeling).
Inspired by a physical prism that decomposes white
light into a spectrum, PRISM reinterprets eval-
uation as a conditional distribution over diverse
human values rather than a single scalar. Con-
cretely, we model rewards as a Mixture of Gaus-
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sians (Dempster et al., 1977), which structurally
disentangles two sources of conflict: distinct Gaus-
sian experts capture conflicting Subjective Pref-
erences, while their variance estimates quantify
Epistemic Uncertainty. Crucially, PRISM exploits
this distributional structure to manage the inherent
trade-off between specialization and reliability: ex-
pert means (u) learn specialized preference dimen-
sions, and each component’s variance (02) serves
as a dynamic reliability gate that automatically
attenuates gradients from uncertain experts (e.g.,
for ambiguous or Out-of-Domain inputs). This
suppresses cognitive noise while preserving multi-
modal preference structure, thereby providing faith-
ful supervision under heterogeneous feedback.

To enable scalable learning without massive fine-
grained annotations, we devise a two-stage training
strategy. In Stage 1, PRISM disentangles latent
preference factors from large-scale pairwise com-
parisons. The uncertainty-aware objective naturally
encourages experts to specialize in distinct regimes
by "admitting ignorance" on conflicting data rather
than collapsing to the mean. In Stage 2, we freeze
experts and train a router using a mixture likelihood
objective. This allows the model to dynamically
aggregate experts based on the input, making input-
adaptive rewards feasible by leveraging a small
set of context-labeled data alongside a large pool
of unlabeled preference data. Empirical results
demonstrate that PRISM significantly outperforms
scalar baselines in both accuracy and generaliza-
tion. In downstream Rubric-based Reinforcement
Learning (Gunjal et al., 2025; Huang et al., 2025),
PRISM effectively mitigates reward hacking. Un-
like scalar proxies that often lead to collapse after
early peaks, PRISM provides a robust optimiza-
tion landscape, yielding policies that are superior
in performance and resilient to distribution shifts.

Our contributions can be summarized as follows:

* We highlight the structural mismatch between
what single scalar evaluator optimizes and
what diverse humans actually prefer.

* We propose PRISM which models rewards as
a MoG to capture distributions. This formu-
lation enables the model to distinguish valid
disagreements (subjective diversity) from epis-
temic uncertainty.

* We train PRISM with an effective two-stage
approach and conduct extensive experiments,
yielding robust and reliable reward signals.

2 Preliminaries and Related Work

2.1 Bradley-Terry Model

The Bradley-Terry method (Bradley and Terry,
1952) is a classic framework in statistics and ma-
chine learning for analyzing pairwise comparison
data. Its key assumption is that each item is asso-
ciated with a latent strength, and the outcome of
a comparison between two items is determined by
the difference between their strengths. Concretely,
we assign each item ¢ a real-valued parameter s;
that represents its underlying quality. The probabil-
ity that item ¢ is preferred over item j is given by

o exp(si)
P(i ~ = =0\S8 — Sj5),
9= S el ~ 7T
ey
where o (z) = 7 +i—m denotes the sigmoid function.

The BT model is well-suited for learning from
human-annotated pairwise preferences (Stiennon
et al., 2020) and is typically trained by maximizing
the likelihood of observed comparisons via Maxi-
mum Likelihood Estimation (MLE) (Myung, 2003).
In modern alignment pipelines, this formulation
has become a standard theoretical foundation for
reward modeling in the RLHF stage of LLMs.

2.2 RLHF and Reward Model

LLMs are primarily trained with next-token pre-
diction, an objective that is largely value-neutral
and can misalign model behavior with human in-
tent (Stiennon et al., 2020; Wang et al., 2023).
RLHF mitigates this by turning human judgments
into optimization signals, promoting the helpful,
honest, and harmless (3H) behaviors (Lowe and
Leike, 2022).

The RLHF pipeline has evolved rapidly. Early
work popularized a three-stage recipe (Stiennon
et al.,, 2020): supervised instruction tuning, re-
ward modeling, and PPO-based policy optimiza-
tion (Schulman et al., 2017), where a trained re-
ward model converts subjective quality assessments
into a trainable scalar objective. To reduce com-
plexity and improve efficiency, reward-free meth-
ods (Rafailov et al., 2023) directly optimize poli-
cies from preference pairs, effectively absorbing
reward learning into the policy update. As align-
ment increasingly targets reasoning-intensive tasks
and faces distribution shifts, recent studies have
revisited online iterative alignment (Ye et al.,
2024; Shao et al., 2024) and process-level supervi-
sion (Zhang et al., 2025; Zhou et al., 2025), while
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Figure 1: The two-stage framework of PRISM. Stage 1 specializes expert heads on a frozen LLM by leveraging

learning dynamics and Gaussian modeling. Stage 2 freeze
weights based on the input, generating a Mixture of Gaussi

the high cost of human labeling has further driven
RLAIF (Lee et al., 2023), including Constitutional
Al (Bai et al., 2022) and self-play feedback gen-
eration (Dong et al., 2024a; Madaan et al., 2023);
LILM-as-a-Judge is often used to scale such feed-
back but typically requires calibration and human
auditing (Li et al., 2025).

Despite these variants, RM-style modeling re-
mains essential for broad, non-verifiable genera-
tion settings (Lambert et al., 2025). Most RMs
still rely on Bradley-Terry assumptions, which are
simple but structurally restrictive: they compress
multi-attribute, population-diverse preferences into
a single scalar order and represent noise via point
estimates, making it difficult to reflect sample dif-
ficulty, annotator disagreement, and uncertainty;
under strong optimization, this can also lead to cal-
ibration drift (Masters et al., 2025; Gruber et al.,
2025). These limitations have motivated proba-
bilistic (Lou et al., 2024; Sun et al., 2025) and
multi-expert reward modeling (Shen et al., 2025;
Wang et al., 2024a). In particular, we further model
Subjectivity Preference and Epistemic Uncertainty
as a MoG, enabling the reward to capture both
uncertainty and heterogeneous attribute trade-offs,
and providing a more faithful and robust signal for
downstream alignment.

