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Abstract

High-stakes domains such as finance, law, and
biomedicine demand both accurate results and
rigorous reasoning. Current reinforcement
learning paradigms primarily rely on outcome-
based rewards, often overlooking latent logical
fallacies in intermediate steps. Leveraging the
cognitive asymmetry where falsifying local er-
rors is more efficient than generating global cor-
rectness, we propose RADO (Reasoning Audit-
Driven Optimization). RADO introduces a spe-
cialized audit model augmented with external
tools to identify local logical ruptures and cali-
brate reward signals. By integrating Direct Pref-
erence Optimization (DPO) with Group Rela-
tive Policy Optimization (GRPO), our frame-
work enables explicit supervision over reason-
ing paths. Experimental results demonstrate
that RADO consistently improves final accu-
racy while significantly enhancing logical rigor
in high-stakes domains.

1 Introduction

Large Language Models (LLMs) have demon-
strated significant potential in complex logical rea-
soning, particularly in high-stakes domains such
as financial decision-making (Liu et al., 2025b;
Koa et al., 2024), legal (Shi et al., 2025; Cheong
et al., 2024), and biomedicine (Labrak et al., 2024a;
Wang et al., 2023). In these fields, the accuracy of
decisions and the interpretability of reasoning pro-
cesses are not merely performance metrics but are
core requirements for safety and compliance (Wang
et al., 2025; Chu et al., 2025; Deng et al., 2024).

Currently, the dominant paradigm for scaling rea-
soning capabilities involves Reinforcement Learn-
ing (RL) guided by outcome-based rewards (i.e.,
the correctness of the final answer) (Zheng et al.,
2025a; Yu et al., 2025; Shao et al., 2024). How-
ever, this approach faces fundamental limitations.
A correct final answer is an unreliable proxy for
reasoning integrity; models may arrive at the right

Figure 1: Comparison of reasoning paths across differ-
ent models. LLMs often fail both answer and logic (left),
while Reasoning-LLMs may arrive at the right answer
for the wrong reasons (middle). In contrast, RADO en-
sures both a rigorous reasoning trajectory and a correct
final decision through explicit auditing (right).

conclusion through flawed logic or sheer coinci-
dence—a phenomenon often termed "getting the
right answer for the wrong reasons." (Shao et al.,
2025; Lightman et al., 2023). Figure 1 provides a
comparative example of reasoning quality. Further-
more, without explicit supervision of intermediate
reasoning paths, LLMs struggle to avoid latent log-
ical fallacies (Shojaee et al., 2025; Uesato et al.,
2022). In high-stakes domains, a rigorous step-by-
step derivation is arguably more vital than a direct
answer.

To bridge this gap, it is necessary to verify the
comprehensiveness and rigor of the reasoning pro-
cess. In complex reasoning tasks, generating an ac-
curate and faithful derivation is exceptionally chal-
lenging because the generative model must ensure
logical consistency from local steps to the global
structure (i.e., correctness must be global) (Shao
et al., 2024; Lightman et al., 2023). Conversely,
discriminating the correctness of a reasoning path
is typically simpler in terms of computational com-
plexity and cognitive load (Welleck et al., 2023;
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Uesato et al., 2022). This is due to a salient asym-
metry in logical proofs: a perfect proof requires
global flawlessness, whereas an erroneous proof
only requires a single local logical rupture (i.e., an
error can be local). Based on this cognitive hypoth-
esis, Audit models can enhance their discriminative
capability from easily accessible negative samples
with local errors, while generative models often
only improve by learning from hard-to-obtain glob-
ally accurate positive samples, which may span
100k tokens and involve doctoral-level intellectual
depth (Shao et al., 2025; Hosseini et al., 2024).

In this paper, we propose RADO (Reasoning
Audit-Driven Optimization), a framework designed
to enhance reasoning through explicit auditing. The
framework operates in three stages: first, an initial
Reward Model (RM) is built via Supervised Fine-
Tuning (SFT); however, due to the RM’s limitations
in fine-grained discrimination, we further train a
dedicated audit model. Second, the Audit Model
performs rigorous logical scrutiny over diverse rea-
soning paths, identifying local logical flaws to con-
struct high-confidence preference datasets. No-
tably, the Audit Model is empowered with external
tool-calling capabilities, such as web search and nu-
merical computation, to provide grounded verifica-
tion of reasoning steps. This tool-augmented audit-
ing mechanism significantly enhances the reliabil-
ity of the audit signals and acts as a robust defense
against reward hacking, where models might other-
wise exploit the Reward Model’s systematic blind
spots. Finally, we employ Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) to iteratively
refine the RM’s precision, subsequently using the
upgraded RM to guide the Policy Model through
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) training.

This approach enables the model to explicitly
perceive its reward function and maximize returns
through deliberate reasoning. We evaluate RADO
on five public datasets (Koa et al., 2024; Guha
et al., 2023; Chen et al., 2021; Jin et al., 2019;
Hendrycks et al., 2021) across three high-stakes
domains: finance, law, and biomedicine. Exper-
imental results demonstrate that RADO not only
ensures final answer accuracy but also significantly
enhances the rigor and safety of the reasoning pro-
cess in high-stakes tasks.

Our main contributions are as follows:
• We propose RADO that leverages the logical

asymmetry between generation and discrimination,
using a specialized Audit Model to provide accu-

rate supervision for reasoning trajectories.
• We introduce an auditing mechanism empow-

ered by external tools. This ensures grounded veri-
fication of intermediate reasoning steps and effec-
tively mitigates reward hacking.
• We demonstrate through extensive experiments

in finance, law, and biomedicine that RADO signif-
icantly enhances both the logical rigor of reasoning
paths and the accuracy of final outcomes.

2 Related Works

2.1 Large Reasoning Models (LRMs) in
High-Stakes Domains

In high-stakes domains, the application of LRMs
has evolved from pursuing outcome accuracy to en-
suring process rigor. In biomedicine, Med-PaLM 2
(Singhal et al., 2025) and Med-Gemini (Saab et al.,
2024) utilize knowledge-guided reasoning paths to
enhance clinical reliability. Legal-specific LRMs,
such as Lawma (Dominguez-Olmedo et al., 2025),
emphasize the importance of generating legally
sound derivations for judicial fairness. Similarly,
financial models like Fin-r1 (Liu et al., 2025b),
and Agentar-Fin-R1 (Zheng et al., 2025b) rely
on explicit reasoning to mitigate risks in decision-
making. These studies collectively suggest that
detailed reasoning paths not only improve accu-
racy but also provide the necessary auditability for
professional standards (Chu et al., 2025; Liu et al.,
2025b). However, the rapid expansion of reasoning
capabilities has introduced a new challenge: the
logic explosion of reasoning paths. As models like
DeepSeek-R1 (Guo et al., 2025) produce trajecto-
ries spanning millions of tokens, the complexity
and granularity of these proofs often exceed the
capacity of human reviewers to verify them effi-
ciently (Shao et al., 2025; Lightman et al., 2023).
This cognitive gap makes it difficult to detect subtle
logical fallacies. Consequently, developing special-
ized audit models to autonomously monitor and
calibrate these extended reasoning processes has
become an essential frontier for self-verifiable AI
in critical domains (Shao et al., 2025; Hosseini
et al., 2024).

2.2 LLM-as-a-Judge

The LLM-as-a-Judge paradigm has emerged as a
scalable alternative to human evaluation (Zheng
et al., 2023; Yuan and Zhang, 2025b). This
paradigm is intrinsically linked to the concept of an
audit model, where a specialized model is used to
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Figure 2: The overall architecture of the RADO framework. Stage 1: Initialization of RM and AM using SFT data
from PM and DeepSeekv3.2. Stage 2: Iterative optimization where the AM audits reasoning chains using external
tools to generate preference data for RM refinement via DPO. Stage 3: PM optimization using GRPO, where the
finalized RM scores both the reasoning process and the final answer to provide a fine-grained reward signal.

critique the reasoning of a policy model. Construc-
tion methods for such judges typically involve SFT
on human-labeled rubrics or synthetic feedback
(Yuan et al., 2024; Lee et al., 2023). Beyond sim-
ple evaluation, judge models are increasingly used
to drive the performance of LLMs through iterative
refinement (Yuan et al., 2024). UltraFeedback (Cui
et al., 2023) shows that multi-agent judging can mit-
igate position bias. RocketEval (Wei et al., 2025)
utilize grading checklists to provide more granular
audits. These developments establish that a judge
model is not just a passive evaluator but a critical
component in the judge-generate optimization loop
(Li et al., 2025).

2.3 Outcome and Process Reward Models

Reward modeling is central to reinforcement learn-
ing from human feedback (RLHF). Outcome Re-
ward Models (ORMs) like GRPO (Shao et al.,
2024) or GSPO (Zheng et al., 2025a) evaluate
the final state of a trajectory. However, ORMs may
encourage the model finds shortcuts to correct an-
swers through flawed logic (Tarek and Beheshti,
2025; Fan et al., 2025). To mitigate this, Process
Reward Models (PRMs) have gained traction by
providing step-level supervision (Lightman et al.,
2023; Uesato et al., 2022). Although PRMs offer
granular rewards, it is challenging to synthesize
training data that possesses both adequate span and
difficulty (Guo et al., 2025; Shao et al., 2025).

3 Methodology

In this section, we introduce the training framework
of RADO (Reasoning Audit-Driven Optimization).
As shown in Figure 2, this framework trains an
Audit Model (AM) to optimize the Reward Model
(RM), and then utilizes the optimized RM to score
the samples from the Policy Model (PM) during
GRPO (Shao et al., 2024), thereby guiding the op-
timization of PM. The overall framework consists
of three training stages: (1) initializing RM and
AM (in Section 3.1); (2) iteratively optimizing AM
and RM through iterative data sampling for Su-
pervised Fine-Tuning (SFT) and Direct Preference
Optimization (DPO) (Rafailov et al., 2023) (in Sec-
tion 3.2); (3) using the optimized RM to guide the
training of PM through GRPO (in Section 3.3).

3.1 Model Initialization

We first define the Policy Model πθ, Reward Model
πrm, and Audit Model πam. The Policy Model is
initialized from open-source instruction models,
such as Qwen2.5-Instruct-7B (Qwen-Team, 2024).

