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Abstract

Existing fraud detection methods predomi-
nantly rely on transcribed text, suffering from
ASR errors and missing crucial acoustic cues
like vocal tone and environmental context.
This limits their effectiveness against complex
deceptive strategies. To address these chal-
lenges, we first propose SAFE-QAQ, an end-
to-end comprehensive framework for audio-
based slow-thinking fraud detection. First,
the SAFE-QAQ framework eliminates the im-
pact of transcription errors on detection per-
formance. Secondly, we propose rule-based
slow-thinking reward mechanisms that system-
atically guide the system to identify fraud-
indicative patterns by accurately capturing fine-
grained audio details through hierarchical rea-
soning processes. Besides, our framework
introduces a dynamic risk assessment frame-
work during live calls, enabling early detec-
tion and prevention of fraud. Experiments
on the TeleAntiFraud-Bench demonstrate that
SAFE-QAQ achieves dramatic improvements
over existing methods in multiple key dimen-
sions, including accuracy, inference efficiency,
and real-time processing capabilities. Cur-
rently deployed and analyzing over 70,000 calls
daily, SAFE-QAQ effectively automates com-
plex fraud detection, reducing human workload
and financial losses. Code: https://github.
com/Control-derek/SAFE-QAQ.

1 Introduction

With the rapid development of mobile communi-
cation technology, the problem of telecom fraud
has become increasingly severe, emerging as a
global social challenge. As illustrated in Figure
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Figure 1: Comparison of (a) Previous Method and (b)
Our Proposed Method: End-to-End Call Fraud Detec-
tion via Reinforcement Learning (RL). Our approach
trains LALMs in three stages: (i) developing slow-
thinking reasoning through RL, (ii) optimizing thought
length using rejection sampling fine-tuning and length-
constrained RL, and (iii) achieving real-time detection
with audio chunks training.

1(a), most existing methods (Chang et al., 2024; Ko-
rkanti, 2024; Yang et al., 2025; Shen et al., 2025b;
Hu et al., 2024) for fraud detection have made
significant advancements by utilizing transcribed
texts and the powerful representation capabilities
of large language models (LLMs) (Dubey et al.,
2024; Achiam et al., 2023; Guo et al., 2025). How-
ever, these methods often result in misjudgments
in real-time fraud detection systems due to their
inability to update information and policies in a
timely manner. To address this issue, researchers
have proposed using Retrieval-Augmented Gen-
eration (RAG) to stay updated with the latest in-
formation and policies, eliminating the need for
retraining (Singh et al., 2025). Despite these ef-
forts, the application of fraud detection systems in
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real-world scenarios remains challenging and far
from fully successful, primarily due to the follow-
ing three reasons. First, the transcription of speech
into text by Automatic Speech Recognition (ASR)
systems can introduce error noise, leading to a de-
crease in model performance (Ma et al., 2025; Hu
et al., 2024; Chakraborty et al., 2024). Second, text-
based fraud detection systems cannot capture the
fine-grained information conveyed by speech, such
as vocal tone, emotional stress, and environmen-
tal acoustics, all of which are crucial for effective
fraud detection. Third, modern fraudsters employ
elaborate layered deceptive strategies—combining
manipulated speech patterns (e.g., voice spoofing
or synthetic audio), fabricated background sounds
(e.g., fake call center noise), and psychologically
coercive scripts—that require iterative reasoning to
unravel (Ma et al., 2025). However, current text-
based pipeline methods lack mechanisms for deep
reasoning to effectively address such complexities.
These limitations highlight the inadequacy of text-
only approaches in tackling modern telecommuni-
cations fraud and sophisticated deceptive strategies.

To address these challenges, we propose SAFE-
QAQ (Slow-thinking Audio-text Fraud dEtection
using Qwen Audio with Question), an end-to-end
comprehensive framework for audio-based slow-
thinking fraud detection. Building upon recent
advancements in Large Audio-Language Models
(LALMs) (Chu et al., 2024; Huang et al., 2025;
Hurst et al., 2024; Zeng et al., 2024), SAFE-QAQ
establishes a complete end-to-end pipeline that di-
rectly processes raw audio signals to preserve cru-
cial multimodal features while incorporating three
key innovations (as shown in Figure 1(b)):

• SAFE-QAQ develops slow-thinking reason-
ing through rule-based reward, enabling the
system to systematically analyze fine-grained
details, which are frequently concealed by
fraudsters using layered deceptive strategies.

• we further optimize reasoning efficiency by
reducing reasoning chain lengths by 48.87%
through rejection sampling fine-tuning (pro-
ducing SAFE-RS) and length-constrained RL
(resulting in SAFE-LS), ensuring concise yet
accurate reasoning.

• SAFE-QAQ achieves real-time detection by
dynamically assessing information sufficiency
through structured prompting and phase recog-
nition rewards, culminating in the final model

(SAFE-Real) that enables timely interventions
during live calls.

By eliminating reliance on error-prone ASR tran-
scriptions and integrating slow-thinking reasoning
with reinforcement learning-optimized multimodal
processing, SAFE-QAQ establishes a fully end-to-
end framework that achieves both high accuracy
and practical efficiency. This viability is demon-
strated by its successful deployment in a production
pipeline processing over 70,000 calls daily, where
it effectively alleviates manual audit burdens and
prevents financial losses through timely, automated
intervention.

2 Related work

2.1 LLM-Based Telecom Fraud Detection
Recent advances in LLMs have shown promise
for telecom fraud detection, with methods like
Retrieval-Augmented Generation (RAG) for real-
time call analysis (Singh et al., 2025) and intent-
based warning systems (Shen et al., 2025b). How-
ever, these approaches rely solely on transcribed
text, discarding critical audio features (e.g., tone,
emotion) that signal fraud (Chang et al., 2024).
While multimodal benchmarks like TeleAntiFraud-
28k (Ma et al., 2025) address this gap, their su-
pervised fine-tuning (SFT) methods underutilize
modern LLMs’ reasoning capabilities. Current sys-
tems also suffer from inefficiency, requiring multi-
stage pipelines for transcription and fraud detec-
tion (Yang et al., 2025). SAFE-QAQ overcomes
these limitations by processing raw audio end-to-
end via reinforcement learning (RL), preserving
multimodal cues while eliminating intermediate
steps. This approach enables faster, more accurate
fraud detection tailored to real-world dynamics.