3 Method

To disentangle latent preference factors from pair-
wise comparisons, we propose PRISM, which mod-
els the reward distribution as a Mixture of Gaus-
sians, as shown in Figure 1. This architecture
naturally addresses the structural duality of hu-
man feedback: distinct mixture components (1)
capture diverse Subjective Preferences, while vari-

s these heads and trains a router to dynamically assign
an output for precise preference prediction.

ance estimates (o) quantify Epistemic Uncertainty.
Built on a frozen backbone with lightweight heads,
PRISM employs a two-stage training strategy to
recover these fine-grained distribution structures
without requiring expensive dense annotations:

Mean Score Heads. Given the frozen LLM back-
bone, we extract the hidden representation h for
an input-response pair (z,y) and map it to a mean
score via a lightweight linear head. For each expert
k, this design mirrors the standard BT-style reward
head. Formally, the mean score predicted by the
k-th expert is

pi(z,y) = WP, )

Bounded Sigma Heads. To capture Epistemic
Uncertainty, we represent each expert k as a Gaus-
sian distribution and introduce a o-head to param-
eterize its dispersion. Specifically, for an input-
response pair (x,y) with frozen backbone repre-
sentation h, the predicted standard deviation is

Uk(xy y) = Omin T (Umax - Umin) : SlngId(zk)y

zr = W¥Hh 4 bk,

(3)

where opnin and oy ax are fixed bounds to prevent
numerical instability.

Input-Aware Router. We introduce a routing net-
work that estimates the relevance of each expert
conditioned on the input z (which comprises the
prompt and, optionally, additional context). Let h,
denote the hidden state of the last token of z en-
coded by the frozen backbone. The router outputs
a mixture weight vector via

7(x) = Softmax(W,h,), 4)
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where 7(z) € AK~1 assigns the mixture weights
over the K experts.

3.1 Stage 1: Uncertainty-aware Expert
Formation

To facilitate the disentanglement of latent prefer-
ence dimensions from large-scale pairwise com-
parisons, we train a set of diverse expert heads
to jointly learn single Gaussian. In Stage 1, to en-
courage unsupervised specialization, we bypass the
input-dependent router and assume a uniform prior
over experts. Crucially, we optimize the mixture
likelihood. This objective induces competition by
leveraging the uncertainty estimates: as detailed
below, the probabilistic formulation allows experts
to dynamically "bid" for data based on their confi-
dence, driving them to specialize in distinct prefer-
ence regimes.

MacKay approximation for Gaussian BT.
Each expert k predicts a Gaussian reward for
any response y under prompt z: ri(y | x) ~
N(ur(z,y),06(z,y)?). For a preference pair
(Yw, Y1), the reward difference is also Gaussian:

Dy, = r4(yw) — me(ur) ~ N (paitt, Tam) »
paitt = ok (Yw) — He(y1), (5)

oom = 0k (Yw)? + o ().

The BT pairwise probability is then
Pi(yw = yi | ©) = Ep, [o(Dy)]

(6)
— [ o Nt o o) .
which has no closed form. We therefore adopt the
classical MacKay approximation (MacKay, 1992),
which replaces the logistic link with a Gaussian-
scaled surrogate and yields a simple analytic form:

P~ o 1 (Yw) — b (y1) 7
V 1+ X (ok(yw)? + or()?)
(7)
where o means Sigmoid(-), and we set the constant
A =m/8.

Uncertainty-induced gradient gating. Eq. (7)
reveals a critical mechanism: the aggregated predic-
tive uncertainty o2, acts as a data-dependent tem-
perature. High uncertainty inflates the denominator,
effectively shrinking the reward margin and driv-

ing the probability Py toward 0.5. Consequently,

for ambiguous or conflicting pairs where an ex-
pert lacks confidence (i.e., large o), the likelihood
becomes less decisive, naturally attenuating the
gradients propagated to the model. This mecha-
nism serves as a reliability gate: each expert learns
aggressively from preference dimensions it is con-
fident about, while ambiguous supervision is auto-
matically down-weighted. This is a crucial property
for robustly extracting signals from naturally con-
flicting preference data. We provide a theoretical
proof of this property in Appendix A.3.

3.2 Stage 2: Input-Conditional Preference
Routing

While Stage 1 effectively isolates Epistemic Uncer-
tainty via gradient gating, the diverse Subjective
Preference dimensions remain distributed across
the expert population.

Therefore, the goal of Stage 2 is to learn a dy-
namic aggregation mechanism: given solely the
input z, the model must infer the implicit scoring
criteria and assign weights to the experts that best
align with the current input, effectively resolving
subjective conflicts.

Router-only training with frozen experts. We
freeze all expert heads trained in Stage 1 to pre-
serve their specialized semantics and uncertainty
estimates. We then train a linear router to pre-
dict the mixture weights. Concretely, we extract a
prompt representation h, from the last-layer hid-
den state at the end of the prompt, and predict
routing logits to obtain the mixture distribution
7(x) = Softmax (W, hy).

Pairwise likelihood via MoG Difference. Given
a preference pair (y.,y;), instead of selecting a
single expert, we marginalize over which expert
dimension is responsible for the winner and the
loser. Concretely, we define the overall preference
likelihood as an outer-product mixture:

K K
Plyw =y | 2) =D mel@)mi(@) pre, (8)

where pie denotes the probability that expert k
prefers the winner while expert ¢ prefers the loser.
Under Gaussian rewards, this cross-expert proba-
bility admits a simple closed form (Gaussian differ-
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Table 1: Accuracy scores on HelpSteer2 test set. On average, PRISM outperforms baselines across various attributes
and overall results. All baselines use the same 3B base model.