Reward Model Initialization. We collect 2k
questions from financial (Chen et al., 2021), le-
gal (Guha et al., 2023), and medical (Jin et al.,
2019) question-answering datasets. The PM πθ is
prompted to generate multiple samples for each
question, with detailed parameter settings provided
in Appendix B. Then, we invoke the powerful
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general-purpose model DeepSeek-v3.2 (Liu et al.,
2025a), inputting the original question along with
each individual sample from πθ one at a time.
Through prompting, we ask DeepSeek-v3.2 to sepa-
rately score the reasoning process and final answer
of πθ, and to output the rationale for the scores
after providing them. Detailed prompt templates
are provided in Appendix C. The response from
DeepSeek-v3.2 follows the format:

{[sreason, sanswer]}
Rationale for the scores...

where sreason and sanswer represent the correct-
ness scores for the reasoning process and final
answer, respectively, satisfying sreason, sanswer ∈
{0, 1}. We further conduct manual verification of
DeepSeek-v3.2’s responses to avoid bias or factual
errors in its scoring. After verification, we filter
samples with different score combinations to en-
sure sample balance, and then use SFT to train the
same model as the initial Policy Model πθ, obtain-
ing the initialized Reward Model πrm. More details
are provided in Appendix F and Appendix D.

Audit Model Initialization. Similarly, we col-
lect another 2k questions from financial, legal, and
medical question-answering datasets. Again, we
prompt the Policy Model πθ to generate multiple
samples for each question. Then, we let the initial-
ized Reward Model πrm generate scores for these
questions and samples. Subsequently, we invoke
DeepSeek-v3.2 inputting only the results from the
Reward Model πrm. Through prompting, we ask
DeepSeek-v3.2 to review whether there are errors
in πrm’s evaluation. Detailed prompt templates are
provided in Appendix C. In particular, the Audit
Model is allowed to use external tools for fine-
grained discrimination, such as web search and
Python numerical computation function calls. Web
search can obtain high-timeliness information, and
numerical computation tools can obtain highly ac-
curate numerical and analytical results. DeepSeek-
v3.2 is invoked in a multi-turn dialogue manner to
perform tool calls and obtain tool feedback, thereby
constructing coherent data. The response from
DeepSeek-v3.2 follows the format:

<think> . . .
<search>query</search>
<doc>summary</doc>
. . .
<function>y(a, b)</function>
<result>. . . </result>
. . . </think>
<answer>sreward</answer>

where sreward represents the correctness score of the
Reward Model πrm’s scoring, called the audit score,
satisfying sreward ∈ {0, 1}. Similarly, we conduct
manual verification of DeepSeek-v3.2’s responses
to avoid bias or errors. Then, we use SFT in a multi-
turn dialogue format to train the same model as the
initial Policy Model πθ, obtaining the initialized
Audit Model πam.

3.2 Iterative Optimization of RMs and AMs

Optimizing the Reward Model. Similar to Sec-
tion 3.1, we sample another 4k questions from fi-
nancial, legal, and biomedical question-answering
datasets. We first prompt the Policy Model πθ
to generate samples for each question, and then
sample the initialized Reward Model πrm multiple
times to generate scores for these questions and
samples from πθ. Detailed parameter settings are
provided in Appendix B. Next, we let the initialized
Audit Model πam generate audit scores for the eval-
uations from πrm. We construct preference pairs
for the Reward Model πrm by treating samples with
a score of 1 from πrm as positive samples and those
with a score of 0 as negative samples. The neg-
ative samples reflect erroneous evaluations from
πrm. To optimize the initialized Reward Model
πrm, we introduce Direct Preference Optimization
(DPO) (Rafailov et al., 2023), with the optimization
objective:

LDPO(πrm) = −E(x,yw,yl)∼D

[
log σ

(
β log

πrm(yw|x)
πref(yw|x)

− β log
πrm(yl|x)
πref(yl|x)

)]
, (1)

where πref is the reference model, and β controls
the strength of the KL divergence constraint be-
tween the preference distribution and the reference
model.

Iterative Optimization. To further improve the
accuracy of the reward model’s discrimination, we
design an iterative optimization mechanism with
Human-in-the-loop. This mechanism can be sum-
marized as a reward-audit-correct-update loop. In
this work, the number of iterations is K = 2.

Specifically, in the k-th iteration (k ∈
{1, . . . ,K}), we utilize the Reward Model π(k−1)

rm

and Audit Modelπ(k−1)
am optimized from the pre-

vious round to perform the following steps. π0
rm

denotes the Reward Model obtained from the first
round of DPO, and π0

am denotes the Audit Mode-
lafter initialization.
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1. Hard Sample Mining: We use π(k−1)
rm to eval-

uate the sampling results from the Policy Model πθ,
and have π

(k−1)
am audit the evaluation results. We

mainly filter out: (1) disagreement samples, i.e.,
samples judged as incorrect by the Audit Model,
and (2) high-score samples, i.e., samples judged as
correct by the Audit Model with the Reward Model
scoring [1,1].

2. Human-in-the-loop Annotation: To prevent
the model from developing self-reinforcing biases
during iteration, we introduce human experts to
verify the difficult samples filtered above. Annota-
tors are required to review the tool invocation path
and final judgment of the audit model. If the Au-
dit Model’s judgment is erroneous (e.g., incorrect
tool invocation parameters leading to a false neg-
ative judgment of the Reward Model), annotators
will correct the audit logic and labels; if the audit
model’s judgment is correct but the Reward Model
is wrong, annotators will confirm the negative sam-
ple and supplement positive samples to construct
new preference pairs. This process builds a high-
quality corrected dataset D(k) = D(k)

rm ∪ D(k)
am .

3. Model Update: We first construct the cu-
mulative training set for the Audit ModelS(k)

am =⋃k
i=0D

(i)
am, where D(0)

am is the SFT data from the
initialization phase. We perform SFT on π

(k−1)
am us-

ing S(k)
am to obtain the enhanced Audit Model π(k)

am .
Subsequently, we repeat the Reward Model opti-
mization process in Section 3.2, using the updated
Audit Model π(k)

am for re-auditing, thereby construct-
ing the preference dataset D(0)

rm . After merging with
the preference dataset obtained in Step 2, we ob-
tain S(k)

rm =
⋃k

i=0D
(i)
rm . After DPO optimization on

S(k)
rm , we obtain π

(k)
rm .

Through this iterative approach, the Audit Model
gradually learns more sophisticated error correc-
tion techniques, while the Reward Model, under
stricter audit pressure, is forced to generate evalua-
tions with more rigorous logic and more accurate
facts, thereby achieving co-evolution of the Reward
Model and Audit Model.

3.3 Policy Model Optimization

After obtaining the iteratively optimized Reward
Model (denoted as πrm ), we use GRPO (Shao et al.,
2024) to optimize the Policy Model πθ. Specif-
ically, for a given question q, GRPO first uses
the current policy πold to generate G different re-
sponses {o1, o2, . . . , oG} and get the correspond-

ing rewards {r1, r2, . . . , rG}. The optimization ob-
jective is:

LGRPO(θ) =
1

G

G∑

i=1

(
min

(
πθ(oi|q)
πold(oi|q)

Ai,

clip
(

πθ(oi|q)
πold(oi|q)

, 1− ϵ, 1 + ϵ

)
Ai

)
−βDKL(πθ||πref )

)
,

(2)

Ai =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
, (3)

DKL(πθ||πref ) =
πref (oi|q)
πθ(oi|q)

− log
πref (oi|q)
πθ(oi|q)

− 1, (4)

where ϵ and β control the clipping range and the
strength of the KL divergence penalty, respectively.
πref is the reference policy used to prevent the
optimized policy πθ from deviating too far and
causing catastrophic forgetting.

We set three rewards:
a). Format reward rfmt: The model re-

ceives a score of 1 when it strictly follows the
predefined interaction format, i.e., first thinking
<think>...</think> and then providing an answer
<answer>...</answer>; otherwise, the score is 0. b).
Reasoning process reward rrsn: Provided by πrm,
corresponding to sreason in its output. The score is
0 or 1. c). Answer reward rans: Provided by πrm,
corresponding to sanswer in its output. The score is
0 or 1.

Finally, we set the total reward as:

r = rfmt · rrsn · rans. (5)

4 Experiments

In this section, we evaluate the performance of
RADO across multiple high-stakes domains. Our
experiments are designed to address the following
three research questions: RQ1: How does RADO
perform in terms of final answer accuracy when
applied to specialized domains ? RQ2: To what
extent does RADO improve the quality of the gen-
erated reasoning paths? RQ3: How significant is
the performance degradation in the absence of the
Audit Model or external tool-calling capabilities?

4.1 Experimental Settings

Baselines. To validate RADO’s performance on
high-stakes domain tasks, we compare it with gen-
eral purpose LLMs and domain LLMs trained or
fine-tuned with domain data.
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Model Model
size

Interpretation Rule-application/
Rule-conclusion Rhetorical-analysis Avg.

CC CAUD MAUD PP IP PJ Scalr TTP TTD

DeepSeek-R1-Llama 8B 83.58 75.07 38.52 55.14 49.64 60.00 56.56 95.32 63.03 64.10
GPT-OSS 20B 97.22 83.14 51.02 57.41 38.34 80.00 48.33 95.32 79.37 70.02
HIPO 8B 90.65 76.52 63.81 58.19 45.86 74.00 64.79 91.58 82.48 71.98
MiMo-RL 7B 90.38 84.39 58.67 60.05 33.33 40.00 70.80 91.58 56.52 65.08
Qwen-2.5-Instruct 7B 86.36 80.08 78.75 52.38 48.12 64.00 78.98 99.07 76.96 73.86
Llama-3-Instruct 8B 85.86 81.20 67.43 61.63 50.37 54.00 75.83 100.00 78.18 72.72

Open-Australian-Legal 1.5B 0.00 0.00 1.20 17.64 1.50 22.00 0.00 0.00 0.00 4.70
DISC-LawLLM 13B 50.00 32.98 64.77 48.09 19.55 56.00 70.05 5.60 20.60 40.85
Law-LLM 7B 10.86 1.59 30.87 3.05 2.26 0.00 58.49 8.41 13.33 14.32
Law-Chat 7B 80.30 82.31 39.75 51.69 33.83 48.00 76.36 54.21 52.73 57.69
Lawma 8B 47.73 34.14 69.93 53.31 47.37 36.00 78.46 6.54 26.67 44.46
Domaino1s-legal 7B 88.64 81.76 80.33 66.54 52.63 72.00 88.97 95.33 78.78 78.33

RADO-legal 7B 91.25 92.09 82.39 67.34 53.72 74.00 89.23 99.06 80.02 81.11

Table 1: Model accuracy (%) on LegalBench (Guha et al., 2023). Avg. is the mean accuracy across all tasks.