2.2 Large Audio Language Models (LALMs)
LALMs such as Qwen2-Audio, GLM-4-Voice,
GPT-4o, and Step-Audio have shown strong per-
formance in speech understanding, capturing tone,
emotion, and intent in real time (Chu et al., 2024;
Zeng et al., 2024; Hurst et al., 2024; Huang et al.,
2025), but their application to fraud detection re-
mains limited. General-purpose LALMs often fail
to detect scripted deception, where vocal delivery
subtly contradicts scripted calmness. SAFE-QAQ
bridges this gap by aligning audio-language model-
ing with domain-specific RL optimization for tele-
com fraud detection, enabling context-aware, risk-
sensitive reasoning.
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Figure 2: Overview of Our Method. Starting from an LALM, we: (i) apply rule-based RL to obtain SAFE-RL with
slow-thinking capabilities; (ii) refine it using rejection sampling (SAFE-RS) and length-constrained RL (SAFE-LS)
to improve reasoning efficiency; and (iii) perform real-time fine-tuning on audio chunks to derive SAFE-Real.

2.3 Reinforcement Learning for
Slow-Thinking

Recent advancements in Reinforcement Learning
(RL) have enabled LLMs to develop slow-thinking
capabilities, mimicking human-like System 2 rea-
soning (Kahneman, 2011). Methods like Ope-
nAI’s o1/o3 (Jaech et al., 2024; OpenAI, 2025),
DeepSeek R1 (Guo et al., 2025), and Satori (Shen
et al., 2025a) demonstrate notable improvements
in tasks requiring step-by-step analysis, such as
mathematics (Zhu et al., 2022; Lu et al.), logic (Jin
et al., 2024), and multimodal reasoning (Xu et al.,
2024; Thawakar et al., 2025), with the underlying
mechanisms of such reasoning models further sur-
veyed by Wang et al. (2025). These models lever-
age techniques such as Monte Carlo Tree Search
(MCTS) (Świechowski et al., 2023) and reward-
guided fine-tuning (Trung et al., 2024) to generate
extended reasoning chains, enhancing their abil-
ity to solve complex problems. However, current
RL-based approaches primarily focus on text-based
reasoning, leaving multimodal domains like audio-
text integration underexplored. Challenges such as
overthinking (Chen et al., 2024) and inefficiency
in dynamic scenarios (Qi et al., 2024) highlight the
need for more tailored solutions.

3 Method

Figure 2 illustrates the three-stage framework of
our approach. In Stage 1, we use rule-based rein-
forcement learning to train a model capable of slow-

thinking. In Stage 2, we refine it via Long2Short
fine-tuning to shorten reasoning and mitigate over-
thinking. Finally, in Stage 3, we apply Real-Time
fine-tuning to optimize the model for efficient, real-
time fraud detection.

3.1 Problem Definition

The task involves three classification objectives
based on audio analysis: scenario classification,
fraud detection, and fraud type classification.
Given an input pair (u, t) consisting of raw audio u
and text instruction t, the model π generates output
o = (τ, y), where τ is the step-by-step reasoning
process and y contains both the classification ratio-
nale and final result. The objective is to develop π
that accurately performs these tasks while provid-
ing interpretable reasoning.

3.2 Rule-based Reinforcement Learning

As illustrated in Figure 2, Stage 1 employs rule-
based reinforcement learning for data-efficient self-
evolution, yielding a slow-thinking model (SAFE-
RL) that analyzes audio-text cues to detect subtle
fraud patterns beyond text-only approaches.
Group Relative Policy Optimization. In contrast
to traditional actor-critic algorithms such as Prox-
imal Policy Optimization (PPO) (Schulman et al.,
2017), we optimize our model using Group Rel-
ative Policy Optimization (GRPO), which elimi-
nates the need for a critic model with parameter
complexity comparable to that of the policy model
πθ. Instead, GRPO estimates the relative advan-
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tage of each response based on intra-group scoring.
Specifically, for each audio-text instruction pair
(u, t) ∼ P (U, T ), the policy model πθ samples
multiple reasoning processes and their correspond-
ing responses. The output for the i-th sample is
represented as oi = (τi, yi). Each response yi is
evaluated by a rule-based reward model to compute
the reward value ri = R(yi). The intra-group rela-
tive advantage Ai =

ri−mean({r1,r2,...,rG})
std({r1,r2,...,rG}) , derived

from these reward values, is then used to optimize
the model via the objective function JGRPO(θ):

JGRPO(θ) = E(u,t)∼P (U,T ),{oi}Gi=1∼πθold
(O|u,t)

1

G
G∑

i=1

(min(ρiAi, clipϵ(ρi)Ai)− βDKL(πθ ∥ πref ))
(1)

The importance sampling factor ρi(θ) is de-
fined as the ratio between the current policy πθ
and the sampling policy πθold . The clipping func-
tion clipϵ(ρi) constrains ρi within the interval
[1− ϵ, 1+ ϵ], ensuring conservative policy updates.
The hyperparameter β controls the strength of the
KL divergence DKL unbiasedly estimated using:

DKL(πθ||πref ) = πref (oi|u,t)
πθ(oi|u,t) − log

πref (oi|u,t)
πθ(oi|u,t) − 1 (2)

Reward Modeling. Training an outcome-based or
process-based neural reward model is complex and
resource-intensive. Transferring a general-purpose
neural reward model to a specific domain requires
considerable amounts of data and computational
resources. In contrast, a rule-based reward model
can effectively model rewards by simply designing
validation rules for the answers.

• Accuracy Reward (Racc): Validates the final
answers yi extracted from <answer> tags:

Racc = I(yi is correct) (3)

• Format Reward (Rfmt): Enforces structure
with <think> and <answer> tags:

Rfmt = I(format is satisfied) (4)

• Deep-Reasoning Reward (Rdepth): Uses
length-sensitive rewards for deeper reasoning.
Logarithmic normalization improves sensitiv-
ity to shorter chains:

Rdepth = min

(
ln(|τ |+ 1)

ln(Lmax + 1)
, 1

)
·Rmax (5)

where |τ | is reasoning token count, Lmax the
token limit and Rmax is the reward ceiling.

The total reward Rtotal is computed as:

Rtotal = αRacc + βRfmt + γRdepth (6)

We set weights α = 5 and β = 1 to prioritize
accuracy and format, and define γ = Inon-SFT to
encourage deep reasoning specifically for non-SFT
models. This configuration balances reliable fraud
detection with structured, thorough analysis.