Method Supervision ‘ Helpfulness Correctness Coherence Complexity Verbosity ‘ Average
Single-BT Reward Binary 0.7838 0.6686 0.6914 0.7907 0.8816 0.7632
Shared-Base Best ~ Binary 0.7838 0.6628 0.7037 0.7519 0.8158 0.7436
Static Mixture Binary 0.7243 0.6570 0.6790 0.8372 0.9013 0.7598
HyRe Binary + Test Labels 0.7692 0.6987 0.6781 0.7168 0.8015 0.7329
MiCRo Binary + Context 0.8324 0.7140 0.7543 0.7628 0.8513 0.7830
PRISM Binary + Context 0.7721 0.7775 0.7629 0.7481 0.8859 0.7910
ence): 2024b) dataset and two attribute-specific datasets,

pre = P(ri(yw | ) > oy | 7))

:q)< 1Y) — pe(y1) ) ©)
Vorlyw)? + o)+ )’

with ®(+) the standard normal CDF and € a small
constant for numerical stability.

Compared with using only the diagonal terms
(k = 0), Eq. (8) explicitly accounts for cross-
dimensional explanations of a preference pair: An
input may simultaneously activate multiple plausi-
ble criteria, and the outer-product mixture provides
smooth, informative gradients by integrating all
pairwise interactions weighted by 7 (z).

Training objective. We train only the router pa-
rameters ¢ by maximizing the likelihood of ob-
served preferences under the frozen experts:

Erouter(¢> = _E(az,yw,yl)ND [log P(yw =Y ’ l‘)] ’
(10)
where P(y, = y | z) is defined in Eq. (8).
As a result, Stage 2 learns a prompt-conditioned
mixture over expert dimensions, capturing subjec-
tive, goal-dependent evaluation while inheriting the
uncertainty-aware expert formation from Stage 1.

4 Experiments

In our experiments, we aim to answer three key
questions: (Q1) Does PRISM outperform scalar
baselines in accuracy and generalization? (Q?2)
Can PRISM structurally decouple conflicting sub-
jective preferences from epistemic uncertainty into
interpretable experts? (Q3) Can PRISM provide
a robust, uncertainty-aware reward signal to effec-
tively drive downstream alignment?

4.1 Experiment Setup

Training Datasets: We trained the reward mod-
els on pairwise preference datasets, including the
general-purpose Preference-700K (Dong et al.,

HelpSteer2 (Wang et al., 2024b) and RPR (Pitis
et al., 2024). We use this data to simulate the in-
consistency of human annotations, further details
on the datasets can be found in the Appendix B.

Models and Baselines: Our main experiments
use the open-source GRM-Llama3.2-3B (Yang
et al.,, 2024) as the backbone. The backbone
is frozen, and three types of heads are trained.
Our baselines include Single BT, Static Mix-
ture (Chakraborty et al., 2024), Share-Based En-
semble Model (Lee et al., 2024) and MiCro (Shen
et al., 2025). Detailed descriptions of the baselines
are provided in Appendix C.2.

4.2 Main Result

In this section, we address Q1 by evaluating
PRISM’s predictive accuracy and robustness. We
conduct benchmarks on the HelpSteer2 and RPR
test sets, comparing PRISM against state-of-the-
art baselines to demonstrate its competitive perfor-
mance and generalization capabilities.

As summarized in Table 1 and Table 2, PRISM
achieves the highest average scores of 79.10% on
HelpSteer2 and 83.23% on RPR. With these results,
PRISM outperforms all compared 3B-based reward
models and substantially exceed the standard scalar
BT baseline. The performance gains are consistent
across diverse evaluation dimensions, suggesting
that PRISM’s probabilistic formulation effectively
captures multifaceted human judgments.

Beyond in-distribution benchmarks, PRISM ex-
hibits strong generalization on the OOD Reward-
Bench (Lambert et al., 2024) and RM-Bench (Liu
et al., 2024), with results summarized in Table 3
and Table 4, respectively, maintaining a signifi-
cant lead over scalar counterparts. Furthermore, to
verify the model-agnostic nature of our approach,
we extend PRISM to various backbones. As de-
tailed in Appendix C.4.1, the consistent perfor-
mance enhancements across different architectures
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Table 2: Accuracy scores on RPR test set. On average, PRISM outperforms baselines across various attributes and
overall results. All baselines use the same 3B base model.

Scientific User- Linguistic  Factual
Method Supervision Clarity  Creativity Rigor Friendliness ~ Storytelling ~ Pedagogical  Creativity = Accuracy Humor | Average
Single-BT Reward Binary 0.4717 0.6806 0.3333 0.7978 0.8375 0.6452 0.8654 0.4225 0.8810 | 0.6594
Shared-Base Best Head ~ Binary 0.6226 0.7360 0.8095 0.6966 0.8000 0.6774 0.8558 0.7042 0.9643 | 0.7629
Static Mixture Binary 0.9057 0.6389 0.9048 0.6854 0.6250 0.7903 0.7404 0.8451 0.9167 0.7836
HyRe Binary + Test Labels | 0.7027 0.5893 0.6618 0.8493 0.6563 0.7826 0.7045 0.7091 0.4853 0.6823
MiCRo Binary + Context 0.9170 0.6289 0.8119 0.8696 0.7525 0.7935 0.8558 0.8563 0.9109 0.8218
PRISM(our) Binary + Context 0.9623 0.6528 0.9167 0.6944 0.8000 0.8387 0.8269 0.9577 0.8929 0.8323
Table 3: Performance on Reward-Bench. 4.3.1 Preference Disentanglement: Expert
Correlation and Semantic Roles

Model Chat Chat-hard Safety Reasoning Average

: Structural Disentanglement of Conflicting Pref-
Single BT 0.9581 0.7346 0.9094 0.9315 0.8991

. 3 3 b
MiCRo 0.9497 0.7544 09122 09322 0.9022 erences. We first investigate whether PRISM’s
PRISM 0.9581 0.8268 0.9176 0.9364 0.9176

Table 4: Performance on RM-Bench.

Model Easy Normal Hard Average
Single BT 0.883 0.741 0.432 0.686
MiCRo 0.901 0.732 0.491 0.708
PRISM 0.919 0.769 0.499 0.729

further validate PRISM’s architectural robustness
and transferability.

