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Abstract

Recent advances, such as DeepSeek R1-Zero,
highlight the effectiveness of incentive training,
a reinforcement learning paradigm that com-
putes rewards solely based on the final answer
part of a language model’s output, thereby en-
couraging the generation of intermediate rea-
soning steps. However, these methods funda-
mentally rely on external verifiers, which lim-
its their applicability to domains like mathe-
matics and coding, where such verifiers are
readily available. Although reward models can
serve as verifiers, they require high-quality an-
notated data and are costly to train. In this
work, we propose NOVER, NO-VERifier Re-
inforcement Learning, a general reinforcement
learning framework that requires only standard
supervised fine-tuning data with no need for
an external verifier. NOVER enables incen-
tive training across a wide range of text-to-text
tasks and outperforms the model of the same
size distilled from large reasoning models such
as DeepSeek R1 671B by 7.7%. Moreover, the
flexibility of NOVER enables new possibilities
for optimizing large language models, such as
inverse incentive training.

1 Introduction

Recent progress in Large Language Model (LLM)
reasoning has been accelerated by incentive train-
ing (Guo et al., 2025; Xie et al., 2025; Yu et al.,
2025; Zeng et al., 2025; Liu et al., 2025a; Yuan
et al., 2025b; Hu et al., 2025), a new Reinforce-
ment Learning (RL) paradigm which optimizes
models by computing rewards only on the final an-
swer part in model response, and incentivize mod-
els to generate intermediate tokens like reasoning
steps spontaneously. Notably, methods such as
DeepSeek R1-Zero (Guo et al., 2025) have shown
that in domains like mathematics and coding, using
a simple rule-based verifier to calculate reward and
perform RL-only incentive training can achieve
impressive performance, known as Reinforcement
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Figure 1: Comparison of NOVER with other post-
training paradigms.

Learning with Verifiable Reward (RLVR). It has
been demonstrated that such incentivized reasoning
ability can generalize to areas like multi-modality
(Shen et al., 2025; Zhang et al., 2025; Yang et al.,
2025; Feng et al., 2025b) or language agent (Xia
and Luo, 2025; Jin et al., 2025; Song et al., 2025;
Wang et al., 2025; Feng et al., 2025a).

However, the success of incentive training with
RLVR hinges on external verifiers that can judge
the correctness of model outputs. For many highly
contextualized and hard-to-grade tasks requiring
similar reasoning or cognitive capability, ranging
from social behavior analysis to creative writing,
such verifiers are infeasible or hard to construct
(Weng, 2025). Recent works have explored train-
ing general-purpose large verifier models across
diverse domains (Ma et al., 2025; Seed et al., 2025;
Su et al., 2025). However, building accurate veri-
fier models involves a complex pipeline, which is
significantly more costly than traditional reward
models for preference alignment (Liu et al., 2025b).
Moreover, once trained, these verifier models de-
mand substantial computational resources to be
deployed during the subsequent RL training.
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A photon as a fundamental particle is often … When considering the
size of a photon we are essentially asking about its spatial extent
or localization...For a photon the momentum (𝑝) is related to its
energy (𝐸) by … In conclusion if a photon is hypothetically brought
to a complete stop in an isolated static environment the Heisenberg
Uncertainty Principle would suggest that its size becomes undefined
or infinite due to the zero momentum…

A photon is considered a point particle
in the standard model of particle
physics. … Discuss the theoretical
implications on its measurable size......

Jianjian and Jingjing are classmates… One day
when school is about to end Xuanxuan joins
their chat. Jianjian takes the opportunity
when Jingjing turns her head to talk to
Xuanxuan… then smiles at Xuanxuan Xuanxuan
also nods to Jianjian… Why do Jianjian and
Xuanxuan exchange a smile?

Create an engaging story called The joy of
giving on valentine's day designed for children
with autism to develop important life skills.
Your story should focus on teaching them about
familiarizes children with asd about various
social events …

Translate the following text from
Spanish to French: En el fondo el
canadiense debía estar encantado de no
tenerlo contra él.

To create an engaging story that effectively teaches about
familiarizes children with asd about various social events…
1. Identify the key themes and messages:…
2. Choose characters:…
3. Develop a relatable setting:…
… By following these steps I would create a story that effectively
teaches …

<think>

<think>

The context provided reveals that there is no direct
indication that Jianjian and Xuanxuan are planning to see a
movie together…Since Xuanxuan also nodded and smiled it
could be a mutual affirmation of this idea… the most
logical reason for Jianjian and Xuanxuan exchanging a smile
would …

<think>

The theoretical implications of a
photon's size in an isolated static
environment where its motion is
halted are multifaceted and deeply
rooted in quantum mechanics and
string theory. According to …

<answer>

Jianjian wants to signal to Xuanxuan
he wants to watch a movie alone with
Xuanxuan do not invite Jingjing.

<answer>

Au fond le canadien devait être
enchanté de ne pas le avoir contre
lui.

<answer>

Title: The Joy of Giving on
Valentine's Day
Once upon a time in a diverse
neighborhood there lived a
young boy named Alex…

<answer>

To translate the given Spanish text to French I will follow these steps:…
Step 1: Identify key words and phrases…
Step 2: Translate each word or phrase into French…
Step 3: Rearrange the translated words and phrases to form a coherent 
sentence in French…
However the word order in the original Spanish sentence is a bit different…

<think>

Question Reasoning AnswerPrompt

Question: {question}

Answer the question
and return in the
following format:

<think>
...
</think>

<answer>
...
</answer>

Figure 2: Examples of Qwen2.5-7B-NOVER on a range of text-to-text tasks, demonstrating its ability to handle
open-ended questions such as “Discuss”, “Why”, or “Create”. These tasks often require free-form answers that are
difficult to verify with clear-cut labels, posing challenges for incentive training.

To address these limitations of RLVR, we pro-
pose NOVER, NO-VERifier Reinforcement Learn-
ing, a novel framework for incentive training with-
out an external verifier. As shown in Figure 1,
compared with traditional Supervised Fine-Tuning
(SFT), NOVER can perform incentive training sim-
ilar to RLVR; compared to Reinforcement Learn-
ing from Human Feedback (RLHF), NOVER does
not need a trained reward model for verification;
and compared with RLVR, NOVER extends the
incentive training to areas where a reliable verifier
is hard to acquire. NOVER requires only stan-
dard SFT data and utilizes the model itself to build
a reward proxy for lightweight RL training. By
calculating perplexity-based reward based on the
model’s reasoning process, it enables incentive-
driven reinforcement learning across a wide range
of text-to-text tasks, as shown in Figure 2. Our
main contributions are as follows:

1. We introduce NOVER, a verifier-free in-
centive training framework that generalizes
RLVR to arbitrary text-to-text tasks with min-
imal SFT data.

2. Our experiments and analysis demonstrate
NOVER’s superior performance. It is stable to
train compared with model-as-verifier meth-
ods and mitigates reward hacking, shapes rea-
soning patterns, and adapts to diverse tasks.

3. NOVER’s flexibility enables imaginative ap-
proaches such as inverse incentive training.
This paradigm teaches a model how to fish

rather than simply giving it a fish, surpassing
standard incentive training on tasks that need
creativity.