3.3 Long2Short Fine-Tuning
As shown in Figure 2, Stage 2 optimizes efficiency
via Long2Short Fine-Tuning. This stage com-
bines Rejection Sampling (SAFE-RS) and Length-
Constrained RL (SAFE-LS) to compress reasoning
chains without sacrificing precision.
Rejection Sampling Fine-Tuning. Sampling K
candidates {oi = (τi, yi)}Ki=1 from the proposal
πθ(·|u, t), we define a target π∗ to prioritize cor-
rectness and brevity:

π∗(o|u, t) ∝ I(y is correct) · (1 + |τ |)−1 (7)

The optimal response o∗ is selected by maximizing:

o∗ = argmax
i∈[K]

π∗(oi|u, t) (8)

This selects the shortest correct response. The re-
sulting dataset {(u, t, o∗)} is then used for SFT to
train πθ towards concise reasoning.

Length-Constrained Reinforcement Learning
(LCRL). Following SAFE-RS, we optimize ef-
ficiency via a composite reward RLC = αRacc +
βRfmt + λReff , incorporating accuracy (Eq. 3)
and format (Eq. 4) objectives. We set λ = 1.
The efficiency reward Reff penalizes token excess
E = max(0, |τ | − Lthreshold):

Reff = −min

(
max

(
ln(E + 10)

ln(B)
, 0.1

)
, 1

)
·Pmax (9)

where B = 1000 controls curvature and Pmax

sets the magnitude. This logarithmic scaling curbs
verbosity without hindering necessary reasoning,
ensuring rapid and reliable fraud detection.

3.4 Real-Time Fine-Tuning
Stage 3 enables dynamic risk assessment on sequen-
tial audio u1:i. At each turn i, the model identifies
the conversation phase (early, late, final). Through
prompt engineering, we guide the model to: (1)
permit early judgments, (2) formulate conclusions
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Type Model Classification Quality Assessment Fin.
Sce. Fra. FT. AVG Log. Pra. Exp. SUM

ASR+LLM

GLM4-9B-Chat 75.10 46.91 82.22 68.08 1.61 1.43 2.20 5.24 51.14
InternLM2.5-20B 78.34 36.67 85.42 66.81 1.99 1.93 2.43 6.35 50.21

Qwen2.5-72B 78.31 51.44 81.24 70.33 2.21 2.16 2.70 7.07 52.87
Doubao 1.5 Pro 71.14 36.11 82.25 63.17 1.94 1.75 2.60 6.29 47.48
Deepseek V3 88.53 14.62 66.71 56.62 2.32 2.34 2.85 7.51 42.59

ASR+LRM Deepseek R1 83.60 79.25 85.16 82.67 3.18 3.26 3.50 9.94 62.17

LALM

GLM4-9B-Voice 0.00 26.83 38.33 21.72 0.89 0.64 0.65 2.18 16.33
Gemini-2-Flash 80.51 59.61 83.53 74.55 2.25 2.29 2.72 7.26 56.03

GPT4-o 80.25 50.00 86.26 72.17 2.12 2.10 2.56 6.78 54.24
Step-Audio-Chat 76.35 40.65 79.71 65.57 1.64 1.62 2.01 5.27 49.27

Qwen2-Audio-7B-Instruct 70.22 58.51 20.48 49.74 1.51 1.42 1.96 4.89 37.38
AntiFraud-Qwen2Audio 81.31 84.78 82.91 83.00 2.06 2.07 2.31 6.44 62.36

SAFE-RL 81.57 90.20 87.25 86.34 2.5 2.64 2.97 8.11 64.89
LALM+Ours SAFE-RS 81.60 89.61 86.39 85.87 2.45 2.6 2.99 8.04 64.53

SAFE-LS 84.64 89.61 88.23 87.49 2.49 2.65 2.97 8.11 65.76

Table 1: Performance of models on TeleAntiFraud-Bench. Red values represent SOTA results, blue values indicate
the second-best performance, and bold values denote the best performance within the respective model type.

in late phases, and (3) mandate decisions by the
final phase. We train phase awareness via:

Rphase = rb · Icorr − rp · Ifail (10)

where Icorr denotes correct phase identification,
Ifail marks final phase indecision, and rb, rp are
the corresponding reward and penalty magnitudes.
The total reward is Rtotal = αRacc + βRfmt +
ηRdepth+δRphase. We set δ = 5 and η = Inon-SFT.
This configuration balances accuracy (Racc) with
phase-appropriate decision timing (Rphase).

4 Experiments

4.1 Experimental Setup
Datasets. We utilize TeleAntiFraud-28k (Ma
et al., 2025) (28,511 pairs) for three tasks: 7-class
scenario, 2-class fraud detection, and 7-class fraud
type identification. For RL, we use only raw au-
dio and context without reasoning annotations. In
Real-Time Fine-Tuning, turns u1:n are segmented
into early (i < n/2), late (n/2 ≤ i < n), and
final (i = n) phases. Evaluation is conducted on
the distribution-preserving TeleAntiFraud-Bench
(Ma et al., 2025).
Baselines. We compare our approach with pro-
prietary models (GPT-4o (Hurst et al., 2024),
Gemini-2-Flash (DeepMind, 2024), Doubao-1.5
(TEAM, 2025)) and open-source baselines includ-
ing Deepseek V3/R1 (Liu et al., 2024; Guo et al.,
2025), GLM-4-Voice (Zeng et al., 2024), Step-
Audio (Huang et al., 2025), and Qwen2-Audio
variants (Chu et al., 2024; Ma et al., 2025). This

selection covers reasoning specialists, ASR+LLM
cascades, and end-to-end multimodal architectures
across diverse scales. For text-based baselines, we
use the human-corrected transcripts provided by
TeleAntiFraud-28k rather than external ASR out-
puts, so the comparison isolates the modality gap
from transcription noise.

Evaluation Metrics. We report Weighted F1 for
Scenario (Sce.), Fraud (Fra.), and Type (FT.) tasks,
averaged as AVG. Reasoning quality is scored (0-
5) on Logical Rigor (Log.), Practical Value (Pra.),
and Expression (Exp.), summing to SUM (0-15).
The final metric is Fin. = 0.75 · AVG + 0.25 ·
(SUM/15). Following the original TeleAntiFraud
benchmark, we retain Fin. for direct comparability
while always reporting AVG and SUM separately
to expose the trade-off between task performance
and reasoning quality. Additional validation of
the LLM judge and further discussion of metric
interpretability are provided in Appendix D.