4.3 Expert and Routing Analysis

To address Q2, we conduct a multi-faceted analy-
sis of PRISM’s inner mechanics, focusing on how
it structurally decomposes reward signals. We
demonstrate that PRISM does not simply average
conflicting feedback; instead, it disentangles sub-
jective preferences into specialized experts and iso-
lates epistemic uncertainty via variance. Through
correlation analysis, attribute-wise probing, and
routing visualization, we show that this emergent
structure is both semantically meaningful and con-
trollable.

HeIpSteerZ

- HI 3B -ﬂﬂlll Hl
~EEEE - - [T - - [

ho h1 h2 h3 h4 h5 hé h7 ho h1 h2 h3 h4 h5 hé h7

Figure 2: Correlation matrices of expert pairwise prefer-
ences on RPR and HelpSteer2.

experts successfully capture distinct preference di-
mensions without explicit supervision. Spearman
rank correlations between experts (Figure 2) re-
veal a polarized block structure in RPR, where
experts divide into opposing camps with strong
negative correlations. This result confirms that
PRISM segregates contradictory labels (e.g., pref-
erence reversals due to context changes) into dis-
tinct regimes. In contrast to standard scalar reward
models, which would likely collapse these conflicts
into a high-entropy "average," PRISM preserves
the multimodal nature of the feedback. Conversely,
in HelpSteer2, experts exhibit clustered positive
correlations, reflecting nuanced specialization in
compatible dimensions like Correctness and Con-
ciseness.

Post Hoc Semantic Role Assignment. To ver-
ify the interpretability of these latent dimensions,
we analyze expert performance across attribute-
specific subsets (Figure 3) and assign semantic
roles to each head (Table 13). We observe the spon-
taneous emergence of functionally distinct groups:
Subjective Experts (e.g., Head 6) achieve supe-
rior accuracy on creative dimensions like Humor
and Storytelling, whereas Objective Experts (e.g.,
Head 7) dominate in Rigor and Factuality. This
specialization occurs without any attribute-specific
labels during training. Notably, Head 5 emerges
as a "consensus expert," maintaining robust perfor-
mance across diverse scenarios. This suggests that
PRISM learns a hierarchical preference structure,
maintaining a "generalist" fallback while deploy-
ing "specialists" to capture specific trade-offs when
necessary.

4.3.2 Input-Conditional Routing Behavior

Input-Aware Router Selectivity. To verify if
these experts are utilized meaningfully, we ana-
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Figure 4: Distribution of routing across attribute subsets
on RPR and HelpSteer2. The orange head group rep-
resents objective-oriented expert heads, while the blue
head group represents subjective-oriented expert heads.

lyze the router’s head selection 7 (z). As shown in
Figure 4, the distributions are highly non-uniform,
showing systematic, attribute-aware expert selec-
tion rather than random routing. Objective experts
are seldom used for Humor or Verbosity but dom-
inate Rigor and Factual, while subjective experts
show the opposite pattern. For hybrid attributes
like Creativity and Storytelling, the router spreads
mass across both groups, with Head 5 serving as a
balanced fallback when ambiguous.

4.3.3 Quantifying Epistemic Uncertainty

Uncertainty as a Reliability Gate: ID vs. OOD
Analysis. We evaluate PRISM’s ability to quan-
tify Epistemic Uncertainty via its predicted vari-
ance 0. A key desideratum for a robust reward
model is to remain "cautious" on unfamiliar data.
We compare the mix uncertainty (¢) of PRISM
on In-Distribution (ID) datasets against Out-Of-
Distribution (OOD) benchmarks.

As shown in Figure 5, the average variance on
OOD samples is higher (+25.28%) than on ID

samples. This demonstrates that PRISM does not
merely "pick a side" among its experts when facing
unfamiliar prompts; instead, it signals a lack of
confidence through increased variance. This mech-
anism provides a built-in reliability gate, allowing
downstream alignment algorithms to down-weight
rewards from high-uncertainty samples, thereby
mitigating reward hacking in unexplored regions
of the state space.

0.45

0.4
0.35
0.3
0.25
0.2

Chat

Helpful Correct Coherence Complexity Verbosity Chat safety Reasoning

HelpSteer2(ID) Reward-Bench(OOD)

Figure 5: Uncertainty in ID and OOD data.

4.4 Downstream Task: Rubric-based RL

To validate the effectiveness of PRISM’s reward
modeling mechanism in real-world downstream
tasks, we conduct experiments in a Rubric-based
Reinforcement Learning framework. This task de-
mands that the reward model not only learns the
complex structure of fine-grained human prefer-
ences but also provides a robust signal that general-
izes to unseen evaluation scenarios.

Setup and Data. Due to the scarcity of pub-
licly available rubric-based datasets, we utilize
HelpSteer3-Principle (Wang et al., 2025), which
contains open-ended tasks categorized into ’STEM’
and ’General’. Each instance in the dataset com-
prises a baseline response paired with a correspond-
ing scoring principle. Crucially, this dataset is com-
pletely independent of PRISM’s training data. We
employ Deepseek-v3.2 to expand the principles
into detailed scoring rubrics, resulting in approxi-
mately 10k training samples and 400 test samples;
refer to Appendix C.3 for details. For experiments,
we use PRISM-3B as the reward model and opti-
mize policy models (LLaMA3.2-3B, LLaMA3.1-
8B (Dubey et al., 2024), and Qwen3-4B (Yang
et al., 2025)) using GRPO (Shao et al., 2024). To
evaluate the optimized policies, we perform pair-
wise win-rate analysis by comparing responses gen-
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Figure 6: The results of Rubric-based Reinforcement Learning for three policy models. MoG, Uniform, and Weight
denote different methods of PRISM-represented rewards: MoG refers to a Mixture of Gaussians; Uniform denotes a
MoG without a router; Weight represents a weighted scalar. Sin-BT corresponds to a Single BT scalar.

erated by the trained policy models against the base-
line responses in the test set, with Deepseek-v3.2
serving as the judge model.

