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Abstract

Alignment of large language models (LLMs) with human
preferences typically relies on supervised reward models or
external judges that demand abundant annotations. How-
ever, in fields that rely on professional knowledge, such as
medicine and law, such large-scale preference labels are often
unachievable. In this paper, we propose a generative entropy-
guided preference modeling approach named GEM for LLMs
alignment at low-resource and domain-specific scenarios. In-
stead of training a discriminative reward model on prefer-
ence data, we directly train the LLM to internalize a closed-
loop optimization architecture that can extract and exploit
the multi-dimensional, fine-grained cognitive signals implicit
in human preferences. Specifically, our Cognitive Filtering
module, based on entropy theory in decision making, first
leverages Chain-of-Thought (CoT) prompting to generate di-
verse candidate reasoning chains from preference data. Sub-
sequently, it introduces a token scoring mechanism to rank
and weight the sampled CoTs, boosting the importance of
high-confidence answers and strategically high-entropy to-
kens. Building on these filtered preferences, we fine-tune
the LLM using a novel self-evaluated group advantage algo-
rithm, SEGA, which effectively aggregates group-level cogni-
tive signals and transforms the entropy-based scores into im-
plicit rewards for policy optimization. In these ways, GEM
empowers the LLM to rely on its own judgments and es-
tablishes an entropy-guided closed-loop cognitive optimiza-
tion framework, enabling highly efficient few-shot alignment
of LLMs. Experiments on general benchmarks and domain-
specific tasks (such as mathematical reasoning and medical
dialogues) demonstrate that our GEM achieves significant
improvements with few-shot preference data.

Code — https://github.com/SNOWTEAM2023/GEM

1 Introduction
Large language models (LLMs) can be greatly improved
through learning from human preferences, as demonstrated
by Reinforcement Learning from Human Feedback (RLHF)
and related approaches (Christiano et al. 2017; Ouyang
et al. 2022; Ziegler et al. 2019; Stiennon et al. 2020;
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Zhou et al. 2025b). However, standard RLHF pipelines typ-
ically rely on thousands of high-quality preference compar-
isons and a separately trained reward model (Ouyang et al.
2022; Bai et al. 2022a; Stiennon et al. 2020; Zhou et al.
2024b). This reliance yields data-efficiency challenges: in
fields that require highly specialized knowledge, such as
medicine and law (Hong, Chong, and Manning 2021; Zhao,
Bai, and Zhao 2025; Rao et al. 2025; Yang, Zhao, and
Shen 2025), assembling large preference corpora is costly
or impractical (Maity and Saikia 2025; Achintalwar et al.
2024; Chinta et al. 2024). Therefore, recent studies explore
more sample-efficient alternatives, such as prototypical re-
ward networks (Zhang et al. 2024), active preference se-
lection (Muldrew et al. 2024), synthetic or diverse AI feed-
back (Kim et al. 2023; Yu et al. 2025), robustness-oriented
reward modeling (Hong et al. 2025), and latent preference
coding (Gong et al. 2025), but these methods are still matur-
ing. Consequently, domain-specific LLMs often remain only
weakly aligned with nuanced human criteria when feedback
is scarce (Wu et al. 2021; Lambert 2025; Palikhe et al. 2025).

Existing approaches to mitigate this include using exter-
nal models as proxy judges (Gu et al. 2025; Koutcheme et al.
2024; Wu et al. 2024a) or fine-tuning separate reward clas-
sifiers with limited data (Zhang et al. 2024; Rafailov et al.
2023). Unfortunately, these external judging methods can
be unreliable and costly (Gu et al. 2025; Koutcheme et al.
2024; Paul 2024), and discriminative reward models trained
on small datasets often generalize poorly (Lin et al. 2024;
Zhou et al. 2024a; Gao, Schulman, and Hilton 2022). There
is therefore a clear need for more data-efficient and robust
alignment strategies for LLMs (Lee et al. 2023; Wang et al.
2025a; Bai et al. 2022b; Xin et al. 2024).