Implementation Details. Our backbone is
AntiFraud-Qwen2Audio (Ma et al., 2025), an SFT
version of Qwen2-Audio-7B-Instruct (Chu et al.,
2024). The training pipeline sequentially applies
Rule-based RL (SAFE-RL), Rejection Sampling
(SAFE-RS), and Length-Constrained RL (SAFE-
LS). All stages use the same underlying training
corpus, with later stages changing the optimization
target rather than the data distribution, which re-
duces the risk of stage-wise forgetting. Detailed
hyperparameters are provided in Appendix C.
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Figure 3: Performance-Efficiency Trade-off: Scatter
Plot of Average Thinking Tokens vs. Average Classifi-
cation Performance. Models closer to the top-left cor-
ner achieve a better balance of higher efficiency (fewer
thinking tokens) and superior performance (higher clas-
sification scores). The points representing the best trade-
offs for the baselines and our model are highlighted with
star markers.

4.2 Effectiveness of SAFE-QAQ in Telecom
Fraud Analysis

Performance Improvements Across Tasks. The
experimental results in Table 1 reveal a consis-
tent performance hierarchy across TeleAntiFraud-
Bench tasks, with our SAFE-QAQ series models
demonstrating progressive improvements over both
general baselines and the specialized AntiFraud-
Qwen2Audio foundation. In scenario classifica-
tion (Sce.), while massive LLMs like Deepseek
V3 (88.53) leverage their textual understanding ca-
pabilities to dominate this largely language-based
task, our SAFE-LS (84.64) notably outperforms
its precursor AntiFraud-Qwen2Audio (81.31) de-
spite sharing the same architecture, confirming that
our reinforcement learning framework enhances
performance even for tasks where the base model
already showed competence. This 3.33-point im-
provement is particularly notable given that the 8B-
parameter AntiFraud-Qwen2Audio had already sur-
passed most ASR+LLM baselines through domain-
specific fine-tuning.

The most striking advancements emerge in fraud
detection (Fra.), where the evolutionary trajec-
tory from base model to final system becomes
apparent. The general-purpose Qwen2-Audio-
7B-Instruct achieves only 58.51, while its SFT-
enhanced version AntiFraud-Qwen2Audio reaches
84.78 through slow-thinking adaptation - already

Model Sce. Fra. FT. AVG Dur. Turns

base 70.22 58.51 20.48 49.74 48.31s 6.36
w SFT 81.31 84.78 82.91 83.00 48.31s 6.36

SAFE-RL 81.57 90.20 87.25 86.34 48.31s 6.36
SAFE-RS 81.60 89.61 86.39 85.87 48.31s 6.36
SAFE-LS 84.64 89.61 88.23 87.49 48.31s 6.36

SAFE-Real 91.40 88.93 77.56 85.96 8.98s 1.25

Table 2: SAFE-Real vs. Baselines

outperforming specialized text-based models like
Deepseek R1 (79.25). Our SAFE-RL then ex-
tends this to 90.20 through rule-based reinforce-
ment learning, representing a 5.42-point absolute
improvement that demonstrates our method’s ex-
ceptional capability in identifying subtle multi-
modal fraud patterns. This progression from gen-
eral LALM to domain-adapted SFT model to RL-
optimized system validates the complementary
value of each training phase, with the final SAFE-
LS achieving 88.23 in fraud-type classification
(FT.) - surpassing even GPT4-o (86.26) and es-
tablishing new benchmarks for fine-grained multi-
modal analysis.
Reasoning Advancement. Comprehensive met-
rics further validate this approach. While
AntiFraud-Qwen2Audio (62.36 Fin.) already ex-
ceeds specialized text models like Deepseek R1
(62.17) through multimodal fine-tuning, our SAFE-
LS (65.76) sets a new state-of-the-art through its
full optimization pipeline. The 3.40-point final im-
provement reflects balanced advancements across
all capabilities, with quality assessment scores
(8.11 SUM) approaching those of dedicated rea-
soning models like Deepseek R1 (9.94 SUM), de-
spite SAFE-LS using only 8B parameters com-
pared to Deepseek R1’s 671B. This efficiency gain
is achieved by our reinforcement learning frame-
work that systematically promotes slow-thinking
processes, enhancing the model’s logical reasoning,
practical judgment, and expressive quality. These
results collectively demonstrate that while tradi-
tional approaches excel in narrow competencies,
our end-to-end multimodal framework delivers su-
perior real-world performance where detection ac-
curacy, classification precision, and reasoning qual-
ity must operate synergistically. An additional text-
only ablation further confirms that these gains are
not solely due to stronger reasoning supervision: re-
moving raw audio causes clear degradation for both
AntiFraud-Qwen2Audio and SAFE-LS across all
three tasks, with the largest drop appearing in fraud
detection. The detailed comparison is reported in
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Model Sce. Fra. FT. AVG

SAFE-RL 81.57 90.20 87.25 86.34
w/o SFT 73.37 85.70 82.91 80.66
w/o SFT w Rdepth 77.25 86.97 81.94 82.05

SAFE-RS 81.60 89.61 86.39 85.87
w/o SFT 79.81 87.14 83.82 83.59

SAFE-LS 84.64 89.61 88.23 87.49
w/o SFT 82.89 91.42 87.07 87.13
w/o RS 82.39 90.43 86.10 86.31

Table 3: Ablation Study: Performance of Our Models

Appendix G.

4.3 Performance-Efficiency Trade-off

In real-world fraud detection systems, computa-
tional efficiency directly impacts operational costs
and response time - shorter reasoning chains enable
faster fraud identification during live calls while
reducing infrastructure expenses. Figure 3 exam-
ines the performance-efficiency trade-off across
different detection systems, quantified through
our proposed Thinking Efficiency Metric (TEM =
AV G/ log(|τ |)). This metric offers a hardware-
agnostic view of efficiency based on reasoning
token counts; a detailed analysis of system-level
performance, including wall-clock latency and
throughput, is provided in Appendix A. The scat-
ter plot positions each model based on its average
reasoning token length (|τ |, log-scaled) versus av-
erage classification performance (AV G), revealing
fundamental architectural differences and optimiza-
tion trajectories. Systems positioned closer to the
top-left region achieve superior balance between
computational efficiency (shorter reasoning chains)
and detection accuracy (higher F1 scores).
Advantages of Audio. LALM architectures (green
circles) systematically outperform ASR+LLM
baselines (blue circles) in TEM, with average TEM
scores of 33.20 versus 29.72 respectively. This
efficiency advantage stems from LALMs’ native
multimodal processing capabilities, which not only
eliminate the error accumulation inherent in cas-
caded ASR+LLM pipelines but also capture audio-
specific semantic information beyond just speech
content, encompassing rich paralinguistic signals.
Scaling Laws in Fraud Reasoning. We ob-
serve a scaling law-like relationship between
reasoning complexity and performance gains,
where increasing the reasoning tokens yields
logarithmic improvements in detection accu-
racy. Our analysis reveals remarkably consis-