Baselines and Methods. Since standard RL
pipelines typically require scalar rewards, we inves-
tigate different strategies to incorporate PRISM’s
distributional output, allowing us to isolate the con-
tributions of the router and the Gaussian modeling:

* Single-BT: A standard reward model trained
with a single Bradley-Terry head, serving as
the primary baseline.

e PRISM-Uniform: Similar to MoG but setting
each expert’s weight to the average.

* PRISM-Weight: A weighted sum of expert
mean scores using the router 7(x).

* PRISM-MoG: Uses the full Mixture-of-
Gaussians distribution. The reward is derived
from the distributional difference P(A > B)
between the policy response and a baseline,
preserving structural information.

Mitigating Reward Hacking. The training tra-
jectories, visualized in Figure 6, reveal a critical
insight regarding robustness. As shown by the red
dotted curves, the Single-BT baseline suffers from
severe instability: its Win Rate collapses sharply
after an early peak. This pattern indicates reward
hacking, where the policy exploits flaws in the
scalar proxy without genuine quality improvement.
In contrast, PRISM-MoG consistently achieves the
highest scores and maintains stability throughout
training. This demonstrates that distributional re-
ward modeling acts as a regularizer, offering sig-
nificantly superior robustness against adversarial
exploitation compared to scalar proxies.

Ablation Analysis. Comparing the variants dis-
entangles the sources of these gains. While both
Weight and Uniform improve stability over Single-
BT, they consistently underperform MoG in peak
performance. Crucially, the gap between MoG and
Weight highlights the specific value of probabilis-
tic modeling: although both methods use the same
router weights, Weight collapses the output to a
scalar mean, discarding the variance. The superior
performance of MoG confirms that higher-order
uncertainty information is essential for effective
optimization, likely acting as a dynamic reliability
gate for ambiguous samples.

Furthermore, MoG outperforms Uniform, vali-
dating the necessity of the input-conditional router
to resolve conflicting preference dimensions.

Table 5: Performance of three policy models trained
with different rewards on Arena-Hard v2.0.

Method LLaMA3.2-3B LLaMAL3.1-8B Qwen3-4B
MoG 3.75 6.55 20.2
Weight 3.05 6.15 19.2
Uniform 2.75 5.0 18.7
Single-BT 2.3 4.05 19.1
Base 1.2 2.55 12.7

Scalability and Generalization. We observe ro-
bust scalability across model sizes, with PRISM-
MoG consistently optimizing policies from 3B to
8B parameters. Finally, to verify generalization,
we evaluate the converged policies on Arena-Hard
v2.0 (Li et al., 2024b). As detailed in Table 5, poli-
cies trained with PRISM-MoG significantly outper-
form baselines across all architectures, confirming
that our method fosters genuine alignment rather
than overfitting to specific rubrics.
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5 Discussion: Towards Reinforcement
Learning that Fully Exploits
Distributional Rewards.

Our results suggest that the main benefit of dis-
tributional reward modeling may not lie merely in
predicting better preference scores, but in providing
a richer optimization signal for downstream rein-
forcement learning. Although PRISM already im-
proves stability and robustness when its Mixture-of-
Gaussians reward is used in GRPO, the current RL
pipeline still largely consumes this signal through
scalarized surrogates. This creates a mismatch: the
reward model represents subjective diversity and
epistemic uncertainty as a distribution, while the
policy optimizer still treats supervision as a single-
number objective.

A natural direction for future work is to de-
sign distribution-native RL objectives that optimize
against the full reward distribution rather than its
mean or a collapsed preference probability alone.
For example, policy updates could separately ac-
count for expected reward, disagreement across
experts, and predictive uncertainty, allowing the
policy to distinguish promising improvements from
unreliable reward spikes. Such objectives may bet-
ter preserve the structural advantages and further
reduce reward hacking.

A second promising direction is uncertainty-
aware policy optimization. Since PRISM’s vari-
ance already behaves as a reliability gate, future
algorithms could use uncertainty not only to score
responses, but also to modulate learning dynamics
directly. For instance, by down-weighting high-
uncertainty samples, clipping overly confident up-
dates in ambiguous regions, or allocating explo-
ration toward areas with informative but not adver-
sarial disagreement. This would make the policy
less likely to exploit accidental reward artifacts
while still benefiting from informative preference
gradients.

Third, future work could explore expert- and
router-aware credit assignment. Our findings indi-
cate that different experts capture different prefer-
ence dimensions and that input-conditional routing
is crucial for downstream gains. This suggests that
RL should not only optimize for “higher reward,”
but also for which preference dimensions are being
improved. An interesting direction is to condition
policy updates on the router distribution, so that the
model learns when to improve factuality-oriented
behaviors, when to trade off toward creativity, and

when to defer under uncertainty, instead of collaps-
ing all behaviors into a single alignment axis.

More broadly, our findings suggest that the
next step after distributional reward modeling is
distribution-aware policy optimization. Rather than
treating reward distributions as a better way to
produce scalar supervision, future work may ben-
efit from designing RL algorithms that preserve
and exploit uncertainty, disagreement, and context-
dependent preference structure throughout the opti-
mization process.

6 Conclusion

In this work, we argue that the collapse of diverse
human judgments into a single scalar is a structural
bottleneck in alignment. We propose PRISM to
bridge this gap, modeling rewards as a MoG dis-
tribution that explicitly respects both subjective di-
versity and epistemic uncertainty. Our empirical re-
sults demonstrate that preserving this distributional
structure yields superior reward modeling accuracy
and generalization. Furthermore, in downstream
RL task, PRISM provides a robust optimization
landscape, effectively mitigating reward hacking
through uncertainty-induced gradient gating. We
hope this work encourages the community to move
beyond the "average annotator’ assumption and em-
brace the inherent plurality of human alignment.