General Purpose LLMs: DeepSeek-R1-Distill-
Llama-8B (Guo et al., 2025), HIPO-8B (Deng
et al., 2025), GPT-OSS-20B (Agarwal et al., 2025),
MiMo-7B-RL (Xiaomi et al., 2025), Qwen2.5-
Instruct-7B (Qwen-Team, 2024), and Llama-3-
Instruct (AI@Meta, 2024).

Financial Domain LLMs: Fin-R1 (Liu et al.,
2025b), Fin-o1-7B (Qian et al., 2025), Finance-
LLM (Cheng et al., 2024b), Finance-Chat (Cheng
et al., 2024b), Finance-Llama-3 (Cheng et al.,
2024a), Domaino1s-finance (Chu et al., 2025).

Legal Domain LLMs: Open-Australian-Legal-
LLM (Butler, 2023), DISC-LawLLM (Yue
et al., 2023), Law-LLM (Cheng et al.,
2024b), Law-Chat (Cheng et al., 2024b),
and Lawma (Dominguez-Olmedo et al., 2024),
Domaino1s-legal (Chu et al., 2025).

Biomedicine Domain LLMs: BioMistral-
7B (Labrak et al., 2024b), medicine-LLM-
13B (Cheng et al., 2024b), II-Medical-8B (Bonzi
et al., 2025), PMC-LLAMA-7B (Wu et al., 2024).

Datasets. For financial domain tasks, we select
the Fino1 dataset (Qian et al., 2025) as the training
set, and FinQA (Chen et al., 2021) as well as
the stock prediction dataset provided by Koa et al.
(Koa et al., 2024) as the test sets.

For legal domain tasks, we adopt the two
datasets LegalBench (Guha et al., 2024) and Case-
HOLD (Zheng et al., 2021) as the combined train-
ing set, and use LegalBench as the test set.

For biomedicine domain tasks, we select
MedQA (Jin et al., 2021) as the training set, and
PubMedQA (Jin et al., 2019) as well as the profes-
sional medicine task of MMLU (Hendrycks et al.,
2021) as the test sets.

Model MMLU PubMedQA

BioMistral-7B 49.33 53.40
Medicine-LLM-13B 37.50 58.40
II-Medical-8B 79.26 78.00
PMC-LLAMA-7B 56.98 76.40

DeepSeek-R1-Llama-8B 64.48 64.20
GPT-OSS-20B 79.54 79.80
HIPO-8B 78.47 79.92
MiMo-7B-RL 74.12 78.93
Qwen2.5-Instruct-7B 75.36 62.40
Llama3-Instruct-8B 71.32 69.80

RADO-biomedicine 80.54 80.39

Table 2: Model accuracy (%) on MMLU (Hendrycks
et al., 2021) and PubMedQA (Jin et al., 2019).

For more specific details about the datasets,
please refer to the Appendix G.

Implementation Details. In this work, our
RADO is developed based on Qwen-2.5-Instruct-
7B (Qwen-Team, 2024). More implementation de-
tails can be found in Appendix A.

4.2 Prediction Accuracy

To answer RQ1, we compare the performance of
RADO with other baseline methods. Tables 1, 2,
and 3 report the numerical results of RADO in
the legal, medical, and financial domains, respec-
tively. For all models included in these tables, we
use DeepSeek-v3.2 (DeepSeek-AI, 2025) to extract
and analyze the answers. This is because reason-
ing models such as DeepSeek-R1-Llama-8B (Guo
et al., 2025) often include a large amount of fine-
grained reasoning steps in their responses, and do
not always output answers in a standard format.
Moreover, for datasets in the financial domain, the
final answers may involve various forms of numer-
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Model Stock Prediction FinQA

Finance-Llama3-8B 48.61 47.32
Fin-o1-7B 49.72 64.48
Finance-LLM-8B 50.02 51.09
Finance-Chat-8B 48.77 56.21
Domaino1s-finance-7B 49.20 72.05

DeepSeek-R1-Llama-8B 48.09 46.09
GPT-OSS-20B 51.23 76.14
HIPO-8B 50.34 74.11
MiMo-7B-RL 51.42 69.32
Qwen2.5-Instruct-7B 51.34 66.79
Llama3-Instruct-8B 47.58 42.01

RADO-finance 52.58 81.52

Table 3: Model accuracy on stock prediction (Koa et al.,
2024) and FinQA (Chen et al., 2021).

ical results (decimals, fractions, etc.), and com-
paring and analyzing these results goes beyond a
reasonable workload for us. Therefore, we rely on
DeepSeek-v3.2 to perform this task on our behalf.
This is similar to DocMath (Zhao et al., 2024a).

The experimental results across legal, biomed-
ical, and financial domains are presented in Ta-
bles 1, 2, and 3. RADO (7B) consistently achieves
SOTA performance, outperforming both domain-
specific models (e.g., Lawma, BioMistral) and gen-
eral reasoning baselines. Notably, despite hav-
ing significantly fewer parameters, RADO sur-
passes GPT-OSS-20B across all aggregated met-
rics. As observed, RADO performs slightly better
than GPT-OSS-20B on the majority of tasks, with
marginal gains in biomedical benchmarks (∼0.6-
1.0%) and stock prediction (+1.35%). For bench-
marks like FinQA and LegalBench, RADO demon-
strates more substantial improvements (+5.38%
and +11.09% respectively).

The Audit Model proposed in this work could
undoubtedly serve as an evaluation tool like
DeepSeek-v3.2: analyzing the reasoning process
of the models and producing possible scores.
However, considering that 1) in the LLM-as-
a-judge paradigm, models of the same family
(Qwen2.5 (Qwen-Team, 2024), Qwen3 (Yang et al.,
2025), etc.) tend to assign higher scores, we did
not use the audit models for scoring or answer
extraction, as this could lead to unfair scores for
our generative models (Li et al., 2025); and 2) the
Audit Models we trained are not comparable in
scale to large models like DeepSeek-v3.2, and prior
experience suggests that larger models generally
achieve better results. In fact, when using the corre-
sponding auditing model to verify the final answers,
we observed approximately a 2% performance im-

provement across all datasets in every domain. This
also suggests that, when reasoning models gener-
ate thousands of tokens, selecting an appropriate
evaluation model becomes a crucial issue.

The reasoning chain length and inference time
of RADO and baselines can be seen Appendix H.

4.3 Reasoning Path Evaluation

To answer RQ2, we evaluate the quality of the
reasoning trajectories generated by the models dis-
cussed in this work. In high-stakes domains, while
the accuracy of the final output is paramount, the
rigor of the underlying reasoning process is equally
critical (Qian et al., 2025; Bonzi et al., 2025; Chu
et al., 2025). To quantitatively assess this pro-
cess, we employ the PROOF-Score (Chu et al.,
2025), a metric specifically designed for the multi-
dimensional evaluation of reasoning quality.

PROOF-Score uses DeepSeek-v3.2 (DeepSeek-
AI, 2025), Gemini-3-flash (Team and Google,
2025), GPT-5.1 (OpenAI, 2025) and the same
prompt in (Chu et al., 2025) to generate a score
from 1 to 7 for response, considering 3 aspects:

• Reasoning Completeness (RC): Evaluates the
completeness and logical coherence. • Domain
Safety (DS): Measures the safety and appropriate-
ness in specific domains. • Factual Accuracy (FA):
Evaluates the factual accuracy of statements.

Then PROOF-Score is calculated by:

PROOF-Score =
RC +DS + FA

3
. (6)

Model Gemini 3 Flash GPT 5.1 DeepSeek-v3.2 Audit Model†

Legal Domain (Audit Model†: RADO-Audit-Legal†)
DeepSeek-R1-Llama-8B 6.11 6.12 6.27 5.97
GPT-OSS-20B 6.38 6.42 6.52 6.22
HIPO-8B 6.22 6.18 6.37 6.07
MiMo-7B-RL 6.19 6.30 6.43 6.08
Domaino1s-legal 6.34 6.32 6.49 6.26
RADO-legal 6.40 6.37 6.61 6.42

Financial Domain (Audit Model†: RADO-Audit-Finance†)
DeepSeek-R1-Llama-8B 6.08 5.95 6.04 5.79
GPT-OSS-20B 6.32 6.35 6.42 6.18
HIPO-8B 6.15 6.11 6.24 5.92
MiMo-7B-RL 6.31 6.24 6.39 6.02
Domaino1s-finance 6.27 6.29 6.32 6.11

RADO-finance 6.31 6.47 6.49 6.35

Biomedicine Domain (Audit Model†: RADO-Audit-biomedecine†)
DeepSeek-R1-Llama-8B 6.42 6.32 6.48 6.16
GPT-OSS-20B 6.50 6.64 6.55 6.43
HIPO-8B 6.53 6.49 6.69 6.37
MiMo-7B-RL 6.50 6.62 6.75 6.38
II-Medical-8B 6.66 6.64 6.71 6.57

RADO-biomedicine 6.72 6.69 6.84 6.82

Table 4: Comparative evaluation of reasoning quality
via PROOF-Score across different evaluators.

Table 4 presents the PROOF-Score results for
the reasoning paths generated by various reason-
ing models. For domains involving multiple test
sets, we report the average scores across these
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datasets. Specifically, Audit-Legal (and its coun-
terparts in other domains) refers to the specialized
Audit Model co-trained during the RADO optimiza-
tion process. We linearly map the average scores
of the Audit Model from the range [0,1] to [1,7].

Analysis of the PROOF-Score results in Table 4
yields the following key insights: 1) Audit mod-
els consistently assign lower scores than frontier
LLMs like Gemini 3 or GPT 5.1. This suggests that
while general judges focus on linguistic fluency, au-
dit models penalizing subtle logical leaps that gen-
eral LLMs often overlook. 2) RADO achieves the
highest PROOF-Scores across all domains. This
indicates that our audit-driven optimization signifi-
cantly enhances the structural integrity and logical
transparency of reasoning paths. 3) In fact, all
reasoning LLMs achieve relatively high PROOF-
Scores across the evaluated datasets. This sug-
gests that these models generally maintain a high
level of logical consistency on the tasks at hand,
frequently arriving at correct conclusions through
valid intermediate derivations. For the LLM-as-a-
Judge paradigm, judge models tend to assign higher
scores to longer responses. However, outputs gener-
ated by reasoning LLMs are generally lengthy. (Li
et al., 2025; Chu et al., 2025).To better verify the
quality of the reasoning paths generated by RADO,
we conducted a human expert evaluation, which
can be found in Appendix I.