2 Related Work

Language Model Reasoning Early research de-
signed prompting techniques and workflows based
on human cognitive priors to enhance the reason-
ing capabilities of LLMs. Chain-of-Thought (CoT)
prompting (Wei et al., 2022) enabled step-by-step
reasoning, later extended by Zero-Shot CoT (Ko-
jima et al., 2022) and Self-Consistency (Wang et al.,
2023b). More recent methods, such as Tree of
Thoughts (Yao et al., 2023a), Least-to-Most (Zhou
et al., 2023), Plan-and-Solve (Wang et al., 2023a),
Sketch-Navigation (Liu et al., 2024), and Multi-
Perspective Self-Reflection (Yan et al., 2024), intro-
duced structured exploration over reasoning trajec-
tories. ReAct (Yao et al., 2023b) combined reason-
ing with external tool use to enable more interactive
problem-solving. Beyond prompting, verification-
based approaches were proposed (Cobbe et al.,
2021) to solve math reasoning. Neuro-symbolic
methods (Pan et al., 2023) fuse LLMs with sym-
bolic solvers. Previous works also utilize Pro-
cess Reward Models (Lightman et al., 2024) com-
bined with Monte Carlo Tree Search (Kocsis and
Szepesvári, 2006) for step-level exploration to repli-
cate OpenAI’s o1 (Jaech et al., 2024).

Incentive Training In contrast to the above meth-
ods, DeepSeek-R1 (Guo et al., 2025) proposed a
simpler paradigm called incentive training. Build-
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ing on this idea, recent works such as Logic-RL
(Xie et al., 2025), DAPO (Yu et al., 2025), Sim-
pleRL (Zeng et al., 2025), OpenReasoner (Hu et al.,
2025), Dr.GRPO (Liu et al., 2025a), and VAPO
(Yuan et al., 2025b) investigated best practices
on aspects such as exploration-exploitation, emer-
gence of "aha" moments, and task difficulty vari-
ance. Several recent efforts attempted to extend in-
centive training beyond math and coding (He et al.,
2025; Lu et al., 2025; Gurung and Lapata, 2025;
Su et al., 2025; Ma et al., 2025). However, these
approaches often rely on domain-specific rules for
verification or involve training large verifier mod-
els, which can be computationally expensive.

3 Background

Rule-based Reward Given a training prompt p
with a template (Guo et al., 2025) asking to gen-
erate intermediate tokens t (e.g., reasoning steps)
followed by final answer a, incentive training aims
to use RL to optimize a model πθ with outcome
reward Rrule, which is solely computed by a rule-
based verifier v : A → {0, 1} on a:

Rrule = v(a) (1)

Such a sparse but accurate outcome reward encour-
ages the model to autonomously generate inter-
mediate tokens t that could lead to a better a. In
reasoning tasks, for example, t may be reasoning
behaviors like task decomposition or self-reflection.
To ensure the verifier can easily parse outputs,
DeepSeek-R1 introduces a tag format reward Rf ,
which requires t to be enclosed in <think> tags
and a in <answer> tags:

Rf = fformat(t, a) (2)

where fformat : T × A → {0, 1} is the regular
expression based format check function. Then the
combined reward is:

R(p, t, a) = wrule ·Rrule + wf ·Rf (3)

GRPO After the calculation of reward, Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) is then used to optimize πθ. For each
prompt p, the model rolls out a group of com-
pletions C = {(t1, a1), ..., (tG, aG)}. The group-
normalized advantage is:

Ai =
R(p, ti, ai)− µC

σC
(4)

where µC and σC are the mean and standard devi-
ation of rewards in the group. Then the policy is
updated with a clipped objective:

JGRPO(θ) = E{p,ti,ai}

(
1

G

G∑

i=1

rclipi − βDKL(πθ ∥πref)

)

(5)
rclipi = min (ri, clip(ri, 1−ϵ, 1+ϵ))Ai (6)

ri =
πθ(ti, ai | p)
πθold(ti, ai | p)

(7)

where ϵ is the clip ratio and β is the KL penalty
weight. r is the policy ratio (Schulman et al., 2017).
This framework enables LLMs to develop explicit,
high-quality reasoning processes without dense su-
pervision for intermediate steps.

4 Method

Policy Model 𝝅𝜽

reasoning tokens answer tokens

Ground Truth

Proxy Model 𝝅𝒑

Reward 
Proxy

Reasoning
Reward

Efficiency
Reward

Format
Reward

GRPO

Sync

Prompt

RL Training

Figure 3: The overall process of NOVER.

It can be seen in Equation 1 that the incentive
training described above requires a verifier to com-
pute Rrule. NOVER eliminates the need for a veri-
fier by introducing reasoning perplexity as a reward
proxy, which can be calculated on any SFT data.

4.1 Reasoning Perplexity as Proxy
The core idea of NOVER is that the perplexity
of the ground truth answer, conditioned on the
model’s reasoning trajectory, can serve as a natural
proxy for reward. Given a prompt p, the ground
truth answer g, and a model response consisting
of reasoning tokens t and answer tokens a, we
compute the reasoning perplexity Pr using a proxy
model πp as follows:

Pr(p, t, g) = exp

(
−
∑|g|

i=1 log πp(gi | p, t, g<i)

|g| ·N(|t|)

)
(8)

where |g| denotes the number of tokens in the
ground truth. N(|t|) is a simple normalization fac-
tor based on the length of the reasoning tokens,
which alleviates the length bias of perplexity:

N(|t|) = max (1, 1 + log(|t|)) (9)
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A lower reasoning perplexity Pr indicates a higher
probability of generating the correct answer based
on the reasoning tokens. As the calculation of
Pr is done in a teacher-forcing way without any
decoding, computation of Pr requires only ∼ 5%
of total training time (see details in Appendix B.
Then Pr can be utilized to calculate the reward
defined in §4.3.

4.2 Policy-Proxy Synchronization
Unlike recent work that employs an extra frozen
model as the proxy (Gurung and Lapata, 2025),
we instead use the policy model πθ itself as the
proxy πp. This choice reflects their shared goal:
minimizing the perplexity of correct answers given
high-quality reasoning. Moreover, an extra frozen
proxy can diverge from the evolving policy, leading
to inconsistency (see §6.3). Importantly, using πθ
as πp does not mean the model acts as both athlete
and referee, as πp itself does not judge but lever-
ages the objective ground truth g for fair evaluation.
In practice, we initialize both πθ and πp from the
same pretrained checkpoint and periodically sync
πθ to πp every Tsync steps via exponential smooth-
ing, following TR-DPO (Gorbatovski et al., 2025).

πp ← α · πp + (1− α) · πθ (10)

where α ∈ [0, 1] denotes the synchronization
rate. Such synchronization enables the proxy
model to gradually adapt to improvements in the
policy while ensuring a stable calculation of per-
plexity. Since we employ LoRA (Hu et al., 2022)
for efficient training, the πθ and πp share the same
base model and can be switched seamlessly by re-
placing the LoRA adapter, which comprises only
about 0.4% of the full model parameters.

4.3 Verifier-Free Reward
Given a prompt p and its corresponding group
of completions (ti, ai), we compute two rewards
based on the reasoning perplexity Pr.