7 Limitations

While PRISM offers significant improvements over
traditional scalar reward models, there are inherent
limitations. One limitation is that, despite model-
ing reward as a distribution, the distribution can
still be compressed into a scalar value due to the
RL framework. This may limit the full expres-
sive power of the probabilistic model in certain
settings. Moreover, although our approach is de-
signed for broad applicability, publicly available
datasets capturing heterogeneous capabilities re-
main extremely scarce. This data scarcity makes
it difficult to comprehensively evaluate PRISM’s
capabilities in real-world scenarios.
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A Derivation of Uncertainty-Induced
Gating and Conflict Adaptation

In this section, we provide a rigorous derivation
of the training dynamics under the MacKay ap-
proximation. We demonstrate two key properties:
(1) Gradient Gating, where high uncertainty auto-
matically down-weights the learning signal for the
reward mean, and (2) Conflict Adaptation, where
the model actively increases its uncertainty esti-
mate when facing conflicting or inexplicable data
patterns.

A.1 The MacKay Approximation

The preference probability under a Gaussian re-
ward assumption involves the integration of a sig-
moid function over a Gaussian distribution, which
is analytically intractable:

P(yw =y | x) = /U(Z)N(ZSNdiffa Oom) d2
(11)

We employ the MacKay approximation to obtain a
closed-form differentiable surrogate:

Hdiff (12)

where pqifr is the predicted reward margin, a?um

is the total uncertainty, and A = 7/8. Let S =
1+ Ao, be the scaling factor. We define the
scaled logit as z* = pgigr/.S. The training objective
is to minimize the negative log-likelihood £ =
—log P.

P =~ Sigmoid (

A.2 Proof of Gradient Gating
(Down-Weighting)

We first analyze the gradient with respect to the
reward mean difference pgir. Using the chain rule:

oL 9L P 9z
aludiff oP 0z* 8Mdjff

1 1
- (-pP) "

V14 o2

Here, the term acts as an explicit Gating

_ 1
v 1+Xo2,,

Factor.

* High Confidence (¢2,, — 0): The gating
factor approaches 1. The gradient magnitude
is determined solely by the prediction error

(1—P), allowing the expert to learn efficiently.

« High Uncertainty (02, — oo): The gating

factor approaches 0. Even if the prediction
error (1 — P) is large (e.g., due to noise), the
effective gradient transmitted to the parame-
ters of p is attenuated. This protects the expert
from overfitting to ambiguous data.

A.3 Proof of Conflict Adaptation (Why o
Increases)

We examine how the uncertainty parameter o2,
evolves when the expert faces conflicting data. Re-
call the gradient of the loss with respect to total
uncertainty:

oL ALdiff
9= _q_p.
9ol ( ) 2(1+ o2

sum

(14)

)3/2

Consider a Conflict Scenario: The ground truth
preference is y,, > ¥, but the expert currently pre-
dicts the opposite, i.e., pgifr = ((Yw) — p(y;) < 0.
This represents a case of high loss or unexplained
data.

Analyzing the sign of the gradient in Eq. (14):

* The prediction error (1— P) is strictly positive
(P €(0,1)).

« The denominator 2(1 4+ \o2,,)%/? is strictly
positive.

* The constant A > 0.
* In this conflict scenario, pgqir < 0.

Consequently, the gradient is negative:

oL
Oo2

sum

<0 (15)

Applying the standard gradient descent update
rule with learning rate 7:

oL
(Us2um)t+1 — (Uzum)t -n 2 (16)
8O-SLIIH
Since the gradient is negative, the subtraction re-
sults in an addition:

(Us2um)t+1 > (Uzum)t (17)

When the expert’s preference prediction conflicts
with the label (ugie < 0), the optimization process
drives the uncertainty o2, to increase. This effec-
tively "flattens" the sigmoid curve, reducing the
penalty for the incorrect mean prediction, which
corresponds to the expert "admitting ignorance" on
conflicting data.
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B Dataset

The RPR dataset is a synthetic conditioned-
conditioned preference dataset, which includes
over 20000 paired tuples of prompt, context (ei-
ther a criteria or scenario), and preference judg-
ments. The samples are paired so that preference
between two completions for the same prompt is
entirely ambiguous without context: for every con-
text, there is an alternative context for which pref-
erence reverses. This design choice ensures that
preference prediction performance on this dataset
is determined solely by the model’s ability to pay
attention to and interpret the context.An example
data entry is shown in Table 6.

{
"prompt”: "Create a painting of a
mountain range in the fall.",
"response_a”: "To create a painting of
a mountain range in the fall that
incorporates symbolic elements,
consider using the changing leaves
as a metaphor for transformation
and the passage of time. The
mountains themselves could
represent stability and endurance,

contrasting with the fleeting
nature of the fall foliage. This
juxtaposition can add thematic
depth and invite viewers to
reflect on the cycles of nature
and life.”,

"response_b": "When painting a
mountain range in the fall, apply
color theory to evoke warmth and
comfort. Utilize a palette of rich

oranges, reds, and yellows to
capture the essence of the season
and create a sense of coziness.
The cool blues and purples of the
distant mountains can complement
the warm foreground, eliciting a
feeling of calm and serenity in
the viewer.",

"criteria_x": "Incorporates symbolic
elements that enhance the thematic

depth of the painting”,

"criteria_y"”: "Utilizes color theory
to evoke a specific emotional
response”,

"category_x":

Value",

"category_y":

"Humor and Entertainment

"User Experience”

Table 6: A data sample from RPR

HelpSteer2 is a Helpfulness Dataset that sup-
ports aligning models to become more helpful, fac-
tually correct and coherent, while being adjustable
in terms of the complexity and verbosity of its re-

N T

sponses. Each data entry is accompanied by scores
on five attributes; see an example in Table 7.

"prompt": "C#",

"response”: "C# is a high-level,
object-oriented programming
language developed by Microsoft
as part of its .NET initiative.
It was created as a modern...",

"helpfulness": 4,

"correctness": 4,

"coherence": 4,

"complexity": 2,

"verbosity": 3

"prompt"”: "C#",

"response”: "C# (pronounced \"C
sharp\") is a modern, object-
oriented programming language
developed by Microsoft. It is
widely used for building...",

"helpfulness": 4,

"correctness"”": 3,

"coherence”": 5,

"complexity": 2,

"verbosity": 3

Table 7: A pair of data sample from HelpSteer2

Preference-700K is a mixed dataset compris-
ing the following components, with each data
entry containing one chosen sample and one re-
jected sample: HH-RLHF, SHP, HelpSteer, PKU-
SafeRLHF, among others. An example data entry
is shown in Table 8.