Model Log. Pra. Exp. Sum tokens

SAFE-RL 2.50 2.64 2.97 8.11 205.76
w/o SFT 1.93 1.92 2.39 6.24 31.46
w/o SFT w Rdepth 2.10 2.07 2.59 6.76 212.72

SAFE-RS 2.45 2.60 2.99 8.04 181.33
w/o SFT 2.09 2.09 2.60 6.78 173.78

SAFE-LS 2.49 2.65 2.97 8.11 104.02
w/o SFT 2.17 2.25 2.64 7.06 74.05
w/o RS 2.23 2.31 2.78 7.32 106.20

Table 4: Ablation Study: Reasoning Quality and Token
Efficiency of Our Models

tent scaling patterns: when comparing GPT4-o
to Gemini-2-Flash (∆log(|τ |) = 0.0773) and
GLM4-9B-Chat to Qwen2.5-72B (∆log(|τ |) =
0.0772), we find nearly identical performance
gains (∆AV G = 2.38 vs 2.25 respectively),
with the ratio ∆log(|τ |)/∆AV G remaining stable
across model families (0.0325±0.0018). This scal-
ing behavior suggests that fraud reasoning tasks
exhibit fundamental dynamics similar to those ob-
served in large language model pre-training, though
our reinforcement learning framework ultimately
breaks this pattern through targeted optimization.
Effectiveness of Multi-Stage Optimization. Our
SAFE optimization pathway (dark red trajectory)
demonstrates systematic efficiency gains while
maintaining performance superiority. Our opti-
mization starts from the slow-thinking AntiFraud-
Qwen2Audio (TEM=31.87), rule-based reinforce-
ment learning in SAFE-RL reduces average rea-
soning tokens by 48.87% while improving F1avg
by 3.34 points (TEM=37.32). Subsequent rejec-
tion sampling fine-tuning (SAFE-RS) achieves an
additional 11.87% token reduction before length-
constrained RL finalizes the optimization in SAFE-
LS (TEM=43.38). This three-stage refinement
yields 36.12% higher TEM than the original base
model, ultimately outperforming GPT4-o’s TEM
by 7.76 points through coordinated reasoning com-
pression and performance enhancement.
Cost-Effective SOTA Performance. The right-
most cluster contains specialized reasoning models
like Deepseek R1 (TEM=16.03) that use exhaus-
tive token generation (>397 tokens on average) to
achieve competitive accuracy. While these systems
approach the performance ceiling, their operational
costs hinder real-world deployment. Our SAFE-LS
achieves state-of-the-art accuracy (88.23 AV G) us-
ing only 25.85% of the tokens required by compa-
rable models. This efficiency enables our deployed
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Figure 4: Model Output Case Study: Input with Text Instruction and Audio (ASR Results for Clarity, Left),
Reasoning Process of SAFE-QAQ Series (Right). Key reasoning points are highlighted in purple, and inference
results are marked in orange.

system to process over 70,000 screened calls daily,
significantly reducing manual audit burdens and
preventing financial losses through automated in-
tervention. We additionally provide preliminary
evidence on an emerging out-of-distribution fraud
pattern in Appendix H. This sets a new practical
benchmark for fraud detection.

4.4 Real-Time Detection Performance

Table 2 demonstrates that SAFE-Real achieves
real-time detection with an average duration of
just 8.98 seconds (81.4% faster than non-real-time
models), while maintaining robust fraud detection
performance (88.93 F1). Although its fraud-type
classification accuracy decreases by 12.2% (77.56
F1) compared to SAFE-LS, this trade-off is oper-
ationally justified: in real-world fraud prevention,
early detection takes precedence over precise typ-
ing, as promptly stopping active scams can prevent
financial losses. The model’s superior scenario
classification (91.40 F1) and ultra-low average of
1.25 conversational turns enable highly effective
live call interception. To complement these aggre-
gate results, we further report deployment-oriented
operating-point statistics, including precision, re-
call, false positive rate, and false negative rate, in
Appendix I.

4.5 Ablation Studies

The ablation studies in Tables 3 and 4 demonstrate
the critical role of SFT pretraining and the pro-
gressive improvements of our SAFE framework.
Removing SFT leads to notable degradation across
all metrics (e.g., SAFE-RL’s performance drops
5.68 points to 80.66 and reasoning quality de-
creases 1.87 points to 6.24), though incorporating
Deep-Reasoning Reward (Rdepth) without SFT par-
tially mitigates these losses (improving to 82.05
and 6.76 respectively). Our token-efficient vari-
ants (SAFE-RS/SAFE-LS) maintain strong per-
formance (85.87/87.49) while using substantially
fewer tokens (181.33/104.02 vs 205.76), while pre-
serving high reasoning quality (8.04/8.11 respec-
tively). Yet they still benefit from SFT’s founda-
tional capabilities: Removing SFT causes SAFE-
RS/SAFE-LS to drop to 83.59/87.13 with lower
reasoning quality (6.78/7.06). This confirms SFT’s
essential role in establishing baseline abilities that
subsequent RL stages enhance rather than replace.
Notably, when we remove rejection sampling in the
Long2Short stage (SAFE-LS w/o RS), we observe
performance degradation (87.49 to 86.31) along
with decreased reasoning quality, demonstrating
the necessity of Rejection Sampling Fine-Tuning
for maintaining performance while improving ef-
ficiency in subsequent stages. We additionally ex-
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amine the decision to disable the depth reward for
SFT-initialized models, and the corresponding ab-
lation confirms that enabling this reward yields
nearly identical classification quality while slightly
increasing output length; the detailed results are
presented in Appendix E.