Reasoning Reward Reasoning perplexity Pr can
serve directly as a reward, as it reflects the quality
of the reasoning trajectory. VR-CLI (Gurung and
Lapata, 2025) and reasoning advantage SFT (Foster
et al., 2024) suggest calculating relative perplexity
gain to stabilize training, but we found that GRPO’s
group normalization already achieves a similar cal-
culation, so there is no need for such a redundant
operation. In practice, we observe that relative per-
plexity improvements still vary widely across dif-
ferent samples, causing high variance in clip ratios

and unstable training. To mitigate this, we propose
to discretize reasoning perplexity into reasoning
rewards Rr. For each completion (pi, ti, ai) with
P i
r , we compute Rr based on its rank among nvalid

valid completions. Let P = {P 1
r , P

2
r , ..., P

nvalid
r },

sorted as P
(1)
r ≤ · · · ≤ P

(nvalid)
r , reasoning re-

wards are assigned by quantile rank:

Rr(pi, ti, ai) =

{
nvalid−rank(P i

r)+1

nvalid
, if rank(P i

r) ≤ k

0, otherwise
(11)

In practice, we use either k = 1 or k = nvalid.
The former assigns a reward of 1.0 only to the best
(lowest-perplexity) completion, which is suitable
for tasks with objectively correct answers. The
latter distributes rewards to all completions based
on their normalized rank and is better suited for
subjective or open-ended tasks.

Efficiency Reward Recent work (Sui et al.,
2025) suggests that longer reasoning is not always
better, and effective reasoning length is what mat-
ters. We introduce an Efficiency Reward Re, en-
couraging the model to generate shorter but better
reasoning trajectories. A completion should be
rewarded if it achieves lower reasoning perplex-
ity with fewer reasoning tokens compared to other
completions. The Re can be calculated as:

Re(pi, ti, ai) =

∑n
j=1,j ̸=i 1

[
P i
r < P j

r ∧ |ti| < |tj |
]

nvalid − 1
(12)

It is notable that although Re shares a similar
target with Rr, where lower perplexity is better,
we cannot use Re to replace Rr since in the early
training stage, most completions could not develop
efficient reasoning to acquire the Re.

These two rewards are then combined with the
tag format reward Rf in Equation 2 to form the
final reward for GRPO training. The combined
reward function is then:

Rtotal = wfRf+I(Rf = 1)·(wrRr+weRe) (13)

where wf , wr, we are weights that control the rel-
ative importance of each reward component. All
these rewards are in the range [0, 1]. Notably, they
are conditionally dependent rather than simply ad-
ditive: only when the tag format is correct (Rf = 1)
are the other two rewards calculated and added;
otherwise, they are set to 0. We provide a detailed
analysis of how this design effectively prevents the
"curse of proxy" in §6.3. NOVER can be com-
bined with various RL algorithms, such as PPO
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Method General Reasoning Writing Social Intelligence Multilingual Avg.
NR GT WI SGN EB TB OPUS

Qwen2.5-3B
BaseModel 21.80 % 43.10 % 18.40 % 18.70 % 32.03 % 46.79 % 16.70 % 28.22 %
+ CoT 24.40 % 48.90 % 24.20 % 14.76 % 28.12 % 51.23 % 1.40 % 27.57 %
+ SFT 27.00 % 36.20 % 27.30 % 20.08 % 36.72 % 48.66 % 17.30 % 30.47 %
+ NOV ER 28.60 % 60.30 % 28.10 % 41.64 % 38.28 % 57.88 % 20.70 % 39.36 %

Qwen2.5-7B
BaseModel 31.80 % 48.50 % 20.70 % 24.21 % 28.91 % 44.22 % 19.30 % 31.09 %
+ CoT 31.20 % 57.60 % 29.20 % 33.46 % 38.28 % 50.99 % 1.60 % 34.62 %
+ SFT 27.50 % 45.20 % 33.50 % 37.85 % 47.66 % 57.06 % 23.30 % 38.87 %
+ NOV ER 38.20 % 61.80 % 36.60 % 50.79 % 49.22 % 67.79 % 26.80 % 47.31 %

Qwen2.5-3B-Instruct 27.10 % 50.00 % 31.50 % 21.25 % 40.62 % 58.69 % 19.90 % 35.58 %
Qwen2.5-7B-Instruct 29.90 % 56.20 % 35.60 % 67.72 % 46.88 % 65.23 % 23.50 % 46.43 %
R1-Distill-Qwen-7B 41.00 % 60.20 % 38.00 % 40.16 % 35.16 % 54.61 % 8.20 % 39.62 %

Table 1: Overall performance. Each cell is shaded based on its relative improvement. Values in bold indicate the
best-performing variant, excluding other post-trained models. NR: Natural Reasoning, GT: General Thoughts-430k,
WI: WebInstruct, SGN: SS-GEN, EB: EmoBench, TB: TomBench, OP: OPUS-BOOK-TRANSLATION.

(Schulman et al., 2017), and here we use GRPO for
efficient training.

5 Experimental Setup

Dataset To evaluate the effectiveness of the
NOVER-incentivized model, we select datasets
spanning four broad domains: (1) General Rea-
soning: This category includes challenging tasks
that go beyond standard STEM benchmarks, requir-
ing complex reasoning, including three datasets,
Natural Reasoning (Yuan et al., 2025a), General
Thought (General Reasoning, 2025), and WebIn-
struct (TIGER-Lab, 2025), which require models
to produce factually grounded answers, often in-
volving multi-step reasoning and justification. (2)
Creative Writing: To assess long-form narrative
generation and planning ability, we use SS-GEN
(Feng et al., 2025c), a benchmark focused on co-
herent, socially themed storytelling. (3) Social
Intelligence: We evaluate models on emotionally
and socially grounded reasoning using EmoBench
(Sabour et al., 2024) and ToMBench (Chen et al.,
2024), which test emotion recognition, social ac-
tion prediction, and theory-of-mind reasoning. (4)
Multilingual Ability: We employ the OPUS book
corpus (Tiedemann, 2012), which includes transla-
tion tasks across 16 languages and 64 source-target
language pairs, to evaluate cross-lingual reasoning
and generalization. For all datasets and subcate-
gories, we construct training and test sets via uni-
form sampling. Further details are in Appendix A.

Baselines We evaluate 3B and 7B versions of
Qwen 2.5 (Yang et al., 2024) against several
baselines. Prior work suggests that instruction-

following and basic CoT reasoning can emerge dur-
ing multi-stage pretraining (Wei et al., 2022; Zeng
et al., 2025). Thus, we include both vanilla and CoT
responses to isolate the effect of NOVER incentive
tuning from capabilities already acquired in pre-
training. We also consider an SFT baseline, where
the same pretrained checkpoints are fine-tuned on
each dataset’s training split (identical to that used
by NOVER). This comparison highlights whether
NOVER enhances generalization and abstraction
in contrast to SFT (Chu et al., 2025). For reference,
we report results from three strong post-trained
models: Qwen2.5-3B/7B-Instruct, and R1-Distill-
Qwen-7B, a 7B variant distilled from DeepSeek-
R1 671B (Guo et al., 2025). These models, trained
with massive instruction-following and reasoning
data, serve as high-performance baselines.

Training and Evaluation Our training frame-
work is built on Huggingface TRL (von Werra
et al., 2020), using LoRA adapters (Hu et al., 2022)
for efficient fine-tuning. Full hyperparameters are
listed in Appendix C. Training time is mainly de-
termined by rollout efficiency, which depends on
the maximum generation length and varies by task
(Appendix A). For example, training Qwen2.5-7B
for 1,000 steps with a max length of 1,024 tokens
on two H100 GPUs takes about 2 hours. For evalua-
tion, we report accuracy on all datasets. For choice
questions, we extend the extractor from Team et al.
(2025) to identify both the option letter and cor-
responding text, then match against ground truth.
For open-ended QA, we use Gemini-2.0-flash (Anil
et al., 2023; Gemini et al., 2024) in an LLM-as-a-
Judge setup (see details in Appendix E).
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Figure 4: Accuracy of NOVER on three general reasoning tasks by the distribution of different aspects.