Due to the current lack of datasets suitable
for rubric-based reinforcement learning, we uti-
lize HelpSteer3-Principle as our data source.
HelpSteer3-Principle contains 33905 samples, each
containing a domain, language, context, response,
principle and fulfilment. Each principle is gen-
erated to convert natural language feedback into
various aspects on which responses can be assessed
against (e.g. clarity or accuracy of information).
Alongside the principle, there is also an associated
fulfillment value which can be either Yes or No.
Yes means that the response fulfils the principle
and No means otherwise. An example data entry is
shown in Table 10.
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Table 8: A data sample from Preference-700K.
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Table 9: A data sample from HelpSteer3-Priciple.



C Experimental Details

C.1 Setup

For all Reward Model training experiments, we
fix the backbone model and train three types of
heads. Before training, we perform orthogonal
initialization on Mean Heads.

In Stage 1, we use a learning rate of 1 x 1073, a
batch size of 16, a warmup ratio of 0.05, and opti-
mize with AdamW for 2 epochs. To ensure training
stability, we constrain the standard deviation param-
eter o to lie within the range [0.3, 5.0]. In Stage 2,
we use a learning rate of 3 x 10~4, a batch size of
16, and train for 3 epochs. For the Rubric-based
RL experiments, we set the policy learning rate to
5 x 1077, use the GRPO (Shao et al., 2024) op-
timizer, a batch size of 16, and conduct training
using the VeRL framework. All training runs are
performed on a single machine equipped with 8
NVIDIA H200 GPUs.

C.2 Baselines

We evaluate the following baselines: (1) Single
Reward: A single-head model trained using the
standard BT loss. (2) Static Mixture: A simpli-
fied variant of our method, corresponding to the ap-
proach used in MaxMin-RLHF (Chakraborty et al.,
2024), where the mixture model is trained with
fixed, input-independent weights, without leverag-
ing contextual information. (3) SharedBase Ensem-
ble Model: (Lee et al., 2024) introduces HyRe, a
test-time adaptation approach based on ensemble
networks. We adopt the multi-head architecture
with a frozen prior network and multiple trainable
heads, optimizing a uniformly weighted sum of BT
losses. (4) MoE model: We include Micro (Shen
et al., 2025), an MoE model architecture trained on
exactly the same data as ours, as a baseline.

C.3 Rubric-based RL

Currently, there is a lack of data specifically
for rubric-based reinforcement learning. We col-
lected the HelpSteer3-Principle dataset and ex-
tracted open-ended subsets such as “General” and
“STEM.” We used Deepseek-v3.2 to annotate spe-
cific rubrics, and Table 10 shows a sample of this
data.

We utilize this data to train three policy mod-
els. Since current RL algorithms require scalar
rewards, we test four methods to explore how to
better leverage the distribution learned by PRISM.

LS N T N

"domain"”: "general”,
"fulfilment”: "No",
"language": "english",
"principle”: "accuracy of information
"prompt"”: "[{’content’: \"what is the
difference between mcdonalds and
burger kings cheeseburgers\\n\\n-
Information about McDonald’s
cheeseburgers is factually correct
.\A\n- Information about Burger
King’s cheeseburgers is factually
correct.\", ’role’: ’user’}]",

"rubric”: "[{’rubric’: \"Information
about McDonald’s cheeseburgers is
factually correct.\”, ’weight’:
0.5}, {’rubric’: \"Information
about Burger King’s cheeseburgers
is factually correct.\”, ’weight’:

0.5}1",

"baseline_response"”: "Both McDonald’s
and Burger King are well-known
fast food chains that offer
cheeseburgers as a popular menu
item. While both burgers are
similar in that they are
sandwiches made with a patty of
ground beef, they do have some key

differences in their recipes and
ingredients. Here’s a breakdown:\n
\n1. xxBunxx: McDonald’s uses a
soft, sesame-seeded bun, while
Burger King uses a slightly
thicker, toasted bun.\n\n2. *x*
Patty**x: McDonald’s uses a 100%
beef patty, while Burger King uses
a flame-grilled beef patty. The
beef used by Burger King is also
seasoned with garlic and onion.\n\
n3. **Cheesex*: Both McDonald’s
and Burger King use American

"n

Table 10: JSON representation of a prompt about the dif-
ference between McDonald’s and Burger King’s cheese-
burgers, along with rubric and baseline response.
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[QUESTION]:
{Question}

[RESPONSE1]:
{Model Response}

[RESPONSE2]:
{Baseline Response}

You need to judge the quality of the two responses. The scoring range is -5~5, where a positive score
indicates that RESPONSEL1 is better, and a negative score indicates that RESPONSE2 is better.

The absolute values of the scores represent:

0: Complete tie — Both are of equal quality, or both are equally bad and indistinguishable.

1: Slight advantage — Essentially the same content, only slightly better in formatting, tone, or style.

2: Visible gap — Relatively fewer errors, or slightly clearer explanations in minor details.

3: Clear win — More coherent and complete logic, or avoids an obvious flaw in the other response.

4: Key difference — One addresses the core issue, while the other makes a fundamental error.

5: Worlds apart — One is completely usable, while the other is a disaster (gibberish/severe hallucination).

For this question, the following rubric applies:
{Rubrics}

You may first provide an analysis, and on the final line, include the final score within <score></score>.

Figure 7: The prompt template of judge model.

(i) PRISM-MoG: In this method, we aim to use
more Gaussian mixtures to derive rewards. Specifi-
cally, based on the baseline response contained in
the dataset, we calculate the distributional differ-
ence between the policy model’s response and the
baseline. The reward is designed as follows:

_ (pa—pp, 3" (pa — pB))
V/trace(34) + trace(Xp)

Where p14,3 4 and pup, X p are the mean and co-
variance matrices of the policy model and baseline
respectively, (-, -) represents the inner product, and
trace(X) denotes the trace of the covariance matrix.