4.4 Ablation Study

To answer RQ3, We further investigate the contribu-
tions of individual components within the RADO
framework.

Dataset Model Variant Score

LegalBench RADO-legal 81.11
RADO-legal w/o 77.20
Qwen2.5-Instruct-7B 73.86

MMLU RADO-biomedicine 80.54
RADO-bio w/o tool 74.81
Qwen2.5-Instruct-7B 75.36

Table 5: Part of ablation results. "w/o tool" indicates
the variant without external tool access during auditing.

Is tool-augmented auditing essential for the au-
ditor model? In RADO, the Audit Model is per-
mitted to invoke external tools for verification. To
evaluate this component, we prohibit tool calls dur-
ing the training of the Audit Model while keeping
all other configurations constant. Table 5 presents

part of the final comparative results. A complete
table is provided in the Appendix J.1.

Without tool invocation, RADO is susceptible
to reward hacking, which may lead to perfor-
mance degradation relative to the base model (on
the MMLU datasets, compared with the original
Qwen2.5-Instruct model).

Is the presence of an independent auditor model
indispensable? In this section, we compare the
following setups: 1) SFT on the original dataset. 2)
SFT on the negative samples. 3) SFT on original
dataset + negative samples. 4) DPO on original
dataset + negative samples. 5) GRPO on the origi-
nal dataset. 6) GRPO on the negative samples. 7)
GRPO on original dataset + negative samples. No
additional audit models are used in any of these
setups. The negative samples are consistent with
those presented in Section 3.2.

Table 6 presents part of the final results. "-pos"
denotes the use of the original dataset, while "-neg"
denotes the use of negative samples. A complete
table is provided in the Appendix 11. For reasoning

Dataset Model Variant Score

LegalBench RADO-legal 81.11
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 77.28
Qwen2.5-Instruct-7B-Neg-GRPO 74.59
Qwen2.5-Instruct-7B-Pos-GRPO 77.33
Qwen2.5-Instruct-7B-Pos-Neg-DPO 74.67
Qwen2.5-Instruct-7B-Pos-Neg-SFT 75.53
Qwen2.5-Instruct-7B-Neg-SFT 73.92
Qwen2.5-Instruct-7B-Pos-SFT 75.21
Qwen2.5-Instruct-7B 73.86

Table 6: Ablation study for audit model.

LLMs, constructing high-quality positive samples
that meet the requirements is really challenging,
whereas generating negative samples with local-
ized errors is relatively straightforward. However,
as shown in the Table 6, directly utilizing negative
samples fails to yield a satisfactory improvement
in model performance. In contrast, leveraging neg-
ative samples to enhance the discriminative ability
of the Audit Model can improve the quality of the
Reward Model, which in turn ultimately boosts the
performance of the Policy Model.

More ablation experiments are provided in the
Appendix J.

5 Conclusion

This paper introduces RADO, a framework that
enhances reasoning rigor in high-stakes domains
through explicit auditing. By leveraging the logi-
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cal asymmetry between generation and verification,
we develop a tool-augmented Audit Model that pro-
vides grounded supervision and mitigates reward
hacking. Our experiments across financial, legal,
and biomedicine tasks confirm that RADO consis-
tently improves both final answer accuracy and the
logical integrity of reasoning paths. This method is
also applicable to high-stakes areas such as social
governance.

Limitations

Despite its effectiveness, our work has several lim-
itations. First, the computational overhead is in-
creased during the training phase due to the it-
erative optimization of the Audit Model and the
requirement for human-in-the-loop verification.
While this process yields a more robust reward
model, it requires more resources than standard
single-stage RLHF. Second, the performance of the
Audit Model is partially dependent on the quality
of external tools; inaccuracies in web search results
or numerical tool execution could propagate errors
back to the reward signals. Finally, although we
evaluate RADO in finance, law, and medicine, its
generalization to more reasoning tasks (e.g., cre-
ative writing or open-ended debate) remains to be
explored.

6 Ethical Considerations

Fairness and Accessibility. Our framework is
built entirely upon open-source foundations to en-
sure broad accessibility and transparency. The
Policy Models are initialized from public weights
(Qwen-2.5-Instruct-7B (Qwen-Team, 2024)), and
all training data is sourced from established
open-source benchmarks (FinQA (Chen et al.,
2021), LegalBench (Guha et al., 2023), and Pub-
MedQA (Jin et al., 2019)). To ensure fairness, we
implement a rigorous Human-in-the-loop (HITL)
verification process during the iterative update
stages. Human experts explicitly review and
correct potential biases—such as linguistic over-
reliance or stereotypical reasoning patterns—that
might be inherited from the teacher model or sam-
pling noise. This proactive manual intervention
ensures that the co-evolution of the reward and
audit models is grounded in neutral and objective
logic rather than biased data distributions.

Risk Mitigation in High-Stakes Reasoning.
Reasoning in financial, legal, and medical domains
involves high-stakes decision-making where errors

can lead to severe real-world consequences. RADO
mitigates these risks by employing an audit model.
The Audit Model is specifically trained to identify
local logical rupture through tool-augmented ver-
ification and reasoning. Crucially, we prioritize
the detection and elimination of high-risk or haz-
ardous reasoning paths—such as those suggesting
illegal financial maneuvers, unethical legal advice,
or dangerous medical self-treatment mannually.

Data Integrity and Bias. To maintain the in-
tegrity, we do not solely rely on automated scoring
from general-purpose models. We acknowledge
that even powerful models like DeepSeek-v3.2
(DeepSeek-AI, 2025) can exhibit systematic biases.
Therefore, we perform cross-verification between
the audit model’s feedback and human expert anno-
tations. This iterative reward-audit-correct-update
loop is designed to break the self-reinforcing bias
cycle common in self-training frameworks. By fil-
tering for sample balance across different score
combinations (sreason and sanswer), we ensure the
models are trained on a diverse and representative
set of reasoning trajectories.

Computational Efficiency and Environmental
Impact. We acknowledge that RADO introduces
additional computational overhead compared to
standard Reinforcement Learning (RL) by main-
taining and training an auxiliary audit model. How-
ever, this cost is strategically managed. First, the
use of GRPO avoids the heavy memory require-
ments of a separate value function (critic) model
during policy training. Second, while the iterative
optimization of the AM and RM adds training cy-
cles, the computational resources required for these
stages are negligible when compared to the massive
scale of initial pre-training or even large-scale SFT
on general datasets. The Audit Model serves as a
high-efficiency precision instrument that operates
on a relatively small, high-quality dataset (e.g., 2k–
4k samples), ensuring that the incremental carbon
footprint is minimal relative to the substantial gains
in model reliability and safety.
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reported in this paper represent the mean value
across 3 independent runs.

The computational environment consists of a 1.5
TB memory system running Ubuntu 18.04.6, with
Python 3.10.18, PyTorch 2.6.0, CUDA 12.3, and
Transformers 4.53.3.

For Supervised Fine-Tuning (SFT), the learning
rate is set to 1.0e-5 over 7 epochs. We use a batch
size of 2 per device with a gradient accumulation
of 1, and the maximum sequence length is capped
at 4096 tokens.

For Direct Preference Optimization (DPO), the
learning rate is 5.0e-6 with a training duration of
7 epochs. The batch size per device and gradient
accumulation are set to 2 and 1, respectively. The
maximum sequence length is 4096, the warmup
ratio is 0.1, and the coefficient β is set to 0.1.

For Group Relative Policy Optimization
(GRPO), we employ a learning rate of 2e-5 for
3 epochs. The global batch size is 4, and both
temperature and top-p sampling are set to 1.0. The
coefficient β is 0.1, and the number of generations
per prompt is set to 4.

Across all training stages, we use the Adam opti-
mizer with parameters β1 = 0.9, β2 = 0.999, and
ϵ = 1e− 8.

For implementation, we leverage the LLaMA-
Factory framework (Zheng et al., 2024) to conduct
Supervised Fine-Tuning (SFT) and Direct Prefer-
ence Optimization (DPO). The subsequent Group
Relative Policy Optimization (GRPO) stage is im-
plemented using the MS-Swift library (Zhao et al.,
2024b).

B Parameter Setting Details

Model Initialization. The temperature for Policy
Model sampling is set to 0.5, the p-value for top-p
sampling is set to 1.0, and the number of samples
per question is 4.

Iterative Optimization. The temperature for
Policy Model sampling is set to 0.7, the p-value
for top-p sampling is set to 1.0, and the number
of samples per question is 1. The temperature for
Reward Model sampling is set to 0.5, the p-value
for top-p sampling is set to 1.0, and the number of
samples per question is 8.

C Prompt Templates

Prompt template for calling the Policy Model to
sample answers:

{question}

Given the above question, please provide
your answer in the following format. First
output your thinking process within
<think></think> tags, then output your
final answer within <answer></answer>
tags.

For example: <think>Let me
first...</think><answer>Yes</answer>

Please return the output directly in this
format without any content outside the
format.

Prompt template for calling DeepSeek-v3.2 to
generate SFT data for the reward model:

You are an expert. I will give you a
question, the correct answer, and a
model’s response. Please evaluate whether
the model’s response is correct and output
scores.

Question:
{question}

Correct Answer:
{reference_response}

Model’s Response:
{response}

In the model’s response, the content
inside "<think></think>" is the reasoning
process, and the content inside
"<answer></answer>" is the final answer.
You should score them separately. Output
[think_score, answer_score]. Both
think_score and answer_score can only be 0
or 1. 1 means correct, 0 means there is an
error.

You should output the scores first, then
provide the analysis.
Follow the format below, for example:[1,0]
The model’s reasoning process mentions...

Prompt template for calling the audit model to
sample answers:

4671



You are an expert. Below, I will provide
you with an expert model’s evaluation of a
piece of generated content. In this
evaluation, the two elements in the array
represent think_score and answer_score
respectively, which indicate the score for
the thinking process and the score for the
final answer. Both are binary (either 0 or
1), where 1 represents correct and 0
represents an error. Please assess whether
the expert model’s evaluation is objective
and error-free.