6 Results and Analysis

We present a comprehensive and structured exper-
iment organized into three main parts. (1) To ex-
amine when NOVER performs well, §6.1 analyzes
its performance across different task types, and
§6.2 investigates how data distribution influence
reasoning ability. (2) To understand why NOVER
is effective, §6.3 examines how NOVER addresses
reward hacking for stable learning; §6.4 compares
its verifier-free design with Model as Verifier ap-
proaches; and §6.5 studies how incentivized reason-
ing patterns evolve during training. (3) To demon-
strates NOVER’s flexibility, in §6.6 we explored
inverse incentive training for creative writing.

6.1 Overall Performance

Table 1 summarizes the performance of NOVER
and all baselines. We observe that, for both 3B and
7B model sizes, NOVER consistently outperforms
all baselines across all types of tasks. Remarkably,
NOVER enables the 3B model to achieve nearly
60% accuracy on General Thoughts, approaching
the performance of the much larger R1-Distill-
Qwen-7B model distilled from a 671B teacher. In
Appendix G, we give a detailed example of how
reasoning perplexity discriminates between good
and bad responses, thus helping the model to re-
inforce learning. The improvement is particularly
pronounced on datasets that challenge areas where
less data is pretrained, such as EmoBench (for so-
cial intelligence) and OPUS (for multilingual). In
these areas, direct CoT prompting may reduce ac-
curacy. Our manual inspection of CoT outputs
reveals that the base model is capable of generat-
ing well-structured and fluent CoT. However, these

CoT-generated rationales can be easily hallucinated
(Huang et al., 2025; Ye et al., 2024; Li et al., 2024).
In contrast, NOVER effectively corrects such hal-
lucinated reasoning processes, as illustrated by a
detailed example in Appendix F. Notably, SFT
sometimes even underperforms the base model, as
it encourages the model to directly map questions
to answers without an explicit reasoning process.
In contrast, the CoT, NOVER, and even the base
model can generate intermediate reasoning tokens
that aid in answering.

Model Method NR GT WI

Llama-3.1-8B

BaseModel 34.20 % 36.70 % 29.90 %
+ CoT 28.10 % 35.10 % 30.00 %
+ SFT 23.60 % 23.40 % 34.50 %
+NOV ER 40.70 % 41.50 % 34.00 %

Mistral-7B

BaseModel 33.00 % 17.80 % 27.00 %
+ CoT 29.20 % 18.60 % 27.10 %
+ SFT 22.50 % 20.70 % 27.80 %
+NOV ER 32.20 % 21.90 % 29.30 %

Table 2: General Reasoning performance with different
instruct model backends.

In addition, as shown in Table 2, we also eval-
uated other model families such as Mistral (Jiang
et al., 2024) and LLaMA (Dubey et al., 2024).
Since the base checkpoint of Qwen exhibits strong
instruction following ability, it can be directly
optimized with reinforcement learning in an R1-
Zero fashion. In contrast, the base checkpoints
of other models lack such capability, so we em-
ployed instruct-tuned checkpoints instead. The re-
sults show that NOVER achieves consistent gains
across different model backends and checkpoint
types (pretrained or instruct-tuned).
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6.2 When and Where for Effective Reasoning
Question format We analyze NOVER’s perfor-
mance distribution on the general reasoning area,
as shown in Figure 4. For question format, the ac-
curacy on multiple-choice questions remains con-
sistently higher than that on open-ended QA. This
is primarily because the presence of candidate op-
tions in the question effectively reduces the search
space during RL optimization, thereby lowering the
task difficulty. We further extract and analyze the
key action words from the questions. The model
achieves higher accuracy on questions with clear
solution directions, such as find, determine, and
classify, since the corresponding reasoning chains
are more likely to be sampled and reinforced dur-
ing training. In contrast, for questions with more
flexible requirements and less prior constraint on
the reasoning process, such as analyze, the model’s
performance is relatively weaker.

Through the lens of length We also analyze the
effect of length across four components: question,
reference, generated answer, and reasoning process.
For the first three, we observe that shorter inputs
or outputs generally lead to higher accuracy. In-
terestingly, for the length of the model-generated
reasoning process, accuracy remains relatively sta-
ble within the range of 60 to 240 tokens. This
suggests that NOVER effectively incentivizes the
model to adaptively generate reasoning of appro-
priate length according to the difficulty of each
question, a property that is closely related to the
design of the efficiency reward.

Method 3B 7B

Base 12.43% 14.59%
+ CoT 14.23% 19.28%
+ SFT 26.49% 29.73%

+ NOV ER 18.74% 23.42%

Table 3: Experiments on FANToM (Kim et al., 2023), a
theory of mind task with false premise problems.

False Premise Task Recent work on RLVR sug-
gests that RL may not exceed the capabilities of pre-
trained models (Yue et al., 2025) in domains with
verifiable and structured answers. While NOVER
focuses on free-form domains, we conduct a false
premise task that similarly reveals the limits of RL.
We adopt FANToM (Kim et al., 2023), a theory-of-
mind dataset where models answer questions from
a specific character’s perspective in multi-party di-
alogues. Some questions rest on false premises

(e.g., asking for character A’s opinion on a movie
when A was absent during the discussion on the
movie in the conversation), making them unanswer-
able. Experiments show that SFT can memorize
such refusal patterns from training data, whereas
NOVER depends on the pretrained model to gen-
erate candidate responses and selectively reinforce
the better ones. Lacking exposure to refusal behav-
ior during pretraining, the model struggles to reject
false-premise questions, resulting in weaker per-
formance than SFT (see Table 3 and Appendix H).
These findings suggest that future work should con-
sider integrating multiple post-training strategies.

6.3 Curse of Proxy

<think>
Physics.
</think>

+ <answer> + 
<common_question> = 
<div id=answer>
<common_question>
Question:……

<think>
When considering…
However…
In conclusion…
</think>

Figure 5: The curse of proxy: inaccurate proxy reward
may lead to reward hacking.

NOVER uses reasoning perplexity as a proxy for
the ideal reward, a common practice in RL (Ng and
Russell, 2000; Christiano et al., 2017). However,
this introduces the curse of proxy: imprecise re-
wards can lead to reward hacking (Amodei et al.,
2016), where models exploit flaws in the proxy
rather than genuinely improving performance. To
analyze this, we perform ablations on NOVER and
track completion lengths during training (Figure 5).
(1) Training with only Rf and Rr reveals two fail-
ure modes: reasoning explosion (red), which is
overlong, often garbled outputs, and reasoning
collapse (green), where models stop thinking and
generate minimum reasoning tokens. Both stem
from proxy misalignment with the evolving pol-
icy. (2) Adding proxy-policy synchronization mit-
igates this (blue), though eventual explosion still
occurs. (3) Introducing the efficiency reward Re

and conditioned reward combination enables par-
tial self-recovery (orange), as invalid completions
receive zero reward, encouraging resampling. Yet,
recovery is inefficient. (4) Full NOVER integra-
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tion yields stable training (purple): the model stays
“sober,” optimizing reasoning length only when it
improves outcomes. Synchronization further re-
duces proxy bias, supporting robust optimization.