In this work, we propose GEM1, a Generative Entropy-
guided preference Modeling algorithm for few-shot align-
ment of LLMs. GEM is based on a cognitively inspired solu-
tion: human preferences not only reflect the final choice but
also reveal the multi-dimensional cognitive assessment pro-
cess behind it (Kahneman 2011; Keeney and Raiffa 1993;
Zhao et al. 2021). Building on this insight, GEM enables
the LLM to internalize an entropy-guided closed-loop opti-

1“GEM” echoes gemstones forming under extreme conditions
through natural purification, mirroring our method’s distillation of
sparse preference signals into high-value cognitive guidance for
alignment of LLMs.
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Figure 1: Overview of the pipeline of GEM. Given a query q with human preference (a−, a+), the Reflective Inference
Engine πθ of Cognitive Filtering module generates k elaborated reasoning chain (CoTs) response. These CoTs are ranked by
an entropy-guided token scoring mechanism. The filtered CoTs are then processed by the SEGA module, which computes the
contextual group advantage and performs a weighted policy update through the cognitive feedback loop.

mization framework that integrates cognitive filtering, group
cognitive advantage aggregation, and cognitive feedback.
This framework allows the model to extract and leverage the
multi-dimensional, fine-grained cognitive signals implicit in
human preference data (Tang et al. 2021).

Specifically, we first introduce a Cognitive Filtering
mechanism, which extracts high-quality, fine-grained cog-
nitive signals from a limited number of preference pairs by
exploiting a biphasic role of entropy (Farquhar et al. 2024).
To realize this, we use Chain-of-Thought (CoT) prompt-
ing of the LLM (initialized with base or few supervised
fine-tuning steps) to generate multiple candidate reason-
ing chains for elaborating the preference data into multi-
dimensional and fine-grained cognitive signals (Wang et al.
2022; Wan et al. 2023). These candidate CoTs are filtered
by leveraging the LLM’s internal signal via an entropy-
guided token scoring mechanism (Agarwal et al. 2025),
consistent with emerging LLM-as-a-Judge and self-reward
paradigms (Liu et al. 2023). Intuitively, our scoring en-
courages desirable reasoning traits reported by prior work:
high-confidence answers (low entropy in the final-answer
distribution) correlate with correctness (Wan et al. 2023;
Chen et al. 2024), while certain high-entropy “fork” tokens
appearing mid-reasoning encourage exploration of diverse,
effective logic (Wang et al. 2025c). We further aggregate
token-level scores across candidates using a Bayesian rank-
ing scheme akin to TrueSkill (Herbrich, Minka, and Grae-
pel 2007) and the classic Bradley–Terry paired-comparison
model (Bradley and Terry 1952). This procedure yields a nu-
anced preference ordering (or weighting) over the generated
CoTs for each query, effectively filtering out high-quality
cognitive signals (Wu et al. 2024b; Lee et al. 2023).

Second, using the CoTs after filtering, we fine-tune the
LLM with a novel algorithm called Self-Evaluated Group
Advantage (SEGA) algorithm. SEGA can convert the entropy
score into an implicit reward, and calculate the advantage
value of each member by integrating the advantages of group
cognition (Vanlioglu 2025; Mnih et al. 2016). It treats all
k filtered CoTs for a given query as a group (Zhao, Dang,
and Grover 2024; Shao et al. 2024). SEGA assigns a learned

reward to each candidate and computes intra-group advan-
tages, so an above-average answer gets positive advantage
while a below-average one gets negative. This mirrors the
variance-reduction idea behind A3C baselines (Mnih et al.
2016) and PPO’s clipped objectives (Schulman et al. 2017),
yet requires no value network or KL term. Our implementa-
tion further borrows the entropy-guided weighting strategy
of Vanlioglu et al. (Vanlioglu 2025) and the optimal-baseline
insight of OPO (Hao et al. 2025), allowing stable updates
and mitigating reward-model over-optimization problems
highlighted by recent scaling-law studies (Stiennon et al.
2020). We also note conceptual links to classical REIN-
FORCE with baselines (Williams 1992) and confidence-
regulation analyses of entropy neurons (Stolfo et al. 2024).

Figure 1 illustrates the pipeline of GEM. With a prefer-
ence pair (i.e., query), the Cognitive Filtering samples mul-
tiple CoTs and then applies the entropy-guided token scor-
ing to each reasoning chain. Based on these entropy scores,
SEGA computes the relative advantages and then updates
policy based on these cognitive feedbacks.