To soften the reward, we apply a soft saturation

function:
R
Ryoft = ¢ - tanh <>
c

(ii)) PRISM-Weight: This method uses the
weighted sum of the mean scores of each expert
as the reward. Although this approach does not
consider the distributional information when cal-
culating the reward, it is still influenced by the
distribution during training.

(iii) PRISM-Uniform: Similar to PRISM-MoG

in using the distributional difference, but omits the
router’s weighting.

(iv) Single-BT: This is the baseline model,
which is trained with a single BT head.

During the training process, we used Deepseek
V3.2 as the judge model for evaluation. Use the
replies in HelpSteer3 as a baseline to compare and
score. The prompt for scoring is shown in the figure
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C.4 More Experiments
C.4.1 PRISM based on other RM

In this section, we aim to investigate whether
PRISM has generalization ability across pedestal
models. We further tested GRM-LLaMA3.1-8B
and Skywork-Reward-V2-3B based models; All
findings have achieved good results, as shown in
the Table 11 and Table 12.

C.4.2 The Ablation Experiment on k

We conducted ablation experiments on k without
verifying the effectiveness of the experiment, and
the results are shown in Figure 8 and Figure 9.
It can be seen that as k increases, experts tend
to train one-on-one, making each expert perform
better on certain Attribution. But as the number
of experts increases, the Router becomes relatively
difficult to train, resulting in a slight decrease in
model performance when k is too large. Overall,
regardless of the value of k, the model can achieve
better results than Single BT.

Single-BT(k=1) (k=4) (k=8) (D
0.90

0.85
0.80
0.75
0.70

0.65

0.60

RPR HelpSteer2 Reward-Bench

Figure 8: Capability profiles of different K values across
three datasets.

RPR HelpSteer2
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Creativity
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Factual /
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Correctness

Rigor

User-
friendly

Linguistic-
Creativity

Complexity

Story- Pedagogical
telling

(B single-BT(k=1) (k=4) - ) (k=12)

Figure 9: Radar chart comparison of different heads
across attribute dimensions on RPR and HelpSteer2.

C.4.3 Expert Ability Explanation

After training the model, we can assign a certain
meaning to each head afterwards, as shown in the

B0 N

|
Ressoning II- - -.
ChatHard II. _ --
0% 20% 40% 60% 80%

100%

he @ hS h2 @8 h3 @B h7

Figure 10: Distribution of routing across attribute sub-
sets on Reward-Bench. The orange head group repre-
sents objective-oriented expert heads, while the blue
head group represents subjective-oriented expert heads.

Table 13. These experts can be divided into two
groups: subjective experts and objective experts.
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Table 11: Accuracy scores on RPR test set. On average, PRISM outperforms baselines across various attributes and
overall results. All baselines use the same 8B base model.

Scientific User- Linguistic Factual
Method Clarity Creativity Rigor Friendliness Storytelling Pedagogical Creativity Accuracy Humor Average
Single Head 0.5094 0.5972 0.3333 0.7865 0.8125 0.5484 0.7596 0.3380 0.9167 0.6224
Static Mixture 0.3962 0.5641 0.3214 0.7753 0.7375 0.6129 0.8462 0.3380 0.8571 0.6055
ARMO 0.9057 0.6806 0.9405 0.6966 0.7875 0.7903 0.9135 0.9014 0.9463 0.8403
MiCRo 0.8189 0.7750 0.8500 0.8225 0.8725 0.8065 0.8654 0.8620 0.9214 0.8438
PRISM(Sky-3B) 0.9245 0.6111 0.9405 0.7303 0.7500 0.7097 0.8654 0.9155 0.8929 0.8169
PRISM 0.9434 0.6667 0.9286 0.7528 0.7625 0.8710 0.8558 0.9859 0.9167 0.8498

Table 12: Accuracy scores on HelpSteer3 test set. On average, PRISM outperforms baselines across various
attributes and overall results. All baselines use the same 8B base model.

Method Helpfulness  Correctness  Coherence  Complexity  Verbosity  Average
Single Head 0.7636 0.7318 0.6909 0.7682 0.7818 0.7473
Static Mixture 0.7818 0.7364 0.7136 0.7455 0.7636 0.7482
ARMO 0.6919 0.6395 0.7593 0.7132 0.7500 0.7108
MiCRo 0.7864 0.7227 0.7242 0.7727 0.7712 0.7555
PRISM(Sky-3B) 0.7343 0.7365 0.7241 0.7434 0.8355 0.7545
PRISM 0.7766 0.7682 0.7802 0.7325 0.8289 0.7783

Table 13: Head-level attribute specialties, abstracted information patterns, and the resulting grouping structure.

Head Head Specialties (Attributes) Abstracted Information Pattern Group
0 Complexity, Verbosity Redundancy & conciseness (compression and redun-  Subjective
dancy control).
1 Complexity, Verbosity Redundancy & conciseness (compression and redun-  Subjective
dancy control).
2 Helpfulness, Correctness, Factual Accuracy & utility (factually correct and practically  Objective
helpful content).
3 Helpfulness, Coherence, Clarity, User- Clarity & structuring (well-organized, coherent, and  Objective
friendly, Factual easy-to-follow responses).
4 Creativity, StoryTelling, Linguistic- Creativity & affect (creative expression and narra- Subjective
Creativity tive/linguistic novelty).
5 Correctness, Clarity, Rigor, User-friendly, Rigor & pedagogy (rigorous, instructional, and user- Consensus
Pedagogical-effectiveness, Factual comprehensible explanations).
6 Creativity, StoryTelling, Linguistic- Humor & entertainment (humorous, engaging, and cre- Subjective
Creativity, Humor ative storytelling).
7 Coherence, Clarity, Rigor, Factual Rigor & factuality (logically tight and fact-consistent ~ Objective
reasoning).
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