6.4 Verifier, Free, or Not

Group Method 3B 7B

Baselines
Base 18.40% 20.70%
+ CoT 24.20% 29.20%
+ SFT 27.30% 33.50%

Model
as Verifier

+ GV 18.30% 30.00%
+ LJ 21.40% 3.80%
+ LJS – 21.60%

Verifier-Free + NOV ER 28.10% 36.60%

Table 4: Experiments on WebInstruct. We compare
LLM-as-a-Judge (LJ) and the officially released verifier
model for WebInstruct, the general verifier GV .

To evaluate NOVER on reasoning tasks with
difficult verification, we compared it against alter-
native verifier designs: an LLM-as-a-judge (LJ)
and a fine-tuned verifier model. Experiments were
conducted on WebInstruct, which includes an offi-
cial general verifier model (GV ) (Ma et al., 2025).
For LJ , we used Gemini-2.0-flash with two prompt
variants: a lenient “judge” prompt, and a stricter
version (LJs) (aligned with our evaluation setup).
As shown in Table 4, model-based verifiers were
highly unstable. With LJ , lenient prompts encour-
aged reward hacking, where πθ generated vague
but superficially valid outputs to elicit positive re-
wards (e.g., giving rough ideas instead of precise
answers). In contrast, strict prompts yielded sparse
rewards and unstable training, thus, the 3B model
failed to train. The dedicated verifier also proved
unreliable, often misled by the policy model. For
example, the policy might only sketch initial steps
and prompt the verifier to complete the calcula-
tion, causing the verifier to abandon judgment and
instead solve the task, then assign an undeserved
positive reward.

6.5 Incentivized Reasoning Patterns

We further investigated how reasoning patterns
evolved during the training of NOVER. We ex-
tracted the reasoning tokens generated by the model
at different training steps, including the outputs pro-
duced using CoT prompting before training (as 0
step), on a fixed test set. These reasoning traces
were then classified using Gemini-2.0-flash into
one of several predefined reasoning patterns. Fol-

Causation

Direct
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Causation

Direct

Decomposition

Enumeration

Reflection

Assumption

Decomposition

Direct

Decomposition

Direct Direct

Decomposition

Enumeration

Reflection
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Causation

Enumeration

Causation

Reflection

Assumption

Enumeration

Reflection
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Causation

Reasoning Pattern Transitions Across Epochs

0 (CoT) 500 1000 1500 2000

Figure 6: Change of reasoning patterns over steps.

lowing the design in (Zeng et al., 2025), we defined
six types of reasoning patterns (see details in Ap-
pendix J). As shown in Figure 6, before training,
the model primarily used task decomposition typi-
cal of CoT prompting. As training progressed with
the influence of the efficiency reward, the model
learned to skip redundant reasoning steps when it
could directly provide intermediate conclusions, re-
sulting in a notable increase in the proportion of the
direct reasoning pattern. At the same time, other
reasoning types began to appear and gradually sta-
bilized, reflecting the development of reasoning
that is both effective and efficient.

6.6 Inverse Incentive Training

LLM

reasoning tokens story tokens

Prompt

LLM

story tokens assessment tokens

Prompt

ground truth 
story

NOVER

rubrics

NOVER

Figure 7: Comparison between standard NOVER train-
ing (up) and NOVER_RUBRIC training (down).

We further explore NOVER’s flexibility in an
interesting setting using the SS-GEN creative writ-
ing dataset (Feng et al., 2025c), where both ground
truth stories and structural rubrics are provided.
Figure 7 illustrates how we construct the inverse
incentive training pipeline to enable rubric learn-
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ing. Traditional incentive training requires the
model to first generate thinking tokens, followed
by answer tokens, with rewards computed to in-
centivize the intermediate thinking process. In the
SS-GEN dataset’s story generation setup, by con-
trast, we require the model to generate story tokens
first, followed by assessment tokens. There is no
ground-truth story, but only ground-truth rubrics.
In this setting, training with NOVER allows the in-
termediate tokens being incentivized, namely, the
story tokens, to become the desired answer tokens.
We adapt NOVER by treating these rubrics as the
guidelines for self-assessment, while the story be-
comes the intermediate process to incentivize, de-
noted NOVER_RUBRIC. This approach inverts
the standard paradigm, implementing a “process
as outcome” strategy. What we want is the inter-
mediate tokens (story) instead of the final outputs
(assessment). NOVER’s design thus effectively
steers generation toward rubric satisfaction, with-
out needing ideal story exemplars during training.
Empirical results show that Qwen2.5-7B’s accu-
racy improves from 50.79% (standard NOVER) to
64.37% after rubric-based training.

0% 25% 50% 75% 100%

Clear Structure

Describe more than Direct

Appropriate Perspective

Positive Tone

Accurate Expression

Appropriate Vocabulary

Overall

25% 26% 49%

15% 18% 67%

14% 41% 45%

10% 51% 39%

9% 37% 54%

11% 43% 46%

14% 36% 50%

NOVER wins Draw NOVER_RUBRIC wins

Figure 8: Human judgment on different rubrics for SS-
GEN story generation.

To further validate the gains, we conducted hu-
man evaluations on each rubric dimension (Fig-
ure 8), comparing stories from standard NOVER
and the rubric-trained variant. The rubrics are de-
tailed in Appendix I. Results consistently favor
the latter across all criteria, highlighting NOVER’s
flexibility for creative applications beyond classi-
cal reasoning tasks. It is worth noting that, due
to the lack of explicit procedural rewards, relying
solely on outcome-based rubric rewards can lead
to occasional hallucinations in generated stories,
e.g., repeating “once upon a time” twice. Future

approaches will need to combine process and out-
come rewards to advance the development of in-
verse incentive training.

7 Conclusion

In this paper, we present NOVER, a verifier-free
framework for incentive training that pushes the
boundaries of incentive learning to encompass any
text-to-text task. NOVER demonstrates strong
performance, and we discuss both the advantages
and limitations of such a reinforcement learning
paradigm, highlighting promising future directions
for achieving robust and effective post-training.
The flexibility of NOVER also enables novel learn-
ing paradigms such as inverse incentive training.

Limitations

(Zeng et al., 2025; Liu et al., 2025a) show that
incentive training requires the base model to pos-
sess certain fine-tuned capabilities, such as par-
tial CoT reasoning and instruction-following, to
effectively incentivize reasoning. This observa-
tion is consistent with our findings on Qwen mod-
els. Moreover, general reasoning tasks in free-
form format demand stronger base model capa-
bilities than structured-answer tasks like math or
coding. Currently, Qwen is a suitable choice in
open-source models that meet the above require-
ments, so we conduct experiments on Qwen instead
of other open-source models. Major open-source
model teams have also recognized this and strength-
ened multi-stage pretraining by incorporating large
amounts of CoT and instruction data, which gives
us confidence that NOVER will be able to incen-
tivize more models in the future.
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A Dataset Construction Pipeline &
Statistics

To minimize data contamination from pretrain-
ing, we prioritized the use of the most recent
datasets available. We focused on general reason-
ing datasets that require multi-step inference and
span multiple domains, not limited to STEM. In
addition, we included text generation datasets that
demand reasoning and planning abilities, such as
creative writing, social intelligence, and multilin-
gual translation. All datasets were cleaned and
filtered to ensure high-quality data. Specifically:

• Natural Reasoning We excluded samples
lacking a reference answer. We also filtered
out samples where the reference answer was
merely a number, a single word, or a single
sentence, as such cases are often trivial for
rule-based verifiers and do not reflect the open-
ended reasoning tasks we aim to study.