5 Case Study

Figure 4 shows our models’ reasoning processes
in a typical "lost package refund" scam scenario.
From SAFE-RL to SAFE-RS and SAFE-LS, the
length of the models’ reasoning processes progres-
sively shortens (from 207 to 107 tokens) as a result
of the Long2Short optimization. Concurrently, the
density of key reasoning points increases, demon-
strating that Long2Short enables more efficient
reasoning and enhances model efficiency. Due
to the analysis to assess the current stage of the
call, SAFE-Real employs a moderate-length rea-
soning process. Notably, SAFE-Real achieves in-
terpretable fraud detection using only two rounds
of dialogue audio, underscoring its high efficiency.
Critically, our models extract essential paralinguis-
tic cues (accents, emotions, vocal tones) directly
from raw audio, which ASR transcriptions would
lose, thereby exposing the subtle mismatch be-
tween calm tone and urgent intent.

6 Conclusion

We present SAFE-QAQ, an end-to-end slow-
thinking audio-text fraud detection framework
trained via reinforcement learning. By integrating
GRPO with rule-based rewards, Long2Short
optimization, and real-time learning, our
model achieves state-of-the-art performance on
TeleAntiFraud-Bench (88.23 F1) with significantly
improved efficiency (48.87% shorter chains and
81.4% faster speed). Beyond academic metrics,
SAFE-QAQ has been successfully deployed in
a production pipeline processing over 70,000
calls daily, where it effectively reduces manual
audit burdens and prevents financial losses. This
work validates that multimodal slow-thinking
architectures can be both robust and practically
efficient, offering a scalable solution for real-world
security challenges.

Limitations

While SAFE-QAQ demonstrates superior perfor-
mance, our experimental scope is inevitably con-
strained by the fact that TeleAntiFraud-28k is cur-

rently the only open-source dataset suitable for
training Large Audio-Language Models for fraud
detection. This data scarcity restricts a more exten-
sive evaluation of generalization capabilities across
highly diverse fraud scenarios or unexpected acous-
tic conditions. Consequently, although our model
shows strong noise resilience and we report a pre-
liminary out-of-distribution result on an emerging
fraud pattern in Appendix H, further systematic
validation is still required to ensure robustness in
extreme real-world environments with severe in-
terference, signal degradation, and newly evolving
scam tactics.

Ethical Statement

This research upholds strict data privacy stan-
dards. For experimental validation, we used the
anonymized TeleAntiFraud-28k dataset, ensuring
no exposure of personally identifiable information
(PII). Regarding the real-world deployment, our
system is implemented in collaboration with tele-
com operators via privacy-preserving intermedi-
ate number services. This approach masks actual
phone numbers, with all data processing authorized
by enterprises strictly for anti-fraud quality inspec-
tion. We emphasize that SAFE-QAQ is designed
exclusively as a defensive tool, and we mandate
continuous monitoring to prevent misuse and miti-
gate potential algorithmic bias in practical applica-
tions.
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A Computational Efficiency Analysis

To validate that our theoretical reductions in reason-
ing token counts translate into practical wall-clock
time savings, we conducted a detailed profiling of
inference latency and throughput.

Experimental Setup. All efficiency evaluations
were performed on NVIDIA A100 GPUs. We mea-
sured the performance of our three iterative mod-
els: SAFE-RL, SAFE-RS, and SAFE-LS. To en-
sure consistent and reproducible measurements, we
utilized greedy decoding (temperature = 0). We
report the median latency (p50), the 95th percentile
latency (p95), and the overall system throughput
(samples per second).

Results. As presented in Table 5, the optimiza-
tion stages demonstrate a clear trajectory of effi-
ciency improvement. SAFE-RL, which produces
the longest reasoning chains, exhibits the highest
latency. The Rejection Sampling stage (SAFE-RS)
provides a moderate improvement by filtering out
inherently long-winded responses. Most notably,
the final Length-Constrained RL stage (SAFE-LS)
achieves a p50 latency of 916.2ms and a throughput
of 1.10 samples/s.

This corresponds to a ≈ 26.34% reduction in me-
dian latency compared to the SAFE-RL baseline.
These results confirm that the "Thinking Efficiency
Metric" (TEM) discussed in Section 4.3 correlates
strongly with real-world deployment metrics. The
substantial drop in p95 latency (from 1895.7ms
to 1207.8ms) also indicates that SAFE-LS is sig-
nificantly more stable and robust against "infinite
loops" or excessive overthinking, making it more
suitable for time-sensitive fraud detection scenar-
ios.

B Prompts

The prompts used in this study are designed to
guide the model through various stages of reason-
ing and decision-making. Below is a detailed de-
scription of their roles:

• Figure 6 illustrates the prompts utilized in the
first and second stages for training across three
tasks: scenario classification, fraud detection,
and fraud type classification. These prompts
are structured to facilitate slow-thinking rea-
soning, enabling the model to capture subtle
discrepancies in audio details, such as vocal
tone fluctuations, emotional stress, and envi-
ronmental cues.
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Table 5: Inference Latency and Throughput Profiling on
NVIDIA A100. Comparison across the three training
stages shows that our Long2Short optimization (SAFE-
LS) significantly reduces latency and improves through-
put.

Model p50 p95 Throughput

SAFE-RL 1243.9 1895.7 0.76
SAFE-RS 1204.0 1263.4 0.85
SAFE-LS 916.2 1207.8 1.10

• Figure 7, Figure 8, and Figure 9 present the
prompts employed during the real-time detec-
tion phase. These prompts dynamically adjust
based on the conversation phase (early, late,
or final) to ensure timely and accurate fraud
detection while considering the sufficiency of
available information.

• Figure 10 showcases the prompts designed for
evaluating the quality of the model’s reason-
ing process. These prompts focus on assessing
logical rigor, practical value, and expression
quality, providing a comprehensive evaluation
framework for the model’s performance.

C Hyperparameter Settings and
Sensitivity Analysis

To ensure reproducibility and facilitate further re-
search, we provide a comprehensive, detailed de-
scription of our hyperparameter configurations, in-
cluding the rationale behind specific choices and
sensitivity analyses conducted during the develop-
ment of SAFE-QAQ.

C.1 Implementation Platform
All experiments were conducted on a high-
performance computing cluster equipped with 4
NVIDIA A100 (80GB) GPUs. We utilized a global
batch size of 12 (implemented as a per-device batch
size of bs = 3 with gradient accumulation). The
training framework is built upon ms-swift1, op-
timized for efficient large audio-language model
fine-tuning.