Key Contributions:
• Generative Preference Modelling. Our GEM enables

the LLM itself to infer and maximizes an implicit reward
by extracting and leveraging the multi-dimensional, fine-
grained cognitive signals implicit in human preference
data, obviating the need for an external reward network.

• Entropy-Guided Token Scoring. We propose an
information-theoretic scorer that rewards confident fi-
nal answers while encouraging exploratory, high-entropy
“fork” tokens mid-reasoning, yielding a nuanced quality
signal for each CoT.

• SEGA. We develop a novel listwise policy optimization
algorithm that effectively computes intra-group advan-
tages across multiple candidate CoTs, providing stable
policy updates compared with pairwise objectives.

• Comprehensive Empirical Validation. Experiments
across general-domain benchmarks (UltraFeedback, Re-
wardBench, GSM8K) and a specialised medical QA
setting show consistent improvements of 5–10 pp in
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preference-prediction accuracy and up to 15 pp in down-
stream task performance, all in a low-resource regime.

2 Related Work
2.1 Preference-Based Alignment
Reinforcement Learning from Human Feedback (RLHF) re-
mains the de-facto recipe for aligning large language mod-
els (LLMs) to human intent, pairing a reward model with
policy optimization (Ouyang et al. 2022; Wang et al. 2024).
DPO shows that the policy’s log-probabilities already in-
duce a Bradley–Terry scorer, removing the extra reward net-
work (Rafailov et al. 2023). Listwise Preference Optimiza-
tion (LiPO) generalises this idea to ranked lists and yields
further gains (Liu et al. 2024b). Reinforcement Learning
from AI Feedback (RLAIF) bypasses human labels by let-
ting an LLM serve as the judge (Zheng et al. 2023). Our
SEGA inherits these insights but exploits the full distribu-
tion of sampled responses.

2.2 Self-Generated and Low-Resource Alignment
To cut annotation cost, recent pipelines bootstrap syn-
thetic preference data: SELF-ALIGN (Sun et al. 2023),
Selfee (Kim et al. 2024), and online self-improving align-
ment schemes (Wang, Huang et al. 2024). Our method com-
plements these by refining self-generated CoT traces to den-
sify preference signals.

2.3 Chain-of-Thought Reasoning
CoT prompting elicits step-wise reasoning in LLMs (Wei
et al. 2022; Zhao et al. 2025a,b). Sampling diverse CoTs
and selecting the most consistent answer (self-consistency)
further improves accuracy (Wang et al. 2022). Algorithm-of-
Thoughts frames reasoning as an explicit search over solu-
tion paths (Liu, Xu et al. 2024). We integrate these ideas via
an entropy-aware scorer that rewards exploratory yet confi-
dent reasoning branches.

3 Method
To instantiate our entropy-guided closed-loop cognitive op-
timization framework, we implement GEM as a few-shot
alignment procedure for low-resource, domain-specific set-
tings. For each query with limited preference supervision,
the model generates multiple CoT responses that provide
rich, multi-dimensional cognitive traces. The Cognitive Fil-
tering module then uses entropy and attention to score and
rank these candidates, and SEGA aggregates group-level ad-
vantages to update the policy, forming an iterative cognitive
feedback loop without external reward models.

3.1 Cognitive Filtering Module
Reflective Inference Engine: Given a query q (e.g. a user
question or task prompt), we elaborate a set of k candi-
date responses A = a1, a2, . . . , ak using the reflective in-
ference engine which captures deeper, multi-faceted, and
fine-grained reasoning patterns embedded in human feed-
back. Each response ai is produced alongside a CoT, i.e. the
model’s step-by-step reasoning. In practice, we can prompt

the model to think stepwise2 or sample hidden reasoning
if the model is reflective supervised fine-tuned to generate
CoTs. The result is that for each query, we have multiple
complete answer solutions with their reasoning traces. The
motivation is that even with as few as one human-preferred
example for q, the model can explore alternative solutions
that might vary in quality. These self-sampled variations
form the basis of our preference refinement.