Expert’s evaluation:
{output}

If you think it’s necessary, you can
search the web. Write the query to search
between <search></search>, and then I will
write a summary of the retrieved results
between <doc></doc>. Then you can proceed
with reasoning. If you think it’s
necessary, you can call Python for
numerical calculations. You have 6 basic
arithmetic functions: add(a, b),
subtract(a, b), multiply(a, b), divide(a,
b), correlation(x, y),
linear_regression(x, y). Write the
function and values to calculate between
<function></function>, and then I will
write the calculation result between
<result></result>. Then you can proceed
with reasoning. You should first provide
your analysis process, then give a score
of 0 or 1, enclosed between
<answer></answer>. 1 means you believe the
expert’s evaluation is objective and
correct, 0 means you believe the expert’s
evaluation contains errors.

Maintain the following format, for example:
In the expert’s evaluation...<search>US
Constitution</search><doc>Article I of the
Constitution...</doc>Next, let’s...
<function>multiply(2,
3)</function><result>6.0</result> Finally,
let’s...<answer>1</answer>

Tools callable by the audit model:

1) Numerical computation tools:

def add(a, b):
return float(a + b)

def subtract(a, b):
return float(a - b)

def multiply(a, b):
return float(a * b)

def divide(a, b):
if b == 0:

raise ValueError
return float(a / b)

def correlation(x, y):
if len(x) != len(y):

raise ValueError
n = len(x)
if n == 0:

raise ValueError

mean_x = sum(x) / n
mean_y = sum(y) / n

num = sum((x[i] - mean_x) *
(y[i] - mean_y) for i in
range(n))

den_x = sum((x[i] - mean_x) **
2 for i in range(n))

den_y = sum((y[i] - mean_y) **
2 for i in range(n))

denom = (den_x * den_y) ** 0.5
if denom == 0:

raise ValueError

return float(num / denom)

def linear_regression(x, y):
if len(x) != len(y):

raise ValueError
n = len(x)
if n == 0:

raise ValueError

mean_x = sum(x) / n
mean_y = sum(y) / n

num = sum((x[i] - mean_x) *
(y[i] - mean_y) for i in
range(n))

den = sum((x[i] - mean_x) ** 2
for i in range(n))

if den == 0:
raise ValueError

slope = num / den
intercept = mean_y - slope *

mean_x

return float(slope),
float(intercept)

2) Search tools: The input is a text query. Duck-
DuckGo search is used to retrieve the top 5 results,
retaining the document title and document sum-
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mary text as returned content.

D Details of Score Combinations Ratios

Regarding the score combinations discussed in Sec-
tion 3.1, there are four different categories: [0, 0],
[0, 1], [1, 0], and [1, 1]. We maintain a balanced dis-
tribution, with each category accounting for exactly
25% of the total samples.

E Robustness to Teacher Model and
Reproducibility

To address concerns regarding the reliance on
DeepSeek-v3.2 for RM/AM initialization inspired
by the domain shift challenge highlighted in Do-
mainSum(Yuan and Zhang, 2025a), we further eval-
uated the robustness of RADO by employing a
weaker teacher model and significantly reduced
training data.

In this experiment, we replaced DeepSeek-
v3.2 with Qwen3-30B-A3B-Thinking (Yang et al.,
2025) as the teacher for generating rationales and
scores. Furthermore, to test the model’s efficiency
under data-constrained scenarios, we significantly
reduced the training set to only 1,000 samples,
while keeping all other experimental hyperparame-
ters identical to the main experiments.

We evaluated this variant (RADO-Qwen) on
two domain-specific benchmarks: LegalBench and
MMLU-medicine. The results are summarized in
Table 7.

Model Score
LegalBench
Qwen-2.5 7B 73.86
RADO-legal 7B 81.11
RADO-legal-Qwen 7B 79.75
MMLU-medicine
Qwen-2.5 7B (Base) 75.36
RADO-biomedicine 7B 80.54
RADO-biomedicine-Qwen 7B 78.92

Table 7: Ablation results using a weaker teacher
model (Qwen3-30B-A3B-Thinking) with reduced train-
ing data.

As shown in the results, even when initialized by
a weaker teacher and trained on a minimal dataset,
RADO continues to yield substantial performance
gains over the base model. This demonstrates that
the core mechanisms of RADO are robust to the
choice of the teacher model and can achieve com-
petitive results even in resource-limited settings.

F Human Verification Details

In this section, we provide details of the manual
verification for the Audit Model, Policy Model,
and Reward Model. Among all validated samples,
approximately 20% of the samples undergo man-
ual correction to ensure data quality. To prevent
error propagation into reward signals, we imple-
mented a rigorous verification and Human-in-the-
Loop (HITL) pipeline:

Since function definitions are deterministic, the
risk is limited to parsing. In our training set, 92.5%
of numerical tasks successfully invoked the tool.
For the 5.8% of samples with parsing errors, we per-
formed manual rewriting to ensure 100% grounded
reward signals. Only 6.3% of samples required
web search. Only 2.8% of documents conflicted
with ground truth and were corrected manually.
For 19.2% of unhelpful retrievals, we annotated
these samples to train the model to ignore irrele-
vant noise. For the fully trained Audit Model (AM),
the function invocation rate for numerical problems
reached 99.6%, with a formatting error rate of only
1.3%. Even in cases of formatting errors, incorrect
results are not returned to the AM; instead, the sys-
tem simply ignores the function call and continues
the reasoning process. Regarding the trained AM,
the web search rate was 10.2% with zero formatting
errors. A manual audit of 500 sampled trajectories
showed that search-induced errors occurred in only
0.8% of the cases, demonstrating the high relia-
bility of the retrieved information. Furthermore,
considering the heavy workload of manual label-
ing, the first three authors of this paper have made
important and equally indispensable contributions.

F.1 Policy Model (PM) Output Refinement

Reasoning Process Correction: For samples
where the reasoning process is incorrect but the
final answer is correct, we rectify the derivation in
the following aspects:

• Language Inconsistency: Correct non-
English languages appearing in the reasoning
process.

• Garbled Text: Remove artifacts and ensure
contextual coherence.

• Insufficient Reasoning: Rewrite insuffi-
cient derivations, including blank reasoning,
answer-only outputs, or paths with fewer than
100 characters.
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• Logical Fallacies: Fix errors including logical
ruptures, contradictions between the deriva-
tion and the final answer or ground truth, nu-
merical inaccuracies, factual errors, and high-
stakes or unethical content.

Final Answer Correction: For samples with in-
correct final answers, we first trace the errors back
to the reasoning process before revising the final
answer.

F.2 Reward Model (RM) Output Refinement

Score Calibration: For samples with erroneous
scoring, we simultaneously modify the reward
scores and their corresponding justifications:

• sanswer: Check the PM’s final answer to en-
sure the score is factually grounded (1 for
correct, 0 for incorrect). We specifically cor-
rect RM biases, such as: (1) Over-tolerance,
e.g., treating 14.0 as consistent with 14.3; (2)
Over-derivation, where the RM attempts to
rationalize an incorrect path to support the
ground truth.

• sreason: Ensure the reasoning scores are factu-
ally accurate. We rectify biases where the RM
awards 1 point to: (1) Multilingual reason-
ing (non-English content), which may degrade
RL sampling; (2) Garbled text or meaningless
characters.

Explanation Refinement: Rewrite the justifica-
tions for calibrated scores to maintain consistency,
addressing language inconsistency, garbled text,
insufficient reasoning, and logical errors.

F.3 Audit Model (AM) Output Refinement

Thought Process Rectification: Correct incon-
sistencies in language, garbled text, insufficient
reasoning, and logical fallacies within the internal
thoughts.
Tool-Call Verification: Validate that tool interac-
tions follow the predefined format: search queries
within <search> tags, retrieved results within
<doc>, function calls within <function> (ensur-
ing no nesting and adherence to input schemas),
and results within <result>.
Conclusion Calibration: Analyze whether the
RM’s output is correct and compare it with the
AM’s response to ensure the AM’s final conclusion
is accurate.

G Dataset Details

Fino1 dataset is provided by TheFinAI team (Qian
et al., 2025). This dataset contains 8,281 finan-
cial QA pairs constructed by 11 finance profes-
sionals from the earnings reports of S&P 500 com-
panies. The Fino1 dataset enhances the original
FinQA (Chen et al., 2021) by adding GPT-4o-
generated reasoning paths to each question-answer
pair. These reasoning paths provide step-by-step
explanations of how to arrive at the correct answer
from the given financial context, making it partic-
ularly suitable for training and evaluating models
on structured financial question answering tasks.
The task is designed to evaluate a model’s ability
to perform numerical reasoning over financial data,
requiring the integration of structured tables and
unstructured textual context from financial reports
while handling complex domain-specific terminol-
ogy. Models are expected to generate both the
correct answer and a clear reasoning path demon-
strating their analytical process.

The stock investment recommendation dataset
(Koa et al., 2024) contains price data and tweet
information for the top 5 stocks from 11 industries
during 2020-2022, comprising 7,866 test question
entries. The task is constructed to predict whether a
stock will rise or fall on the next trading day based
on facts contained in tweets from the previous 5
days. Any neutral answers are considered incorrect.

LegalBench (Guha et al., 2023): a dataset com-
posed of numerous legal QA datasets and bench-
marks. LegalBench includes 5 categories of le-
gal tasks. We select three reasoning-related cate-
gories: Rule-application/Rule-conclusion, Interpre-
tation, and Rhetorical-understanding, encompass-
ing 9 datasets with a total of 35,053 test questions.
Question types include true/false and multiple-
choice questions.

CaseHold (Zheng et al., 2021): a legal dataset
consisting of over 53,000 multiple-choice ques-
tions, designed to identify the relevant holdings of
cited cases. This dataset presents a fundamental
task for lawyers and is legally meaningful and chal-
lenging from an NLP perspective (with an F1 score
of 0.4 for the BiLSTM baseline). The citation con-
text within judicial decisions serves as the prompt
for each question. The answer options are hold-
ing statements derived from the cited texts in legal
decisions. Each cited text is accompanied by five
answer choices: the correct answer is the holding
statement corresponding to the cited text, while the
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four incorrect options are holding statements from
other cases.

MedQA (Jin et al., 2021): MedQA is a medical
question-answering dataset presented in a multiple-
choice format. Its questions are sourced from the
medical licensing examinations. These examina-
tions are designed to assess physicians’ profes-
sional knowledge and clinical decision-making ca-
pabilities. Covering a wide range of topics, the
questions typically require a deep understanding
of relevant medical concepts. The dataset contains
a total of 61,097 questions, including 12,723 in
English, 34,251 in Simplified Chinese, and 14,123
in Traditional Chinese.