• General Thoughts and WebInstruct These
datasets underwent the same preprocessing
as Natural Reasoning. What’s more, these
two datasets contain multiple-choice ques-
tions, and we converted them into free-form
QA format, ensuring that the reference an-
swers included both the correct choice and its
content. Due to inconsistent option formatting
in the original data (such as 1., A), A, (a).), we
designed seven regex-based patterns to clean
and standardize the multiple-choice items.

• EmoBench We selected two subsets, emo-
tional understanding and emotional appli-
cation. For emotional understanding, the
prompt was adapted to specify a dual-option
response format, reflecting the original struc-
ture in which each question is paired with
two multiple-choice items (with four candi-
dates each), targeting emotion recognition and
causality, respectively.

• FANToM We chose two subsets aligned with
free-form reasoning, which are full_fact (ask-
ing for an entity) and full_belief_gen (asking
for opinion in the perspective of somebody).

• Other Datasets No preprocessing was ap-
plied to the remaining datasets.

For datasets with existing train/test splits, we re-
tained them. For others, we created splits by evenly

sampling across subcategories (e.g., academic sub-
jects) to ensure distributional consistency. For very
large datasets, we sample 2,000 examples for train-
ing, 1,000 for validation, and 1,000 for testing.

Dataset #Original #Filtered #Train #Validation #Test

NR 1,150,000 192,178 2,000 1,000 1,000
GT 431,000 78,483 2,000 1,000 1,000
WI 232,000 231,833 2,000 1,000 1,000

SGN 5,087 5,087 4,070 509 508
EB 400 400 272 – 128
TB 2,860 2,860 1,432 571 857

OPUS 1,250,632 1,250,632 2,000 1,000 1,000
FT 1,863 1,863 1,308 – 555

Table 5: Dataset statistics after filtering and splits into
training, validation, and test sets.

The detailed statistics are shown in Table 5,
where NR is Natural Reasoning, GT is General
Thoughts-430k, WI is WebInstruct, SGN is SS-
GEN, EB is EmoBench, TB is TomBench, OP is
OPUS-BOOK-TRANSLATION, FT is FANToM.

B Profiling

Rollout
78.8%

(12.43s)

Tag Format Reward
1.1%
(0.17s)

Reasoning Reward
5.1%
(0.80s)

Efficiency Reward
5.4%
(0.85s)

Loss Calculation
3.9%
(0.61s)

VLLM Parameter Sync
3.2%

(0.50s)

Logits Calculation
2.6%

(0.41s)

Figure 9: Profiling of the training time in NOVER.

Figure 9 shows the average training time per
sample using two H100 GPUs with a completion
length of 2,048 tokens. Most of the time is spent on
the rollout stage, where vLLM (Kwon et al., 2023)
is used to efficiently sample multiple completions
from the policy model. In contrast, computing the
reasoning and efficiency rewards accounts for only
about 5% of the total training time.

C Hyperparameters

All hyperparameters for training NOVER are listed
in Table 6. For general reasoning tasks and the SS-
GEN creative writing task, we set the maximum
completion length to 2048, while for other tasks, it
is limited to 512. Training is run for up to 5,000
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Notation Definition Value

r LoRA rank 16
αLoRA LoRA scaling factor 32
pdropout LoRA dropout ratio 0.1
dtype Training precision bfloat16
G Group Size 8
B Batch size per GPU 8
β KL coefficient 0.1
wf Format reward weights 1
wr Reasoning reward weights 1
we Efficiency reward weights 1
τ Rollout temperature 0.6

ηmax Maximum learning rate 1e−5
α Synchronization coefficient 0.9

Tsync Synchronization interval 100
Lgen Max completion length [512, 2048]
ϵ clip range 0.1

ϵhigh Upper clip range 0.2
Tmax Max training steps 5000

Table 6: Hyperparameters used for NOVER training.

steps, although we typically apply early stopping
when the validation reward, especially the tag for-
mat reward, no longer improves. For 3B models,
training generally requires more steps than for 7B
models.

D System Prompt

Figure 10, Figure 11, and Figure 12 show the sys-
tem prompt for three kinds of tasks in our experi-
ments. We used minimal instructions in the prompt,
relying solely on the <think> and <answer> tags,
without explicitly directing the model to reason.
This approach minimizes external intervention and
maximizes the model’s own incentivized capabili-
ties.

System Prompt for QA

Question: {question}
Answer the question and return in the following for-
mat:

<think>
...
</think>
<answer>
...
</answer>

Figure 10: System prompt for most general reasoning
tasks.

E LLM-as-Judge Prompt

Figure 13, Figure 14, and Figure 15 show the
judgment prompt used in evaluation and model-as-

System Prompt for Choice task

Question: {question}
Options: {options}
Answer the question and return in the following for-
mat:

<think>
...
</think>
<answer>
[option letter]: [option text]
</answer>

Figure 11: System prompt for choice-format tasks.

System Prompt for Translation

Translate the following text
from {source_lang_name} to {target_lang_name}:

{source_text}

Answer the question and return in the following for-
mat:

<think>
...
</think>
<answer>
...
</answer>

Figure 12: System prompt for translation tasks.

Judge Prompt

Please determine if the following Model answer
matches the Ground truth.
Only consider if the response matches the reference,
regardless of how detailed or comprehensive it is.
Ground truth: {reference}
Model answer: {response}
Please provide your judgment in the following for-
mat:

<think>
[Your detailed reasoning about why the answers
match or don’t match]
</think>
<conclusion>
[yes/no]
</conclusion>

Return only the formatted response with reasoning
and conclusion.

Figure 13: Judge prompt (the strict version) used for
evaluation and model-as-judge experiments (§6.4).
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Judge Prompt, Lenient Version

Please determine if the following Model answer
matches the Ground truth.
Does the model’s answer broadly align with the ref-
erence answer, even if it’s not exactly the same?
Ground truth: {reference}
Model answer: {response}
Please provide your judgment in the following for-
mat:

<think>
[Your detailed reasoning about why the answers
match or don’t match]
</think>
<conclusion>
[yes/no]
</conclusion>

Return only the formatted response with reasoning
and conclusion.

Figure 14: Judge prompt (the lenient version) used in
model-as-judge experiments (§6.4).

judge experiments in §6.4. The judge prompt for
the general verifier is taken from the official Hug-
gingface repository 1. We also follow the genera-
tion configuration on the official repository, where
the temperature is set to 0.0 and the maximum to-
kens to 1,024.

Judge Prompt, General Verifier

User: ### Question: {question}
### Ground Truth Answer: {reference_answer}
### Student Answer: {answer_content}
For the above question, please verify if the student’s
answer is equivalent to the ground truth answer.
Do not solve the question by yourself; just check if
the student’s answer is equivalent to the ground truth
answer.
If the student’s answer is correct, output "Final Deci-
sion: Yes". If the student’s answer is incorrect, output
"Final Decision: No". Assistant:"

Figure 15: Judge prompt from the official code of gen-
eral verifier (Ma et al., 2025).