Entropy-Guided Token Scoring: We next evaluate each
candidate CoT ai using an entropy-guided scoring func-
tion S(ai). This function looks at the token-level proba-
bility distribution as the model generated ai. Formally, let
ai = [w1, w2, . . . , wn] be the token sequence of the CoT and
final answer. When the model produced token wt, it had a
predictive distribution Pt(·) = softmax(zt) over the vocab-
ulary (where zt are logits). We compute the entropy at that
step: Ht = −

∑
x Pt(x) logPt(x). A low entropy Ht means

the model was very confident about what token came next,
whereas a high entropy indicates uncertainty and multiple
competing possibilities. We leverage the pattern observed
by Wang et al. (2024): in CoTs, typically a small number
of steps have high entropy (these often correspond to critical
decision points or “forks” in reasoning), and these are pre-
cisely the steps that determine the success of the reasoning.
Meanwhile, a correct final answer is usually accompanied
by high confidence (low entropy) once the model has rea-
soned it out. Therefore, we define S(ai) to encourage high
entropy at intermediate steps and low entropy at the end.

Specifically, the process is described using the following
formula:

S(ai) = −Hfinal(ai) + λ ·

(
1

n

n∑
t=1

Ht

)
top−m

, (1)

where Hfinal is the entropy at the final answer token(s) and
the second term is the average entropy of the top-m highest-
entropy tokens in the chain (or an entropy percentile), and
λ is a weight. The effect is that a chain ai that explores un-
certain steps (high Ht at key tokens) yet ends in a confident
answer (low Hfinal) will score higher. Conversely, a chain
that is overly certain throughout (which might indicate it fol-
lowed an obvious or trivial path and potentially missed edge
cases) or one that is uncertain at the end (lacking confidence
in the answer) will score lower. This entropy-guided score
serves as a proxy for the quality of reasoning: it favors so-
lutions that are thorough and not greedy (exploring different
reasoning branches) but still reach a firm conclusion.

After computing S(ai) for all candidates, we can rank the
candidates by this score. Let’s denote the sorted order such
that S(a(1)) ≥ S(a(2)) ≥ · · · ≥ S(a(k)) where a(1) is the
top-scoring CoT for query q and a(k) the lowest. This rank-
ing induces a set of pairwise preferences: a(1) is preferred
over all others, a(2) over those below it, etc. We can also in-
terpret S(a) values as reward estimates for each candidate,

2We prompt the model to generate an explicit chain of thought
via step-by-step reasoning.

38148



up to an arbitrary scaling. Note that unlike binary human la-
bels which might only tell us the best vs worst, our approach
gives a complete ordering with scores. This rich preference
information will be used to weight training updates.

Before optimization, we optionally filter or sample from
the candidates based on S(a). For example, we drop very
low-scoring outliers (which could be nonsensical gener-
ations) to stabilize training, or focus on the top few to
pair with bottom few for contrast. The preference refine-
ment process thus yields either an expanded labeled set
Daug = (q, ai, aj ,∆ij) where ∆ij is a preference margin
(perhaps S(ai) − S(aj)), or simply an augmented set of
(q, awinner, aloser) pairs derived from the ranking. This aug-
mented preference data leverages internal signals to go be-
yond the original human-provided pairs (which were scarce
to begin with).

3.2 Self-Evaluated Group Advantage
Module (SEGA)

With preference scores in hand, we turn to training the pol-
icy to prefer better chains. We draw inspiration from policy
gradient in RL, where the advantage A indicates how much
better an action is compared to a baseline, and the policy
is updated to increase the probability of positive-advantage
actions and decrease the probability of negative-advantage
ones. Here, the “actions” are generated sequences ai.

Rather than using only the extremal pair per query, SEGA
module uses all candidates and their scores. For a given
query with candidates a1, . . . , ak and scores S(ai), we first
convert scores to rewards ri = f(S(ai)) (this could be an
identity or a rescaling; for instance, one could take ri =
S(ai) if S is calibrated, or use a softmax to convert scores
into a probability distribution over the k candidates). We
then define a baseline reward for the group, such as the aver-
age r̄ = 1

k

∑
i ri (other choices like the minimum or a me-

dian are also possible baselines). Now each candidate gets an
advantage Ai = ri − r̄. By construction, the average advan-
tage in the group is zero; some candidates will have positive
Ai (above-average) and some negative (below-average). We
then update the policy by increasing the likelihood of each
ai in proportion to Ai. Concretely, the gradient of the SEGA
objective can be written as:

