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Abstract

Automatic detection of fraudulent voice calls is
essential for online service platforms but faces
significant challenges due to the scarcity of
labeled data and the continuous evolution of
conversational contexts. Standard supervised
methods often fail to generalize, as they tend to
overfit to variable background narratives rather
than capturing the core deceptive intent. In this
paper, we propose a lightweight framework that
anchors detection on Semantic Primitives, a set
of stable, interpretable evidentiary cues derived
from expert knowledge. Our approach decom-
poses the fraud detection task into two distinct
stages: identifying the presence of these pre-
defined semantic signals within the transcript,
and deriving a final verdict through a logical
combination of the detected cues. By explicitly
prioritizing stable evidence over diverse con-
versational noise, this framework ensures that
decisions are based on verifiable fraud tactics
rather than spurious correlations. Experimental
results demonstrate that our method achieves
superior robustness and efficiency compared to
traditional baselines, particularly in scenarios
with shifting service contexts.

1 Introduction

With the rapid advancement of communication
technologies, voice calls have become a common
channel for remote interaction. However, this con-
venience has also created new avenues for telecom
fraud. Beyond traditional personal communica-
tion, voice calls are now widely used on online
platforms for daily services (e.g., recruitment and
package delivery). Unfortunately, the leakage of
phone numbers has led to a growing number of
scam calls on these platforms. For example, fraud-
sters may impersonate platform staff and contact
users under various pretexts like job screening or
service confirmation to defraud them. By exploit-
ing users’ trust in the platform, such schemes often
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achieve a high success rate. Therefore, deploying
automated fraud-detection algorithms on online ser-
vice platforms has become essential.

Some recent work has been devoted to devel-
oping low-complexity methods for scam call de-
tection. For instance, Li et al. (2024) trained
a RoBERTa-based classifier using a dual-loss
framework to efficiently detect scam calls, while
Oyeyemi and Ojo (2024) combined BERT (Devlin
et al., 2019) with Naive Bayes for SMS spam detec-
tion. Despite their reported success, the robustness
of these methods typically hinges on sufficient an-
notations for both scam and normal calls. But due
to the high cost of expert annotation and the low
occurrence of scam calls, available training data
are often limited in size. More seriously, fraud-
sters often conceal their malicious intents within
highly diverse and evolving contexts. Fig. 1 illus-
trates two examples of scam calls that try to deceive
job seekers into accepting fake paid training on an
online recruitment platform. In the first example,
fraudsters conceal their intent by initiating a con-
versation that pretends to provide job opportunities
in the software industry, while in the second one, as
live streaming becomes popular, fraudsters swiftly
change their focus to live streaming. Clearly, even
on a single recruitment platform, the contents of
calls could be extremely diverse, not to mention
that they still constantly evolve over time. If the
classifier is directly trained, especially when the
annotation is not sufficient, it may easily discover
some spurious correlation, e.g., simply attributing
scams to “Software Company” only because the
training data contains some scam calls mentioning
“software company”.

Given the difficulty of collecting sufficient scam
calls that cover all possible scenarios, recent ap-
proaches(Jiang, 2024; Shen et al., 2025a,b; Singh
et al., 2025) have focused on leveraging the power-
ful reasoning capabilities of Large Language Mod-
els (LLMs) for zero-shot analysis. While these
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Case 1: We are from xxx Software Technology Company,
specializing in software testing. Are you currently looking for new
career opportunities?...... (Introduction to Software Testing)......
Since you don't have experience, we will have a senior
instructor mentor you one-on-one during the initial period...
For four consecutive years, the internet industry has ranked as the
highest-paying sector in the country...... (More Background)......

sales. Would you consider this?...... (Introduction to the livestreaming
industry)...... It’s okay if you haven’t done it before, we provide
training...... Are you interested? Our salary ranges from ¥ 4,000 to
¥6,000...... (Details on benefits)......

Figure 1: Two examples of scam calls from recruitment
platforms.

methods achieve promising performance in scenar-
ios with only a few annotations, the high inference
cost of LLMs limits their practicality for large-scale
or real-time deployment. In real-world platforms
that handle millions of calls every day, leveraging
LLMs to analyze the content of every single call
would result in prohibitive computational overhead.
Therefore, lightweight fraud detection methods
based on traditional classifiers (e.g., BERT-based
models) remain important, as they can efficiently
process the vast majority of routine service traffic,
reserving expensive LLM inference solely for high-
risk cases, or can even be deployed to detect scam
calls in real time.

To develop a lightweight classifier under insuf-
ficient annotation, we observe that while calls’
contexts are highly diverse and dynamic, the core
tactics employed by fraudsters remain largely sta-
ble. As shown in the examples of Fig. 1, although
conversation contexts could vary a lot, the scam
tactic of “inducing job seekers to participate in
Jjob-related training programs” remains unchanged.
Therefore, we can detect this type of scams by seek-
ing to identify this specific semantic evidence, with-
out being distracted by irrelevant contexts. This
idea also aligns with the way of how human experts
screening scam calls: instead of carefully examin-
ing every word in a lengthy transcript, experts sim-
ply scan the transcripts and identify specific signals
to make a judgment.