PubMedQA (Jin et al., 2019): PubMedQA is
a biomedicine question-answering (QA) dataset
compiled from PubMed abstracts. The task of Pub-
MedQA is to answer research questions using cor-
responding abstracts, with the answers formatted
as yes/no/maybe. The dataset consists of 1,000
expert-annotated QA instances, 61,200 unanno-
tated instances, and 211,300 artificially generated
QA instances. Each PubMedQA instance includes
four components: (1) a question, which may be
the title of an existing research article or derived
from it; (2) a context, namely the corresponding
abstract excluding the conclusion section; (3) a
long answer, which refers to the conclusion sec-
tion of the abstract and is assumed to address the
research question; (4) a yes/no/maybe answer that
summarizes the conclusion.

MMLU (Hendrycks et al., 2021): The MMLU
dataset comprises 57 tasks, covering elementary
mathematics, American history, computer science,
law, and other disciplines. Each task consists of a
set of multiple-choice questions, with every ques-
tion provided with four options and one correct
answer. The MMLU-Professional Medicine task
consists of 272 multiple-choice questions, all of
which are four-option objective questions designed
to evaluate a model’s grasp of the core knowledge
required for medical professionals.

H Answer Length & Inference time

Table 8 presents a comparative analysis of infer-
ence time and the average length of reasoning
chains across various models in the legal domain.
Our observations are as follows:

The Trade-off between Latency and Accuracy.
Reasoning-centric models, including GPT-OSS,
HIPO, MiMo-RL, and the DeepSeek-R1 series,

Model time(s) Length

DeepSeek-R1-Llama-8B 7.21 313.1
GPT-OSS-20B 5.34 196.2
HIPO-8B 6.82 249.3
MiMo-RL-7B 7.31 283.6
Qwen-2.5-Instruct-7B 0.51 1.4
Llama-3-Instruct-8B 0.42 1.5

Open-Australian-1.5B 7.24 267.4
DISC-LawLLM-13B 1.92 11.3
Law-LLM-7B 3.97 94.3
Law-Chat-7B 0.47 1.1
Lawma-8B 0.64 1.1
Domaino1s-legal-7B 9.21 346.1

RADO-legal-7B 7.02 273.2

Table 8: Inference time and reasoning chain length on
legal domain tasks.

exhibit a distinct behavior of generating exten-
sive internal rationale before arriving at a final
answer. While traditional instruction-tuned mod-
els like Qwen-2.5-Instruct and Llama-3-Instruct
produce concise responses (≈ 1.5 tokens) in less
than 0.6s, reasoning models generate trajectories
spanning 190 to 320 tokens, resulting in latencies
ranging from 5.3s to 7.3s. The detailed reasoning
paths not only safeguard high accuracy but also
serve as indispensable audit path that assist legal
experts in verifying the model’s underlying logic,
thereby mitigating the risk of deceptive alignment
where a model might reach a correct conclusion
through flawed premises.

Competitive Efficiency of RADO. A closer
inspection of specialized models reveals that
Domaino1s-legal incurs the highest computational
cost (9.21s per query), primarily due to its re-
liance on real-time Tree-Search exploration which
involves evaluating multiple reasoning branches.
In contrast, RADO-legal achieves a superior bal-
ance between rigor and efficiency. With an infer-
ence time of 7.02s and a reasoning length of 273.2
tokens, RADO maintains a computational profile
comparable to general-purpose reasoning models
(e.g., DeepSeek-R1-Llama-8B at 7.21s).

I Human Evaluation Methodology and
Details

To further validate the logical precision of the rea-
soning trajectories, we conduct a human study on
the FinQA dataset. We randomly sample 20 ques-
tions and collect 160 reasoning paths generated by
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8 different models. Each path contains an average
of 250 tokens, ensuring sufficient depth for logical
auditing.

Expert Background and Scoring. We invite
three Ph.D.-level experts with financial back-
grounds to evaluate the trajectories. The scoring
criteria remain consistent with the 1–7 scale used
in the PROOF-Score metric, focusing on reasoning
completeness, domain safety, and factual accuracy.

Results and Consistency Analysis. The mean
scores provided by the three experts are 6.50, 6.30,
and 6.40, respectively, resulting in a collective
human average of 6.40. To measure the reliabil-
ity of these assessments, we calculate the Fleiss’
Kappa coefficient, which reaches 0.68. Given the
wide 1–7 scoring range and the complexity of the
task, a Kappa of 0.68 represents substantial agree-
ment among experts, confirming the stability of our
human-annotated standard.

Human-Model Alignment. As illustrated in Ta-
ble 9, the variation between human experts and
automated judge models is remarkably low. The ab-
solute deviation (|∆|) across all evaluators does not
exceed 0.09. This confirms that RADO produces
reasoning paths that satisfy expert-level standards
and that our audit framework serves as a reliable
proxy for professional human judgment.

Evaluator RADO Score Human Mean Variation (∆)

Human Experts (Avg.) 6.40 - -

Gemini 3 Flash 6.31 6.40 -0.09
GPT-5.1 6.47 6.40 +0.07
DeepSeek-v3.2 6.49 6.40 +0.09
Audit-Finance 6.35 6.40 -0.05

Table 9: Expert-Model Alignment: Comparison be-
tween human expert mean scores and automated
PROOF-Scores for RADO-finance.

J Ablation Study

J.1 External Tools
Table 10 presents the ablation results of the RADO
algorithm across 5 datasets in legal, biomedicine,
and finance domains, where we compare the full
RADO model, its tool-free variant (w/o tool), and
the baseline Qwen2.5-Instruct-7B. Consistent per-
formance advantages of the full RADO model are
observed across all tasks: it achieves the highest
score in every dataset, with the most significant im-
provement of 19.58 points on PubMedQA (80.39
vs. 60.81 of the tool-free variant). In the legal

domain, RADO-legal outperforms the tool-free
variant by 3.91 points (81.11 vs. 77.20) and the
baseline by 7.25 points, validating the effective-
ness of external tools in legal text auditing. For
the biomedical domain, RADO-biomedicine sur-
passes the baseline by 5.18 points on MMLU pro
medicine tasks (Hendrycks et al., 2021) and out-
performs the tool-free variant by a large margin
on PubMedQA (Jin et al., 2019), which highlights
the critical role of external tools in processing pro-
fessional biomedical data. In the finance domain,
RADO-finance achieves marginal gains on Stock
Prediction (52.58 vs. 50.31 of the tool-free variant)
and substantial improvements on FinQA (81.52
vs. 74.39 of the tool-free variant and 66.79 of the
baseline).

Dataset Model Variant Score

LegalBench RADO-legal 81.11
RADO-legal w/o 77.20
Qwen2.5-Instruct-7B 73.86

MMLU RADO-biomedicine 80.54
RADO-bio w/o tool 74.81
Qwen2.5-Instruct-7B 75.36

PubMedQA RADO-biomedicine 80.39
RADO-biomedicine w/o tool 60.81
Qwen2.5-Instruct-7B 62.40

Stock Pred. RADO-finance 52.58
RADO-fin w/o tool 50.31
Qwen2.5-Instruct-7B 51.34

FinQA RADO-finance 81.52
RADO-fin w/o tool 74.39
Qwen2.5-Instruct-7B 66.79

Table 10: Ablation results. "w/o tool" indicates the
variant without external tool access during auditing.

J.2 Audit Model

Table 11 presents the performance comparison be-
tween RADO domain-specific variants and eight
Qwen2.5-Instruct-7B variants (differing in data
composition: Pos for original data, Neg for neg-
ative samples; and training paradigms: SFT,
DPO, GRPO) across five datasets covering legal,
biomedicine, and finance domains. Consistent with
our hypotheses, RADO models achieve the highest
scores in all tasks, demonstrating the superiority of
its external tool-integrated audit framework over
fine-tuned baseline models.

In the legal domain (LegalBench), RADO-
legal attains a score of 81.11, outperforming the
best Qwen2.5 variant (Qwen2.5-Instruct-7B-Pos-
GRPO, 77.33) by 3.78 points. For the biomedicine
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domain, RADO-biomedicine reaches 80.54 on
MMLU and 80.39 on PubMedQA, surpassing the
top-performing Qwen2.5 variants in these two
datasets (75.21 and 73.86, respectively) by more
than 5 points.

Dataset Model Variant Score

LegalBench RADO-legal 81.11
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 77.28
Qwen2.5-Instruct-7B-Neg-GRPO 74.59
Qwen2.5-Instruct-7B-Pos-GRPO 77.33
Qwen2.5-Instruct-7B-Pos-Neg-DPO 74.67
Qwen2.5-Instruct-7B-Pos-Neg-SFT 75.53
Qwen2.5-Instruct-7B-Neg-SFT 73.92
Qwen2.5-Instruct-7B-Pos-SFT 75.21
Qwen2.5-Instruct-7B 73.86

MMLU RADO-biomedicine 80.54
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 75.21
Qwen2.5-Instruct-7B-Neg-GRPO 68.86
Qwen2.5-Instruct-7B-Pos-GRPO 74.47
Qwen2.5-Instruct-7B-Pos-Neg-DPO 74.43
Qwen2.5-Instruct-7B-Pos-Neg-SFT 72.90
Qwen2.5-Instruct-7B-Neg-SFT 64.76
Qwen2.5-Instruct-7B-Pos-SFT 71.39
Qwen2.5-Instruct-7B 62.40

PubMedQA RADO-biomedicine 80.39
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 75.81
Qwen2.5-Instruct-7B-Neg-GRPO 65.16
Qwen2.5-Instruct-7B-Pos-GRPO 71.43
Qwen2.5-Instruct-7B-Pos-Neg-DPO 72.39
Qwen2.5-Instruct-7B-Pos-Neg-SFT 73.48
Qwen2.5-Instruct-7B-Neg-SFT 64.23
Qwen2.5-Instruct-7B-Pos-SFT 70.21
Qwen2.5-Instruct-7B 62.40

Stock Pred. RADO-finance 52.58
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 51.12
Qwen2.5-Instruct-7B-Neg-GRPO 50.69
Qwen2.5-Instruct-7B-Pos-GRPO 50.32
Qwen2.5-Instruct-7B-Pos-Neg-DPO 50.83
Qwen2.5-Instruct-7B-Pos-Neg-SFT 51.46
Qwen2.5-Instruct-7B-Neg-SFT 49.37
Qwen2.5-Instruct-7B-Pos-SFT 50.23
Qwen2.5-Instruct-7B 51.34

FinQA RADO-finance 81.52
Qwen2.5-Instruct-7B-Pos-Neg-GRPO 76.62
Qwen2.5-Instruct-7B-Neg-GRPO 73.21
Qwen2.5-Instruct-7B-Pos-GRPO 75.21
Qwen2.5-Instruct-7B-Pos-Neg-DPO 76.72
Qwen2.5-Instruct-7B-Pos-Neg-SFT 75.41
Qwen2.5-Instruct-7B-Neg-SFT 68.80
Qwen2.5-Instruct-7B-Pos-SFT 73.41
Qwen2.5-Instruct-7B 66.79

Table 11: Performance metrics of the Qwen2.5-Instruct-
7B model across eight distinct training setups. Pos
denotes the use of the original dataset, Neg denotes the
use of negative samples, and SFT/DPO/GRPO denote
the training methods employed.