∇θLSEGA = −Eq

k∑
i=1

wi∇θ log πθ(ai | q), (2)

where πθ(ai|q) is the model’s probability for generating ai
(under current parameters θ), and wi is a weight related to
Ai. We set wi =

Ai

σ2 for some scaling factor σ2. In essence,
if ai had a higher score than others, we increase its log-
probability; if it had a lower score, we decrease it. This is
analogous to policy gradient with a reward ri assigned to
each sampled trajectory. Because ri come from the prefer-
ence model (the entropy-based scoring), this is a form of
reinforce update with learned rewards. Importantly, the rela-
tive nature of Ai focuses the update on distinguishing good
vs. bad within the set, which provides a more stable signal
than absolute rewards when the scale of S(a) is not cali-
brated.

SEGA’s advantage-based update has the effect of using
not just the best and worst, but also medium-quality sam-
ples to inform learning. For instance, if one sample is only
slightly worse than the best, its advantage Ai will be slightly
negative, so the model will only slightly downweight it,
which reflects that it’s nearly as good. A very poor sam-
ple will have a large negative advantage, leading to a larger
downweight.

The SEGA algorithm lets a language model score each
answer in a k-way candidate set with an implicit reward
r(q, a) = β log πθ(a | q), computes group-mean–centered
advantages Ai = ri − r̄, and updates with the loss
L = −

∑
i Ai log πθ(ai | q), which is a multiway

Bradley–Terry/Plackett–Luce extension that collapses to
DPO when k = 2 (Rafailov et al. 2023; Bradley and Terry
1952; Plackett 1975).

By treating the LLM as its own judge, SEGA removes
the need for a separate reward network and builds on re-
cent findings that internally generated preference signals are
both reliable and economical (Zhou et al. 2025a; Stein and
colleagues 2025) while remaining compatible with high-
throughput inference engines such as vLLM (Rozi and con-
tributors 2023).

SEGA is also a direct instantiation of the Ψ-PO
preference-optimization framework, guaranteeing conver-
gence to stationary points where ∇θEa ∼ πθ[r(q, a)] =
0 (Gheshlaghi Azar and coauthors 2023). The group-
mean baseline yields the minimum-variance policy-gradient
estimator, aligning with classic variance-reduction the-
ory (Greensmith, Bartlett, and Baxter 2004) and standard
advantage-actor–critic insights (Weng 2018). Empirical and
theoretical studies show that multi-sample comparisons im-
prove robustness, diversity, and alignment quality over pair-
wise approaches (Fan and coauthors 2022; Liang and col-
leagues 2024).

In practice, we found that SEGA produces more stable up-
dates than pairwise DPO when k is moderately large, since
each query gives a balanced set of gradients (positive and
negative) that cancel out if the model already matches the
current preference ordering. It also accelerates learning by
utilizing more of the generated data.

4 Experiments
We evaluate GEM’s entropy-guided closed-loop cognitive
preference modeling framework on both general bench-
marks and domain-specific tasks under few-shot preference
supervision. Our goals are: (1) to test whether GEM im-
proves alignment (preference accuracy and output quality)
over baselines that rely on supervised reward models or
external judges with the same small number of preference
pairs; (2) to assess the contribution of entropy-based Cog-
nitive Filtering and SEGA via ablations; and (3) to examine
whether the learned cognitive preference function general-
izes across tasks.

4.1 Datasets
We conduct experiments on two main data settings:
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Method UltraFeedback PKU-SafeRLHF RewardBench Avg.

Supervised (SFT) 60.2 58.1 57.4 58.6
Reward Model + PPO 61.0 59.2 59.8 60.0
DPO 66.1 64.0 63.2 64.4
PRO 68.7 65.8 65.9 66.8
IPO 70.4 68.1 67.3 68.6
GEM (ours) 77.1 74.6 75.4 75.7

Table 1: Preference-prediction accuracy (%). Higher is better, and the best performing method in each experiment is in bold
and the second-best method is indicated with underlining.

Method Expert Agreement (%)

Supervised (SFT) 65.3
Reward Model + PPO 72.5
DPO 70.1
GEM (ours) 78.2

Table 2: Agreement with medical-expert preferences on the
500-sample validation set.

General Preference Benchmark: We use a subset of
the SKYWORK REWARD PREFERENCE dataset (Liu et al.
2024a), it is a public collection of human preference com-
parisons on a variety of instructions and responses.