F Reasoning Hallucination Case

Figure 16 presents an example from the OPUS
translation dataset where both the base model and
NOVER perform reasoning to generate a transla-
tion. As shown, the base model is able to pro-
duce seemingly correct reasoning steps, sometimes

1https://huggingface.co/TIGER-Lab/
general-verifier

nearly identical to those of NOVER. However, de-
spite generating the right steps, the base model fails
to reach the correct conclusion. For instance, its
reasoning chain ends with a self-check that asserts
the translation is perfect and faithfully conveys
the meaning of the original sentence, including
the description of the “woman’s appearance.” Yet,
in the earlier steps, the model translates only the
subject, verb, and object, omitting any reference
to the woman’s appearance. This kind of confi-
dent but incorrect self-verification, known as one
kind of reasoning hallucination (Huang et al., 2025;
Qi et al., 2024), can cause the model to overlook
essential content, resulting in worse performance
than directly producing the translation. In contrast,
NOVER follows a similar reasoning path but in-
corporates critical refinements. For example, it ex-
plicitly notes the need to translate not only the core
grammatical elements but also any additional de-
scriptive components. As a result, in the initial step
of identifying main elements, NOVER successfully
detects phrases related to the woman’s appearance,
such as “perfect figure” and “elegant dress,” and ac-
curately translates and integrates them in later steps.
Moreover, NOVER provides more rigorous rubrics,
such as emphasizing in the rearrangement step that
Spanish word order “may differ from English.”

G Reasoning Perplexity Example

Figure 17 shows two completions generated by
NOVER in response to a medical question from
the natural reasoning dataset, each associated with
a different level of reasoning perplexity. As illus-
trated, Completion 1, which has lower reasoning
perplexity, is clearly superior to Completion 2 in
terms of physiological mechanisms, terminologi-
cal accuracy, and the discussion on “the role of
dietary factors”, and overall scientific reasoning. In
contrast, Completion 2 is relatively coarse and con-
tains misleading or missing descriptions of relevant
terms and mechanisms. Although reasoning per-
plexity does not directly compare the answer with
a reference, it estimates the likelihood of the refer-
ence based on the inferred reasoning path, thereby
providing a concise and effective measure of an-
swer quality, as evidenced by this example.

H False Premise Example

Figure 18 illustrates an example from the FANToM
dataset, shedding light on why NOVER may un-
derperform compared to SFT in the false premise
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Case Study in OPUS Translation Task

Task:
Translate the following text from English to Spanish:
With her perfect figure and elegant dress she was, indeed, a strange apparition upon a lonely moorland path.

Reference:
Dada la perfección y elegancia de su vestido, resultaba, desde luego, una extraña aparición en la solitaria senda del
páramo.

Base Model CoT:
To translate the given text from English to Spanish, I will follow these steps:
1. Identify the main components of the sentence: subject, verb, and object.
2. Translate each component individually.
3. Rearrange the components to form a grammatically correct sentence in Spanish.
4. Ensure that the translated sentence maintains the original meaning and tone.
Step 1: Identify the main components of the sentence.
Subject: "She"
......
Step 2: Translate each component individually.
Subject: "Ella" (She)
......
Step 3: Rearrange the components to form a grammatically correct sentence in Spanish.
"Ella era, en efecto, una extraña aparición en un sendero solitario de tierra mojada."
Step 4: Ensure that the translated sentence maintains the original meaning and tone.
The translated sentence maintains the original meaning and tone, as it describes the woman’s appearance and the setting

Base Model Translation:
Ella era, en efecto, una extraña aparición en un sendero solitario de tierra mojada.

NOVER thinking process:
<think>
To translate the given text from English to Spanish, I will follow these steps:
1. Identify the main components of the sentence: subject, verb, object, and any additional descriptive elements.
2. Translate each component into Spanish while maintaining the original meaning and context.
3. Rearrange the translated components to fit the Spanish sentence structure, which may differ from English.
4. Review the final translation for accuracy and fluency.
Here’s the step-by-step translation process:
1. Main components:
- Subject: "she"
......
- Additional descriptive elements: "perfect figure", "elegant dress", "indeed", "upon a lonely moorland path"
2. Translations:
- "she" -> "ella"
......
- "perfect figure" -> "figura perfecta"

- "elegant dress" -> "traje elegante"
- "indeed" -> "realmente"
- "upon a lonely moorland path" -> "en una solitaria senda de moorland"
4. Reviewing the final translation:
- The translation maintains the original meaning and context, and the sentence structure is appropriate for Spanish.
I have translated the given text from English to Spanish by identifying the main components, translating each component,
rearranging them to fit the Spanish sentence structure, and reviewing the final translation for accuracy and fluency.
</think>

NOVER translation:
<answer>
Ella era, realmente, una extraña aparición en una solitaria senda de moorland con su figura perfecta y traje elegante.
</answer>

Figure 16: A case in the OPUS translation dataset, where the base model generates hallucinated CoT that leads to
wrong translation, while NOVER follows similar steps but corrects the wrong parts in the thinking process.
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Two Completions of NOVER on Natural Reasoning Dataset

Question:
What is the primary mechanism by which the body eliminates excess cholesterol, and how do dietary factors such as
fiber intake and fatty food consumption affect this process? Provide a detailed explanation of the gastrohepatic cycle
and the role of bile secretion in cholesterol elimination.

Reference:
The primary mechanism by which the body eliminates excess cholesterol is through the gastrohepatic cycle, where
excess cholesterol is secreted by the bile ducts back into the gastrointestinal tract. Dietary factors such as fiber intake
can help prevent the digestion of cholesterol, while fatty food consumption can increase cholesterol production.

NOVER completion 1, with reasoning perplexity = 1.406 (the good one)
<think>
The primary mechanism by which the body eliminates excess cholesterol involves a process called the gastrohepatic
cycle. This cycle consists of several steps:
1. Cholesterol in the blood is taken up by the small intestine and converted into bile acids, which are then secreted into
the intestine.
2. Bile acids are reabsorbed by the small intestine and returned to the liver via the portal vein.
3. In the liver, the bile acids are converted back into cholesterol and stored or used for other purposes.
4. When the body has an excess of cholesterol, the liver produces more bile acids, which are excreted in the feces.
......
In summary, the gastrohepatic cycle is the primary mechanism by which the body eliminates excess cholesterol, and
dietary factors such as fiber intake and fatty food consumption can affect this process in various ways.
</think>
<answer>
The primary mechanism by which the body eliminates excess cholesterol involves a process called the gastrohepatic
cycle. This cycle consists of several steps: Cholesterol in the blood is taken up by the small intestine and converted
into bile acids, which are then secreted into the intestine. Bile acids are reabsorbed by the small intestine and returned
to the liver via the portal vein. In the liver, the bile acids are converted back into cholesterol and stored or used for
other purposes. When the body has an excess of cholesterol, the liver produces more bile acids, which are excreted
in the feces. Dietary factors such as fiber intake and fatty food consumption can affect this process in various ways.
Dietary fiber, particularly soluble fiber, can bind to bile acids in the intestine and prevent their reabsorption. This leads
to an increased excretion of bile acids in the feces, which in turn increases the amount of cholesterol that is eliminated
from the body. Fatty foods, particularly those high in saturated and trans fats, can increase the amount of cholesterol
produced by the liver. This can lead to an increase in the amount of cholesterol that needs to be eliminated from the
body. Certain fatty acids, such as omega-3 fatty acids, can also have a beneficial effect on cholesterol metabolism.
Omega-3 fatty acids can reduce the amount of cholesterol produced by the liver and increase the amount of cholesterol
that is eliminated from the body.
</answer>