C.2 Configuration Rationale
Our hyperparameter selection strategy balances
training stability, inference efficiency, and task per-
formance. The specific configurations are catego-
rized as follows:

1https://github.com/modelscope/ms-swift

Reward Weight Configuration. The compos-
ite reward functions involve multiple components
(α, β, δ, λ). We determined their values based on
the priority of objectives:

• Accuracy Priority (α = 5, β = 1): We set
the ratio α : β = 5 : 1. This heavy weight-
ing on α ensures that the model prioritizes the
correctness of the final classification (Accu-
racy Reward) over mere structural compliance
(Format Reward), while β = 1 remains suffi-
cient to guide the parser.

• Phase Awareness (δ = 5): For Real-Time
Fine-Tuning, accurate phase recognition is
critical for timely intervention. We set δ = 5,
equal to the accuracy weight α, to emphasize
that identifying the correct conversation phase
is as substantial as the fraud detection itself in
live scenarios.

• Efficiency Balance (λ = 1): We set λ = 1
to introduce a regularization term for reason-
ing length. This value was chosen to curb
verbosity without overpowering the accuracy
reward, preventing the model from sacrificing
necessary reasoning depth for brevity.

Reinforcement Learning (GRPO) Parameters.
We adopt the Group Relative Policy Optimization
(GRPO) algorithm.

• Stability Factors (ϵ = 0.2, βKL = 0.04):
We adhere to the default settings recom-
mended by the ms-swift framework. Specifi-
cally, the clipping coefficient ϵ = 0.2 and the
KL divergence coefficient βKL = 0.04 are
crucial for preventing policy collapse. In our
preliminary experiments, we explored remov-
ing the KL penalty (i.e., βKL = 0), which re-
sulted in severe training instability and mode
collapse. Thus, we retained the robust default
values.

• Group Size (G = 9): We set the group size to
9. This value represents a trade-off between
computational overhead and gradient variance
reduction, ensuring stable convergence within
limited GPU memory.

Generation and Length Constraints.

• Sampling Strategy: To balance generation
diversity and quality during exploration, we
utilize Nucleus Sampling with top_p = 0.9,

26149

https://github.com/modelscope/ms-swift


top_k = 50, and a temperature of 0.9. For
Rejection Sampling, we set the number of can-
didates K = 16 to ensure sufficient coverage
of the solution space.

• Length Thresholds: The maximum length
threshold Lmax = 200 and threshold
Lthreshold = 200 for Rdepth and Reff were
determined based on the statistical distribu-
tion of reasoning chains in the TeleAntiFraud-
28k dataset. Pmax = 5 is set to cap the
penalty magnitude, preventing excessive gra-
dients that could destabilize the policy.

C.3 Hyperparameter Sensitivity Analysis
To validate our choice of learning rate, which is a
critical factor in RL convergence, we conducted a
grid search using the SAFE-RL (w/o SFT) model
on a synthetic subset of TeleAntiFraud-Bench. The
results are summarized in Table 6.

Table 6: Sensitivity analysis of Learning Rate (LR)
on model performance. The selected setting (3e−5)
achieves the best balance across all metrics.

Learning Rate Sce. Fra. FT. AVG

1e−5 85.34 72.86 75.36 77.85
3e−5 (Ours) 84.31 88.70 75.74 82.92
5e−5 85.12 78.10 76.56 79.93

As observed, a learning rate of 3e−5 yields the
highest average F1 score (AVG: 82.92). Lower
rates (1e−5) resulted in underfitting, particularly
in the Fraud Detection (Fra.) task, while higher
rates (5e−5) degraded performance, likely due to
optimization overshooting. Consequently, lr =
3e−5 was selected for all main experiments.

D LLM Judge Validation

D.1 Judge Configuration
For quality assessment of reasoning chains, we
employ DeepSeek-R1 as the LLM judge with the
following parameters: Temperature = 0.6, Top-p
= 0.95, Top-k = 50. To reduce sampling variance,
the final score for each sample is computed as the
average of 3 independent evaluations.

D.2 Correlation Analysis
To validate that our LLM-based quality assessment
(SUM scores) reflects genuine reasoning quality
rather than superficial stylistic artifacts, we con-
ducted a correlation analysis between the judge
scores and objective metrics.

D.3 Human Alignment and Robustness
To further verify that the judge is aligned with ex-
pert assessment rather than superficial fluency, we
evaluated a diverse subset of 100 instances with
both the LLM judge and 5 independent anti-fraud
domain experts. The inter-rater reliability among
the human experts reaches 0.78 under ICC, indi-
cating substantial agreement. Table 7 summarizes
the rank correlation between human ratings and
the LLM judge across all reasoning dimensions.
The consistently strong correlations show that the
judge tracks expert preferences well, while the
weak score-length correlation reported below indi-
cates that these gains do not come from rewarding
longer responses.

Dimension Spearman Correlation

Logical 0.82
Practical 0.79
Expression 0.75
Overall SUM 0.81

Table 7: Alignment between the LLM judge and 5 anti-
fraud domain experts on a 100-instance subset. All
reported correlations are statistically significant.

Score–Accuracy Correlation. We observe a
strong positive correlation between the LLM
judge’s SUM scores and objective classification
correctness (Spearman’s ρ = 0.77, Pearson’s r =
0.84, p < 0.001). This confirms that higher-quality
reasoning chains as evaluated by the judge corre-
spond to more accurate fraud detection outcomes,
validating SUM as a meaningful proxy for reason-
ing capability rather than a stylistic artifact.
Score–Length Correlation. The correlation be-
tween LLM judge scores and reasoning chain token
length is weak (r = 0.18), indicating that the judge
evaluates reasoning quality rather than rewarding
verbosity. This confirms that the SUM score im-
provements observed across our SAFE models re-
flect genuine advances in logical rigor and practical
value, not mere increases in output length.

We also analyze whether judge-based reason-
ing scores align with objective task performance
at the model level. Table 8 reports the correlation
between AVG and each judged dimension across
all evaluated models. The consistently strong posi-
tive correlations further support that improvements
in SUM reflect reasoning quality associated with
better task execution rather than stylistic variation
alone.

Figure 5 presents scatter plots illustrating these
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Metric Pair Spearman Pearson

AVG vs. Logical 0.7679 0.8105
AVG vs. Practical 0.7714 0.8339
AVG vs. Expression 0.6917 0.8412
AVG vs. SUM 0.7703 0.8393

Table 8: Correlation between objective task perfor-
mance and LLM-judged reasoning quality across the
evaluated models. All reported correlations are statisti-
cally significant.
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Figure 5: Scatter plots showing (a) the strong positive
correlation between LLM judge SUM scores and clas-
sification correctness (Spearman’s ρ = 0.77, Pearson’s
r = 0.84, p < 0.001), and (b) the weak correlation
with reasoning chain length (r = 0.18). These results
confirm that SUM score improvements reflect genuine
reasoning quality rather than stylistic artifacts.