From the full set, we sample 3,000 high-quality pairs as
a few-shot training set and ensure no prompt overlap with
evaluation benchmarks, so GEM must extract rich cognitive
signals from scarce supervision.

For evaluation, we innovatively adopt the benchmark
of the reward model to evaluate the preference modeling
performance of our policy model, including ULTRAFEED-
BACK (Cui et al. 2023), PKU-SAFERLHF (Ji et al. 2024),
and REWARDBENCH (Lambert, Bakhtin, and Smith 2024).
These cover a range of alignment aspects: UltraFeedback
spans helpfulness/harmlessness ratings, PKU-SafeRLHF fo-
cuses on safety and factuality, and RewardBench aggregates
multiple preference domains. We use these to measure how
well our model’s learned preference function generalizes in
judging new outputs.

Additionally, we evaluate on reasoning-heavy tasks such
as GSM8K (math word problems) (Cobbe et al. 2021) and
MATH (Hendrycks et al. 2021) to test improvements in CoT
accuracy, and on TRUTHFULQA (Lin, Hilton, and Evans
2021) together with a toxicity-detection benchmark built on
REALTOXICITYPROMPTS (Gehman et al. 2020) to assess
safety alignment.

Domain-Specific (Medical) Task: To simulate a sce-
nario with domain-specific preferences, we create a medi-
cal QA preference dataset derived from the iCliniq medical
question-answering data3. We compile 3,500 QA pairs and
have them annotated (via experts or heuristic signals) for
preference friendliness (e.g., which answer is more aligned

3https://www.icliniq.com/

with medical guidelines or patient). We use 3,000 for train-
ing and 500 for validation.

For the domain-specific medical task, the model must
internalize preferences that differ from general-domain
ones (e.g., emphasising cautious, guideline-consistent and
patient-friendly answers), allowing us to test whether the
entropy-guided cognitive feedback loop transfers to safety
and factuality-critical settings.

4.2 Experimental Setup
In both settings, the training size (3k preference pairs) is
an order of magnitude smaller than typical RLHF pipelines
(30k-100k+ comparisons), matching our few-shot, domain-
specific alignment focus. For each query, GEM’s pipeline
produces CoT candidates, which we treat as elaborated cog-
nitive traces. We set k = 5 in most experiments, generating
up to five CoT-augmented responses per query with temper-
ature sampling to ensure diversity, and use entropy-guided
scoring to construct augmented preference data.

We base our experiments on Llama-3-8B-Instruct. This
model has strong general capabilities but still benefits from
alignment fine-tuning. In all cases, the model is first fine-
tuned on the initial preference data (supervised learning on
(prompt, preferred answer) pairs) for a small number of
epochs to initialize πθ. This corresponds to the SFT stage
in Figure 1. Then we run our generative preference opti-
mization (SEGA) as described. We implement the training
in PyTorch using the HuggingFace Transformers and Deep-
speed libraries, enabling mixed precision and efficient gradi-
ent checkpointing due to the model size. Experiments were
run on a single node featuring eight NVIDIA A100 80 GB
SXM4 GPUs. Hyperparameters like learning rate (1e − 5)
and batch size (128) follow standard fine-tuning practices.
We tune the number of preference optimization steps based
on validation performance (for general domain, we monitor
accuracy on a small subset of UltraFeedback; for medical,
on our 500-val set).

4.3 Baselines
We compare our approach against several baselines to high-
light the contributions of each component:

• Supervised Only (SFT): The model is fine-tuned with
supervised learning on the 3k human preference pairs,
similar to instruction-tuning without preference opti-
mization (Ouyang et al. 2022; Ranaldi and Freitas 2024).
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Method GSM8K Acc. MATH Acc. TruthfulQA EM MT-Bench Win-rate

Supervised (SFT) 40.1 5.8 32.4 35
Reward Model + PPO 44.7 7.3 34.0 47
DPO 50.2 8.5 35.6 52
GEM (ours) 55.6 10.5 38.2 68

Table 3: Down-stream task results. Accuracy (%) for GSM8K / MATH, exact-match (%) for TruthfulQA; MT-Bench reports
win-rate (%) against the SFT baseline.