In the finance domain, RADO-finance achieves
52.58 on Stock Prediction and 81.52 on FinQA.
Specifically, on FinQA, it outperforms the opti-
mal Qwen2.5 variant (Qwen2.5-Instruct-7B-Pos-
Neg-DPO, 76.72) by 4.8 points; on Stock Pre-
diction, it exceeds the leading Qwen2.5 vari-
ant (Qwen2.5-Instruct-7B-Pos-Neg-SFT, 51.46)

by 1.12 points. Meanwhile, alignment-based
training methods (GRPO, DPO) outperform SFT
in most scenarios—for instance, on LegalBench,
Qwen2.5-Instruct-7B-Pos-GRPO (77.33) outper-
forms Qwen2.5-Instruct-7B-Pos-SFT (75.21), and
on FinQA, Qwen2.5-Instruct-7B-Pos-Neg-DPO
(76.72) surpasses Qwen2.5-Instruct-7B-Pos-Neg-
SFT (75.41). An exception is observed in Stock
Prediction, where the vanilla Qwen2.5-Instruct-7B
(51.34) performs comparably to most fine-tuned
variants, suggesting limited optimization space for
this task via existing training setups. Finally, the
vanilla Qwen2.5-Instruct-7B achieves the lowest
scores on LegalBench (73.86), MMLU (62.40),
PubMedQA (62.40), and FinQA (66.79), confirm-
ing that fine-tuning with task-specific data and
alignment methods is indispensable for improving
baseline performance.

J.3 Iterations of the Reward-Audit Loop
In section 3.2, the number of iterations of the
reward-audit-correct-update loop is set to 2. We
extend the loop number to 3 in this experiment.

Dataset Model Variant Score

LegalBench RADO-legal-3 81.23
RADO-legal-2 81.11
RADO-legal-1 77.28
Qwen2.5-Instruct-7B 73.86

MMLU RADO-biomedicine-3 79.91
RADO-biomedicine-2 80.54
RADO-biomedicine-1 78.21
Qwen2.5-Instruct-7B 75.36

FinQA RADO-finance-3 82.32
RADO-finance-2 81.52
RADO-finance-1 76.64
Qwen2.5-Instruct-7B 66.79

Table 12: Ablation results. RADO-legal-1 means 1 loop
for RADO-legal.

As can be easily observed from the 12, simply
increasing the number of loop iterations fails to
effectively improve model performance. Moreover,
this update requires human annotation, which in-
curs substantial resource consumption.
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K Case Study

K.1 Legal task

Example of Policy Model

(Groud Truth: Yes)

Input:
Here is a clause:
To the fullest extent permitted by law, the parties waive and relinquish any claims, demands, causes
of action or recoveries for punitive damages, exemplary damages, or statutory damages.
Here is a question about it:
Does the clause specify a cap on liability upon the breach of a party’s obligation? This includes
time limitation for the counterparty to bring claims or maximum amount for recovery.
Answer with Yes/No.
Given the above question, please provide your answer in the following format. First output your
thinking process within <think></think> tags, then output your final answer within
<answer></answer> tags. For example: <think>Let me first...</think><answer>Yes</answer>
Please return the output directly in this format without any content outside the format.

Output:
<think>I need to analyze the given clause to determine if it specifies a cap on liability, a time
limitation for bringing claims, or a maximum amount for recovery. The clause mentions waiving
and relinquishing claims for punitive, exemplary, and statutory damages. It does not mention
anything about capping liability, time limits, or maximum amounts for recovery.</think>
<answer>No</answer>
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Example of Reward Model

Input:
You are an expert. I will give you a question, the correct answer, and a model’s response. Please
evaluate whether the model’s response is correct and output scores.
Question:
Here is a clause:
To the fullest extent permitted by law, the parties waive and relinquish any claims, demands, causes
of action or recoveries for punitive damages, exemplary damages, or statutory damages.
Here is a question about it:
Does the clause specify a cap on liability upon the breach of a party’s obligation? This includes
time limitation for the counterparty to bring claims or maximum amount for recovery.
Answer with Yes/No. Given the above question, please provide your answer in the following
format. First output your thinking process within <think></think> tags, then output your final
answer within <answer></answer> tags. For example: <think>Let me
first...</think><answer>Yes</answer> Please return the output directly in this format without
any content outside the format.

Correct Answer:
Yes

Model’s Response:
<think>I need to analyze the given clause to determine if it specifies a cap on liability, a time
limitation for bringing claims, or a maximum amount for recovery. The clause mentions waiving
and relinquishing claims for punitive, exemplary, and statutory damages. It does not mention
anything about capping liability, time limits, or maximum amounts for recovery.</think>
<answer>No</answer>
In the model’s response, the content inside <think></think> is the reasoning process, and the
content inside <answer></answer> is the final answer. You should score them separately. Output
[think_score, answer_score]. Both think_score and answer_score can only be 0 or 1. 1 means
correct, 0 means there is an error. You should output the scores first, then provide the analysis.
Follow the format below, for example:[1,0] The model’s reasoning process mentions...

Output:
[0,0]
The model’s reasoning process incorrectly interprets the clause. The clause explicitly waives
claims for punitive, exemplary, and statutory damages, which effectively limits (or caps) the types
of damages that can be claimed. This constitutes a cap on liability, even though it does not specify
a numerical limit or time limitation. The correct answer should be Yes’ because the waiver of
certain damages types inherently limits liability. The model’s reasoning fails to recognize this
nuance, leading to an incorrect answer.
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Example of Audit Model

Input:
You are an expert. Below, I will provide you with an expert model’s evaluation of a piece of generated content. In this
evaluation, the two elements in the array represent think_score and answer_score respectively, which indicate the score
for the thinking process and the score for the final answer. Both are binary (either 0 or 1), where 1 represents correct and
0 represents an error.
Please assess whether the expert model’s evaluation is objective and error-free.

Expert’s evaluation:
[0,0]
The model’s reasoning process incorrectly interprets the clause. The clause explicitly waives claims for punitive,
exemplary, and statutory damages, which effectively limits (or caps) the types of damages that can be claimed. This
constitutes a cap on liability, even though it does not specify a numerical limit or time limitation. The correct answer
should be "Yes" because the waiver of certain damages types inherently limits liability. The model’s reasoning fails to
recognize this nuance, leading to an incorrect answer.

If you think it’s necessary, you can search the web. Write the query to search between <search></search>, then write
a summary of the retrieved results between <doc></doc>. Then proceed with reasoning.
If you think it’s necessary, you can call Python for numerical calculations. You have 4 basic arithmetic functions:
add(a, b), subtract(a, b), multiply(a, b), divide(a, b). Write the function and values to calculate between
<function></function>, then write the calculation result between <result></result>. Then proceed with
reasoning.
You should first provide your analysis process, then give a score of 0 or 1, enclosed between <answer></answer>. 1
means you believe the expert’s evaluation is objective and correct, 0 means you believe the expert’s evaluation contains
errors. Maintain the following format, for example: In the expert’s evaluation...<search>US
Constitution</search><doc>Article I of the Constitution...</doc>Next, let’s...<function>multiply(2,
3)</function><result>6.0</result>Finally, let’s...<answer>1</answer>

Output:
In the expert’s evaluation of the model’s reasoning and answer, the scores provided are [0,0]. This indicates that the
expert believes both the reasoning process and the final answer are incorrect. To determine whether this evaluation is
objective and error-free, let’s carefully analyze the expert’s reasoning step by step.
1. Claim: The model incorrectly interprets the clause.
a. The clause waives claims for punitive, exemplary, and statutory damages.
b. The expert argues that this waiver constitutes a cap on liability, even though it does not specify a numerical or
time-based limitation.
2. Conclusion: The correct answer should be "Yes" because waiving certain types of damages inherently limits liability.
The model’s failure to recognize this nuance leads to both an incorrect reasoning process and an incorrect final answer.
Now, to evaluate this reasoning, I will verify the legal understanding of waivers and their relationship to liability caps.
To confirm the expert’s interpretation, I need to search for relevant information.
<search>waiving damages vs capping liability</search>
<doc>
Title: Limitations of liability—Scenario One: Waivers of
Content: Waivers of consequential damages have become the industry standard, and these clauses are found in most
industry templates. Let’s pick on the AIA ...
Title: Considerations for Waiver and Release of Liability Contracts
Content: For the waiver and release of liability contract for your Texas gym to be considered conspicuous by a court,
the law requires that the agreement be ...
Title: Should punitive damages be capped?
Content: Product Liability: In 2005, punitive damages were awarded in only 1 percent of product liability cases with a
successful plaintiff.
Title: The original LOL - Limitation of Liability and its not so
Content: There are different ways to manage the risk of liability. A limitation of liability clause can seek to cap the total
amount of damages a party can ...
Title: Collision damage waiver or personal insurance: choose wisely
Content: It’s important to note that a CDW is not technically insurance, but rather a waiver of the rental company’s right
to collect damages from you in the ...
</doc>
From the retrieved documents:
1. Waivers of damages, such as consequential or punitive damages, are commonly included in industry agreements and
contracts. These waivers are considered a method to limit liability.
2. A waiver does not necessarily involve a numerical cap (e.g., a dollar amount) but can still function as a limitation by
excluding certain types of recoverable damages.
3. Limitation of liability clauses can take various forms, and waivers are one such form.
The expert’s interpretation aligns with the general understanding of liability waivers. Waiving claims for specific types
of damages (e.g., punitive, exemplary, and statutory damages) reduces the scope of liability, even if it does not specify a
numerical limit.
<answer>1</answer>
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K.2 Financial task
Example of Policy Model