E Depth Reward Gating for SFT Models

Our main training setup disables the depth reward
for SFT-initialized models because their reasoning
traces are already substantially longer than the re-
ward’s effective range, making the reward nearly
constant during optimization. To verify that this
design choice does not hide an unrealized gain, we
perform an explicit ablation in Table 9. The results
show that enabling the depth reward on top of the
SFT initialization preserves essentially the same
precision, recall, and F1 across all three tasks while
marginally increasing the average reasoning length.
This supports the practical choice used in the main
experiments: for SFT-initialized models, the depth
reward adds extra verbosity without producing a
meaningful performance benefit.

F Extended Baseline: Latest Proprietary
Models

To ensure our evaluation remains current, we bench-
marked the latest generation of Gemini models on
TeleAntiFraud-Bench following the same evalua-
tion protocol as the main experiments. As shown in

Table 10, SAFE-LS consistently outperforms both
Gemini-3.0-Pro and Gemini-3.0-Flash across all
classification tasks, achieving a 3.55-point absolute
improvement in AVG over the stronger Gemini-3.0-
Pro (87.49 vs. 83.94). This further validates the
effectiveness of our end-to-end RL-based frame-
work against state-of-the-art proprietary systems.

G Audio Ablation

To isolate the contribution of raw audio, we con-
struct text-only variants by removing the audio in-
put and retaining only the textual content under the
same task setup. Table 11 shows that both the SFT
baseline and our final SAFE-LS model degrade
substantially without audio, confirming that the
end-to-end audio pathway contributes complemen-
tary evidence beyond transcript semantics alone.
The effect is especially pronounced for fraud detec-
tion, where vocal cues and background acoustics
provide strong signals that are not preserved in
text-only inputs.

H Preliminary Generalization to an
Emerging Fraud Pattern

Because full leave-one-type-out retraining is
computationally expensive for the complete
RL pipeline, we provide a preliminary out-of-
distribution evaluation on a genuinely emerging
fraud pattern observed after the benchmark was
constructed: the screen-sharing scam. This tactic
was not part of the seven benchmark fraud cate-
gories used in the main experiments. On 2,297 real-
world instances collected from production traffic,
SAFE-LS achieves strong performance, as summa-
rized in Table 12. We present this result as prelim-
inary evidence that the model learns transferable
fraud indicators beyond memorizing fixed scripts,
while leaving broader systematic OOD evaluation
for future work.

I False Positive / False Negative Analysis

Real-world fraud detection requires careful consid-
eration of the trade-off between False Negatives
(FN, missed fraud) and False Positives (FP, un-
necessary alerts). We analyze this on a manually
verified subset of 10,000 records drawn from the
high-risk call pool processed by our deployed sys-
tem.
Overall Performance. SAFE-LS achieves a Re-
call of 98.00% and Precision of 88.24% on this
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Depth Reward Scenario Fraud Fraud Type Avg. Tokens
Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

Off 82.93 80.97 81.57 85.70 95.19 90.20 87.78 88.07 87.25 205.76
On 82.96 81.00 81.60 85.74 95.23 90.24 87.60 87.89 87.07 207.72

Table 9: Ablation on enabling the depth reward for the SFT-initialized SAFE-RL model. The reward has negligible
impact on classification metrics and slightly increases reasoning length.

Model Sce. Fra. FT. AVG

Gemini-3.0-Pro 83.64 81.93 86.25 83.94
Gemini-3.0-Flash 81.73 72.50 87.05 80.43

SAFE-LS 84.64 89.61 88.23 87.49

Table 10: Comparison with the latest Gemini models
on TeleAntiFraud-Bench. SAFE-LS outperforms both
proprietary models across all tasks.

Model Scene Fraud Type Avg F1

AntiFraud-Qwen2Audio 81.31 84.78 82.91 83.00
w/o Audio (Text-only) 71.55 (-9.76) 71.25 (-13.53) 77.93 (-4.98) 73.58 (-9.42)

SAFE-LS 84.64 89.61 88.23 87.49
w/o Audio (Text-only) 76.00 (-8.64) 77.50 (-12.11) 84.00 (-4.23) 79.17 (-8.32)

Table 11: Audio ablation on TeleAntiFraud-Bench. Re-
moving raw audio consistently reduces performance for
both the domain-adapted backbone and the final SAFE-
LS model.

production subset, reflecting the system’s deliber-
ate optimization toward minimizing missed fraud.
False Negative Rate (FNR). The FNR is 2.00%:
approximately 3 out of 143 actual fraudulent calls
are missed. Given that undetected fraud directly
causes financial loss, we prioritize minimizing
FNR via our reward design (high accuracy weight
α = 5), accepting a moderate FP rate in exchange.
False Positive Rate (FPR). The FPR is ≈0.19%:
approximately 19 out of 9,857 legitimate calls are
incorrectly flagged. In our cascaded deployment
pipeline (∼200M calls → rule-based filtering →
∼70K high-risk → SAFE-LS → manual verifica-
tion), false positives are subsequently reviewed by
human auditors, limiting their real-world impact to
a modest increase in manual workload rather than
direct harm to users.

This asymmetric design—prioritizing recall over
precision—aligns with the operational require-
ments of telecom fraud prevention, where the cost
of a missed fraud far exceeds that of an unnecessary
review.

Metric Value

Precision 87.96
Recall 97.30
F1 92.39

Table 12: Preliminary evaluation of SAFE-LS on
an emerging out-of-distribution fraud pattern, screen-
sharing scam, using 2,297 real-world instances. Values
are reported as percentages.

Metric Value

Precision 88.24
Recall 98.00
False Positive Rate 0.19
False Negative Rate 2.00

Table 13: Operating-point statistics of SAFE-LS on a
manually verified 10,000-call subset from the produc-
tion high-risk pool. Values are reported as percentages.
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Figure 6: Prompt for Non-Real-Time.
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Figure 7: Prompt for Real-Time Scenario Classification.
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Figure 8: Prompt for Real-Time Fraud Detection.
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Figure 9: Prompt for Real-Time Fraud Type Classification.
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Figure 10: Prompt for Evaluating the Thought Process.
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