Variant UltraFeedback (%) GSM8K (%) Med-Expert (%)

GEM
– w/o Cognitive Filtering & w/o SEGA 69.0 48.3 70.5
– w/o final-entropy & w/. fork-entropy & w/. SEGA 74.2 50.1 73.5
– w/. final-entropy & w/o fork-entropy & w/. SEGA 73.8 52.7 75.0
– w/. Cognitive Filtering & w/. DPO 74.5 53.4 73.0
– w/. Cognitive Filtering & w/. SEGA 77.1 55.6 78.2

Table 4: Results of ablation studies. The results show that CoT augmentation and dual-stage entropy regularization jointly drive
the model’s gains in preference accuracy, mathematical reasoning, and medical expert agreement.

• Reward Model + PPO (RLHF): A separate reward
model is trained on the same 3k pairs and the policy is op-
timized with PPO, following classical RLHF (Christiano
et al. 2017; Stiennon et al. 2020; Schulman et al. 2017).
Data-efficiency issues and reward–over-optimization ef-
fects are well-documented (Gao, Schulman, and Hilton
2022), prompting work on lighter reward models such as
Proto-RM (Zhang et al. 2024).

• DPO (pairwise): We apply DPO only on the original
labeled pairs, mirroring Rafailov et al. (Rafailov et al.
2023) and subsequent surveys (Zhang, Liu et al. 2024).

• PRO & IPO: Preference Ranking Optimization extends
DPO to listwise supervision (Song et al. 2023); Implicit
Preference Optimization lets the model act as its own
judge and then applies DPO (Garg et al. 2025).

4.4 Evaluation Metrics
We evaluate the models along two dimensions: Preference
Modeling Accuracy and Downstream Task Performance.
For the former, we use the preference datasets (like Ultra-
Feedback, RewardBench, and our medical val set) to mea-
sure how often the model agrees with human preferences.
Specifically, we format each comparison as a query with
two answers and see if the model’s learned preference func-
tion prefers the same one as the human did. Since our model
doesn’t output a scalar directly, we do this by asking the
model with a prompt to choose between two (for generative
evaluation). We report the preference prediction accuracy on
these sets, which is a standard metric for reward models.

For downstream performance, we test our method on
GSM8K + MATH (grade-school & Olympiad math), Truth-
fulQA (factual QA) and MT-Bench (open-ended dialogue).
For GSM8K/MATH we score answer accuracy on the full
dev sets, reading the value after a <final-answer> tag

(T = 0.2, top-p = 0.95). TruthfulQA uses the official exact-
match metric. MT-Bench adopts the LMSys protocol: GPT-
4-Turbo judges our reply versus an SFT baseline and we re-
port the win-rate across 80 prompts. We also track the length
and complexity of explanations produced, to ensure that our
model gives CoT style answers when appropriate.

4.5 Results
Overall Performance: Our generative preference model
achieves strong results on preference prediction and task
success, outperforming all baselines in the low-data regime.
Table 1 summarizes the quantitative outcomes. On Ultra-
Feedback and RewardBench, our model’s preference accu-
racy is about 7-10% higher than a reward-model PPO base-
line and a few points higher than standard DPO. Notably,
it also closes the gap to larger models. Our 7B model with
generative preference training is within 5% of GPT-4’s per-
formance on these preference tests, despite GPT-4 having
been trained on vastly more data (we credit the CoT aug-
mentation and entropy scoring for extracting maximum sig-
nal from the limited data). In the medical domain (Table 2),
our model achieves 78% agreement with expert preferences
on the val set, compared to 70% for PPO baseline and 72%
for the DPO. This indicates the method is particularly effec-
tive in specialized domains; we hypothesize that CoT refine-
ment helped the model pick up on domain-specific criteria
(e.g., caution with uncertainty, thoroughness in advice) that
weren’t explicit in the small training set.

On reasoning tasks GSM8K/MATH (Table 3), the
model’s accuracy improved significantly after our training:
e.g., on GSM8K, it went from 40% (supervised baseline)
to 55% accuracy, outperforming DPO (50%). This validates
that maximizing an implicit reward via confident reasoning
leads to more correct answers. The entropy scoring encour-
aged the model not to jump to conclusions and to system-
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Figure 2: Comparison of Training Stability: SEGA vs. DPO

atically enumerate steps, which is crucial in math. Qualita-
tively, we saw fewer instances of the model “hallucinating” a
quick (wrong) answer; instead it tends to break the problem
down and only finalize the answer when it’s sure – a be-
havior very much aligned with the RENT objective (though
we did not explicitly code RENT, our model seems to have
learned a similar trait).