(Groud Truth: 14.197%)

Input:
Please answer the given financial question based on the context.
Context: marathon oil corporation notes to consolidated financial statements ( g ) this obligation
relates to a lease of equipment at united states steel 2019s clairton works cokemaking facility in
pennsylvania . we are the primary obligor under this lease . under the financial matters agreement ,
united states steel has assumed responsibility for all obligations under this lease . this lease is an
amortizing financing with a final maturity of 2012 . ( h ) these notes are senior secured notes of
marathon oil canada corporation . the notes are secured by substantially all of marathon oil canada
corporation 2019s assets . in january 2008 , we provided a full and unconditional guarantee
covering the payment of all principal and interest due under the senior notes . ( i ) these obligations
as of december 31 , 2009 include $ 36 million related to assets under construction at that date for
which a capital lease will commence upon completion of construction . the amounts currently
reported are based upon the percent of construction completed as of december 31 , 2009 and
therefore do not reflect future minimum lease obligations of $ 164 million related to the asset . ( j )
payments of long-term debt for the years 2010 - 2014 are $ 102 million , $ 246 million , $ 1492
million , $ 287 million and $ 802 million . united steel is due to pay $ 17 million in 2010 , $ 161
million in 2011 , $ 19 million in 2012 , and $ 11 for year 2014 . ( k ) in the event of a change in
control , as defined in the related agreements , debt obligations totaling $ 662 million at december
31 , 2009 , may be declared immediately due and payable . ( l ) see note 16 for information on
interest rate swaps . 20 . asset retirement obligations the following summarizes the changes in
asset retirement obligations : ( in millions ) 2009 2008 .

(in millions) 2009 2008
asset retirement obligations as of january 1 $965 $1134
liabilities incurred including acquisitions 14 30
liabilities settled -65 -94
accretion expense (included in depreciation depletion and amortization) 64 66
revisions to previous estimates 124 24
held for sale - -195
asset retirement obligations as of december 31 (a) $1102 $965

asset retirement obligations as of december 31 ( a ) $ 1102 $ 965 ( a ) includes asset retirement
obligation of $ 3 and $ 2 million classified as short-term at december 31 , 2009 , and 2008.
Question: by what percentage did asset retirement obligations increase from 2008 to 2009?
Given the above question, please provide your answer in the following format. First output your
thinking process within <think></think> tags, then output your final answer within
<answer></answer> tags. For example: <think>Let me first...</think><answer>Yes</answer>
Please return the output directly in this format without any content outside the format.

Output:
<think>I need to calculate the percentage increase in asset retirement obligations from 2008 to
2009. The values provided are $965 million for 2008 and $1102 million for 2009. The formula to
calculate percentage increase is ((New Value - Original Value) / Original Value) * 100. Let’s plug
in the numbers.</think>
<answer>The percentage increase in asset retirement obligations from 2008 to 2009 is ((1102 -
965) / 965) * 100 = 14.23%. Therefore, the asset retirement obligations increased by
approximately 14.23% from 2008 to 2009.</answer>
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Example of Reward Model

Input:
You are an expert. I will give you a question, the correct answer, and a model’s response. Please evaluate whether the
model’s response is correct and output scores.
Question:
Please answer the given financial question based on the context.
Context: marathon oil corporation notes to consolidated financial statements ( g ) this obligation relates to a lease of
equipment at united states steel 2019s clairton works cokemaking facility in pennsylvania . we are the primary obligor
under this lease . under the financial matters agreement , united states steel has assumed responsibility for all obligations
under this lease . this lease is an amortizing financing with a final maturity of 2012 . ( h ) these notes are senior secured
notes of marathon oil canada corporation . the notes are secured by substantially all of marathon oil canada corporation
2019s assets . in january 2008 , we provided a full and unconditional guarantee covering the payment of all principal
and interest due under the senior notes . ( i ) these obligations as of december 31 , 2009 include $36 million related to
assets under construction at that date for which a capital lease will commence upon completion of construction . the
amounts currently reported are based upon the percent of construction completed as of december 31 , 2009 and therefore
do not reflect future minimum lease obligations of $164 million related to the asset . ( j ) payments of long-term debt for
the years 2010 - 2014 are $102 million , $246 million , $1492 million , $287 million and $802 million . united steel is
due to pay $17 million in 2010 , $161 million in 2011 , $19 million in 2012 , and $11 for year 2014 . ( k ) in the event of
a change in control , as defined in the related agreements , debt obligations totaling $662 million at december 31 , 2009 ,
may be declared immediately due and payable . ( l ) see note 16 for information on interest rate swaps . 20 . asset
retirement obligations the following summarizes the changes in asset retirement obligations : ( in millions ) 2009 2008 .

( in millions ) 2009 2008
asset retirement obligations as of january 1 965 1134
liabilities incurred including acquisitions 14 30
liabilities settled -65 -94
accretion expense ( included in depreciation depletion and amortization ) 64 66
revisions to previous estimates 124 24
held for sale - -195
asset retirement obligations as of december 31 ( a ) 1102 965

asset retirement obligations as of december 31 ( a ) 1102 965 ( a ) includes asset retirement obligation of $3 and $2
million classified as short-term at december 31 , 2009 , and 2008 .
Question: by what percentage did asset retirement obligations increase from 2008 to 2009?
Given the above question, please provide your answer in the following format. First output your thinking process within
<think></think> tags, then output your final answer within <answer></answer> tags. For example: <think>Let me
first...</think><answer>Yes</answer> Please return the output directly in this format without any content outside the
format.

Correct Answer:
14.197%

Model’s Response:
<think>I need to calculate the percentage increase in asset retirement obligations from 2008 to 2009. The values
provided are $965 million for 2008 and $1102 million for 2009. The formula to calculate percentage increase is ((New
Value - Original Value) / Original Value) * 100. Let’s plug in the numbers.</think>
<answer>The percentage increase in asset retirement obligations from 2008 to 2009 is ((1102 - 965) / 965) * 100 =
14.23%. Therefore, the asset retirement obligations increased by approximately 14.23% from 2008 to 2009.</answer>
In the model’s response, the content inside <think></think> is the reasoning process, and the content inside
<answer></answer> is the final answer. You should score them separately. Output [think_score, answer_score]. Both
think_score and answer_score can only be 0 or 1. 1 means correct, 0 means there is an error. You should output the
scores first, then provide the analysis. Follow the format below, for example:[1,0] The model’s reasoning process
mentions...

Output:
[0,0]

The model’s reasoning process identifies the correct numbers ($1102 and $965) and the correct formula for percentage

increase. However, the calculation performed in the reasoning and the final answer is mathematically incorrect. The

calculation should be: (1102 - 965) / 965 = 137 / 965 ≈ 0.141968... The model calculated: ((1102 - 965) / 965) * 100 =

14.23%. 137 / 965 is approximately 0.14197 (or 14.20%). The model’s result of 14.23% is a calculation error that

deviates from the correct answer of 0.14197. Therefore, both the reasoning (which led to the wrong number) and the

final answer are incorrect.
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Example of Audit Model

Input:
You are an expert. Below, I will provide you with an expert model’s evaluation of a piece of generated content. In this
evaluation, the two elements in the array represent think_score and answer_score respectively, which indicate the score
for the thinking process and the score for the final answer. Both are binary (either 0 or 1), where 1 represents correct and
0 represents an error.
Please assess whether the expert model’s evaluation is objective and error-free.

Expert’s evaluation:
[0, 0]
The model’s reasoning process identifies the correct numbers ($1102 and $965) and the correct formula for percentage
increase. However, the calculation performed in the reasoning and the final answer is mathematically incorrect.
The calculation should be:
(1102 - 965) / 965 = 137 / 965 ≈ 0.141968...
The model calculated:
((1102 - 965) / 965) * 100 = 14.23%
137 / 965 is approximately 0.14197 (or 14.20%). The model’s result of 14.23% is a calculation error that deviates from
the correct answer of 0.14197. Therefore, both the reasoning (which led to the wrong number) and the final answer are
incorrect.

If you think it’s necessary, you can search the web. Write the query to search between <search></search>, then write
a summary of the retrieved results between <doc></doc>. Then proceed with reasoning.
If you think it’s necessary, you can call Python for numerical calculations. You have 4 basic arithmetic functions:
add(a, b), subtract(a, b), multiply(a, b), divide(a, b). Write the function and values to calculate between
<function></function>, then write the calculation result between <result></result>. Then proceed with
reasoning.
You should first provide your analysis process, then give a score of 0 or 1, enclosed between <answer></answer>. 1
means you believe the expert’s evaluation is objective and correct, 0 means you believe the expert’s evaluation contains
errors. Maintain the following format, for example: In the expert’s evaluation...<search>US
Constitution</search><doc>Article I of the Constitution...</doc>Next, let’s...<function>multiply(2,
3)</function><result>6.0</result>Finally, let’s...<answer>1</answer>

Output:
In the expert’s evaluation of the model’s reasoning and answer, the scores provided are [0,0]. This indicates that the
expert believes both the reasoning process and the final answer are incorrect. To determine whether this evaluation is
objective and error-free, let’s carefully analyze the expert’s reasoning step by step.
1. The expert correctly identifies that the model used the right numbers ($1102 and $965) and the correct formula for
percentage increase: (new - old)/old.
2. The expert points out that the model’s calculation of 14.23% is incorrect. Let’s verify this claim by performing the
actual calculation.
<function>subtract(1102, 965)</function>
<result>137.0</result>
<function>divide(137, 965)</function>
<result>0.14196891191709846</result>
3. The calculation confirms that 137 / 965 ≈ 0.14197, which is approximately 14.197% or 14.20% when rounded to two
decimal places.
4. The expert claims the model’s result of 14.23% is a calculation error. The correct percentage is indeed 14.20% (or
more precisely 14.197%), not 14.23%. This represents a discrepancy of approximately 0.03 percentage points.
5. The expert assigns [0, 0] because:
a. The reasoning process (think_score) contains a calculation error, even though the setup and formula were correct.
b. The final answer (answer_score) is numerically incorrect due to this calculation mistake.
6. The expert’s assessment is consistent with the binary scoring system where any error in reasoning or final answer
warrants a 0, regardless of whether the conceptual approach was sound.
The numerical verification confirms the expert’s evaluation. The model did make a calculation error, arriving at 14.23%
instead of the correct 14.20%. Given the binary nature of the scoring system, the expert’s decision to assign [0, 0] is
justified and objective.
<answer>1</answer>
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