NOVER completion 2, with reasoning perplexity = 1.516 (the bad one)
<think>
The primary mechanism by which the body eliminates excess cholesterol is through the excretion of cholesterol-rich
bile acids in the feces. This process involves the breakdown and conversion of cholesterol into bile acids in the liver,
followed by the release of these bile acids into the small intestine during digestion. Bile acids are then excreted from the
body in the feces.
Dietary factors such as fiber intake and fatty food consumption can affect this process in several ways. Fiber-rich
foods can increase the viscosity of the stool, which slows down the passage of bile acids through the digestive tract.
This allows more time for the bile acids to be absorbed back into the bloodstream and reused, reducing the amount of
cholesterol that is excreted in the feces.
......
Bile secretion plays a critical role in cholesterol elimination by providing the necessary environment for the breakdown
and conversion of cholesterol into bile acids in the liver. Bile acids are then released into the small intestine during
digestion, where they interact with fatty acids and triglycerides to form micelles. These micelles help to emulsify the
fatty acids and make them more available for absorption by the small intestine.
</think>
<answer>
The primary mechanism by which the body eliminates excess cholesterol is through the excretion of cholesterol-rich bile
acids in the feces. Dietary factors such as fiber intake and fatty food consumption can affect this process by increasing
or decreasing the amount of cholesterol that is excreted in the feces. The gastrohepatic cycle is the process by which bile
is produced in the liver, stored in the gallbladder, and released into the small intestine during digestion. Bile secretion
plays a critical role in cholesterol elimination by providing the necessary environment for the breakdown and conversion
of cholesterol into bile acids in the liver.
</answer>

Figure 17: We show two completions from NOVER on the Natural Reasoning dataset, showing how reasoning
perplexity discriminates good responses from bad ones.
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task setting. As shown, the example involves a
multi-party dialogue and poses a question requir-
ing higher-order theory of mind reasoning—for in-
stance, inferring how person B would think about a
certain topic from person A’s perspective. The trap,
however, is that B may not have participated in the
conversation and thus is unaware of the topic, mak-
ing the question unanswerable. The correspond-
ing reference typically reflects this, such as “B is
unaware of. . . ”. SFT can quickly memorize and
reproduce such response patterns (e.g., “somebody
is unaware of. . . ”), whereas NOVER relies on the
base model to first generate a correct answer, which
is then reinforced. However, the base model may
struggle to recognize the false premise and might
not even consider the question potentially unan-
swerable. Consequently, as shown in the figure,
NOVER attempts to answer the question but re-
mains constrained by the flawed assumption that B
is aware of the topic, and reasons accordingly. This
highlights why NOVER may perform worse than
SFT on counterintuitive tasks. Addressing such
cases may require a hybrid approach: first using
SFT to expose the model to appropriate response
patterns and challenge its assumptions, followed
by reinforcement learning to strengthen accurate
reasoning.

I Rubrics in Inverse Incentive Training

To evaluate whether this inverse incentive train-
ing approach (treating the process as the desired
outcome) successfully aligns the generated story
tokens with the rubrics targeted by the final assess-
ment tokens, we developed a human evaluation
platform. We sampled 100 examples and asked
human annotators to express preferences for each
story concerning each rubric. The details of each
rubric are provided to human annotators, including:

1. Clear Structure A clear structure refers to
that there is a straightforward title establishing
the intervention goal, an introduction explain-
ing the story theme and setting, a main body
depicting the specific situation and appropri-
ate responses, and a conclusion summarizing
the core information presented.

2. Describe more than Direct The number of
descriptive sentences should exceed twice the
number of coaching sentences in a Social
Story. A descriptive sentence accurately de-
scribes the interaction, an event, or an expla-
nation of the rationale that underlies what and

A False Premise Example in FANToM Dataset

Here is a dialogue:

• Eliana: Hello, guys. I find it fascinating how
various cultures influence food and cuisine. For
instance, in my culture, Brazilian cuisine is
a culmination of Europe, Africa, and Native
American influences.

• Kade: How so, Eliana? Could you give an
example?

• Eliana: Absolutely, Kade! Take feijoada for
example, it’s a Brazilian dish that’s similar to
a bean stew, filled with beef and pork. It’s tra-
ditionally served with rice, collard greens, and
farofa, a cassava flour mixture. Feijoada was
often made by slaves, who would use whatever
meats were available, hence the mixture.

• ......

• Kade: Definitely, Alberto. So, I guess we meet
at the next food tasting session, where we have
a taste of Brazil, Scotland, Canada, and Mex-
ico!

Question:

What dishes from Scotland and Canada does Eliana
think that Alberto believes were discussed by Addi-
son and Kade respectively?

Reference:

Alberto is unaware about which dishes from Scot-
land and Canada were discussed by Addison and
Kade respectively as he was not involved in the con-
versation when this was discussed. Thus, Eliana does
not have any basis to form an opinion on what Alberto
believes about the mentioned dishes.

NOVER Response:

<think>
Addison and Kade were the ones who discussed the
dishes from Scotland and Canada. From the dia-
logue, it is evident that Addison mentioned the dish
"haggis", which is a combination of sheep’s heart,
liver, and lungs minced with onion, oatmeal, suet,
and spices...... So, Alberto believed that Addison and
Kade discussed the dishes from Scotland and Canada,
which are haggis and poutine respectively.
</think>
<answer>
Haggis is a dish from Scotland. Kade men-
tioned the dish "powwow" during the conversa-
tion, which is a traditional Mexican festival. So,
Alberto believed that Addison and Kade discussed

the dishes from Scotland and Canada, which are hag-
gis and poutine respectively.
</answer>

Figure 18: A false premise example in FANToM (Kim
et al., 2023) dataset, where the question cannot be an-
swered.
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why people think, say, or do, including per-
spective and affirmative sentences. Coaching
sentences gently and safely guide the behav-
ior.

3. Appropriate Perspective A): The Social
Story should never use the second-person
perspective to prevent being overly direct.
B): When describing negative behaviors, the
Social Story should never employ the first-
person perspective to safeguard the dignity
and esteem of the audience.

4. Positive Tone The Social Story should always
describe situations or guide behaviors in a
positive manner, especially when depicting
typical or expected behaviors in specific situa-
tions.

5. Accurate Expression The story should use
language that is as clear and unambiguous
as possible because ASD children typically
interpret things literally rather than inferring
implicit meanings that require social insight.

6. Appropriate Vocabulary The Social Story
should choose the most comfortable and ac-
curate vocabulary for the audience. Firstly,
use positive verbs while also being mindful of
the varying implications of verbs. Avoid us-
ing terms that are likely to evoke strong emo-
tional feelings such as "shouldn’t", "must",
"supposed to" and so on.

J Reasoning Patterns

We categorize reasoning patterns in the NOVER
incentivized reasoning process into six main kinds.
Here is the definition of each kind:

1. Direct: The direct recall of factual infor-
mation, definitions, or established concepts
without further analysis or transformation.
This pattern involves stating information from
memory as-is.

2. Decomposition: The systematic organization
of a problem into manageable components,
establishing clear steps, intermediate goals, or
methodical frameworks. This pattern involves
creating a structured approach to solving com-
plex problems.

3. Enumeration: The listing of multiple possi-
bilities, options, alternatives, or cases without

immediately selecting or committing to any
specific one. This pattern involves comprehen-
sively covering various aspects or potential
scenarios.

4. Reflection: The process of revisiting, ques-
tioning, or reassessing previously stated ideas,
assumptions, or conclusions. This pattern in-
volves reflecting on one’s own reasoning and
making adjustments based on further consid-
eration.

5. Assumption: The introduction of hypothet-
ical conditions or premises that serve as a
foundation for further reasoning. This pat-
tern involves making conditional statements
to explore potential scenarios or outcomes.

6. Causation: The establishment of cause-effect
relationships between events, actions, or con-
ditions. This pattern involves explaining how
one factor leads to or influences another.
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