In dialogue evaluations (MT-Bench for helpfulness/hon-
esty), our model’s responses were preferred over the base-
line responses about 68% of the time according to GPT-
4 judgments. This is a notable improvement; the baseline
(supervised only) was often too concise or missed nuance,
whereas our model often gave a more detailed, balanced an-
swer (likely because the CoT and scoring encouraged cov-
ering all bases, and we observed the model sometimes ex-
plicitly thinking about pros and cons in its response, which
made it more comprehensive). Against a model fine-tuned
with human feedback (PPO baseline), ours still won 60% of
the time, indicating that even without direct human tuning,
our generative method can compete with traditional RLHF.
Human evaluators similarly preferred our model’s outputs
for their clarity and reasoning in a majority of cases, partic-
ularly on complex queries.

Ablation Studies: We conducted ablations to understand
the impact of each component. As shown in Table 4, without
the CoT generation and using only human pairs drops per-
formance significantly (preference accuracy drops 8%, task
scores drop similarly). This confirms that the data augmen-
tation via CoT is key to overcoming the limited data. Even
though the generated comparisons are noisy, they provide
valuable additional training signals.

SEGA outperformed DPO when using our full pipeline.
The difference was more pronounced in the early training
phase and on the more complex tasks. For example, on the
medical dataset, SEGA reached 78% accuracy whereas pair-
wise DPO capped at around 70%. We thus believe SEGA’s
advantage estimation made training more data-efficient and
stable (fewer oscillations), as evidenced by smoother valida-
tion curves as shown in Figure 2.

Disabling the entropy final-answer reward (i.e. not explic-
itly rewarding confidence) hurt math performance clearly,
and the model would sometimes produce a long CoT but
not reach the final answer or express uncertainty in the fi-
nal answer. Conversely, disabling the entropy fork reward

(only rewarding confidence) made the model too greedy and
it started to hallucinate answers. This confirms that both as-
pects of the scoring are important for balanced reasoning.

We present further results and examples in the appendix.
In the case study, we show a prompt and two model answers
(one with reasoning, one without) and how our model cor-
rectly prefers the one with thorough reasoning, aligning with
human judgment. We also show an example from Truth-
fulQA where the baseline model gives an over-confident in-
correct answer, while our model, thanks to entropy-based
self-checking, gives a nuanced and truthful answer.

5 Conclusion
We introduced a generative entropy-guided preference mod-
eling framework named GEM, which based on cognitively
inspired solution for aligning LLMs under few-shot prefer-
ence data task. From a theoretical standpoint, our approach
extends traditional preference learning into the domain of
inverse reinforcement learning (IRL), where the model im-
plicitly infers a latent reward structure. This reframing al-
lows the LLM to infer and maximizes an implicit reward
by extracting and leveraging the multi-dimensional, fine-
grained cognitive signals implicit in human preference data,
without explicit human annotations or external supervision.
Central to our method is the entropy-guided scoring mecha-
nism, grounded in information theory, promoting a balance
between exploratory behavior and decisiveness. By strate-
gically leveraging entropy signals, our framework encour-
ages models to navigate uncertainty effectively, thus en-
hancing their decision-making robustness. Empirical eval-
uations across diverse benchmarks validated the theoretical
insights, showing significant performance gains over base-
lines in preference prediction and complex reasoning tasks.

In addition to GEM, the SEGA module can also be ap-
plied to any scenario that requires learning preferences from
multiple candidate generations, such as reranking diverse so-
lutions, weighting and aggregating AI feedback in RLAIF
settings, or performing within-group comparisons based on
user clicks or weak labels in multimodal generation tasks (Li
et al. 2025; Wang et al. 2025b; Bai et al. 2025).

In future work, we plan to extend GEM to extract cog-
nitive signals from more complex modalities. We also aim
to investigate how entropy-guided preference modeling can
adapt with large-scale RLAIF pipelines, potentially yielding
more stable alignment strategies.
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