Mimicking this “search-and-verify” process, we
design a framework to explicitly anchor detection
on crucial evidence. To this end, we first intro-
duce Semantic Primitives as semantic prototypes
for different categories of evidence signals. Build-
ing on these pre-defined primitives, we decompose
the fraud detection task into two easier sub-tasks:
a primitive recognition task to identify the pres-

ence of predefined semantic cues within the tran-
script, and a decision task that derives the final
result based on the status of these primitives. To re-
alize the identification task, we train a lightweight
detector using a dataset that is curated with the
help of LLM to identify the presence of primitives.
For the decision task, we derive the final verdict
by performing logical operations on these detected
signals according to prior knowledge. We eval-
uated our framework on a real-world scam call
dataset collected from an online recruitment plat-
form and a publicly available synthetic dataset (Ma
et al., 2025). Experimental results demonstrate
that while traditional baselines suffer catastrophic
performance degradation in evolving and diverse
conversational contexts, our framework maintains
remarkable robustness.

2 Related Work

The increasing complexity of telecom fraud (Al Sai-
dat et al., 2024; Kou et al., 2004) has driven the
development of diverse detection paradigms. In be-
havioral analysis, Graph Neural Networks (GNNs)
have gained attention as a powerful modeling ap-
proach (Hu et al., 2023; Liu et al., 2021; Ying et al.,
2018; Tseng et al., 2015). However, such methods
suffer from inherent time-lag issues (Ying et al.,
2018), as they depend on sufficient historical in-
teractions to achieve reliable performance. For
textual scam detection, early deep learning meth-
ods adopted BiLSTM with attention mechanisms
(Xu et al., 2022) or hybrid CNN-LSTM architec-
tures (Ghourabi et al., 2020) to capture keyword
importance and sequential dependencies. To bet-
ter capture semantic nuances, subsequent research
has shifted towards Pre-trained Language Mod-
els (PLMs). Oyeyemi and Ojo (2024) and Jain
et al. (2025) employed BERT embeddings (Devlin
et al., 2019) to achieve high classification accuracy,
while Chen and Chen (2024) introduced Efficient
Additive Attention to reduce computational over-
head. To further improve robustness in complex
scenarios, dual-loss frameworks (Li et al., 2024)
with RoBERTa (Liu et al., 2019) have also been
explored. Nevertheless, these approaches primar-
ily depend on the model to autonomously discover
discriminative patterns from training data. More
recently, Large Language Models (LLMs) have
demonstrated strong potential in identifying sophis-
ticated scams (Jiang, 2024; Shen et al., 2025a,b;
Singh et al., 2025; Ma et al., 2025) due to their su-
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perior reasoning capabilities (Brown et al., 2020).
However, their high inference cost makes them im-
practical for processing massive volumes of daily
calls. As a result, robust and efficient lightweight
models remain crucial for large-scale real-world
deployment.

3 Problem Description

In this study, we consider a fraud detection set-
ting with the availability of a small training dataset
Dirain = {(di,y:)}Y.,, where d; represents a call
transcript and y; indicates its corresponding label
(i.e., scam or normal). Unlike general text classi-
fication tasks, in which discriminative semantics
are densely distributed throughout the input d;, we
focus on telecom fraud scenarios with key signals
sparsely distributed within the transcripts, such as
recruitment scenarios. Under these scenarios, a
call transcript d can be formulated as a collection
of text spans, comprising both contexts (c) and
critical evidence (e):

d:[017617627'"7cn7627cn+17"']' (1)

Here, {c;} denotes context spans consisting of rou-
tine dialogue, while {ej} represents specific evi-
dence spans that are decisive for determining the
nature of the call. In practice, as fraudsters fre-
quently conceal their malicious intent within nor-
mal business interactions, the context spans {cx }
typically dominate the length of the transcript d
and exhibit extreme diversity across different sce-
narios (e.g., technology company recruitment or
e-commerce platform recruitment). In contrast, the
evidence {ey } may consist of only a few brief seg-
ments. For instance, considering a typical scam
pattern characterized by “claiming abundant job
openings without mentioning specific job titles”, if
a call includes a short segment mentioning “abun-
dant job openings”, this would raise suspicion. If
this call further contains a span describing “spe-
cific job titles,” the suspicion, however, could be
dimmed. Therefore, the nature of calls is largely de-
cided by some very short spans {ey }, while being
irrelevant to the lengthy contexts.

Classifiers that are directly trained to fit the la-
bels often fail to yield such an ideal decision func-
tion. Due to the diversity of conversation content,
the training dataset is almost impossible to cover all
scenarios, especially considering the continuously
evolving characteristic of calls. Given the dominant
length of contexts in calls, classifiers inevitably get

stuck at finding some spurious correlation within
the irrelevant contexts, while failing to discover
the true causes (i.e., the decisive short spans), ren-
dering it poor at generalizing to detect unseen call
transcripts.

4 Methodology

4.1 Overall Framework

To design a framework capable of efficiently identi-
fying scam calls, we draw inspiration from the key
observation that while the context {cy} exhibits
high variability, the core fraud tactics embedded in
{ex} remain relatively stable over time. Motivated
by this insight, we propose to explicitly summarize
these evidence spans {e; } into a set of Semantic
Primitives, with each primitive representing the
semantic prototype of evidence spans that share
similar semantics. For instance, for the recruit-
ment scams featuring the claim of “abundant job
openings without mentioning specific job titles”,
although the same meaning could be expressed in
numerous ways in a call, we only need to define
two primitives to capture their core semantics: p;
= “mention of specific job titles” and ps = “claim of
abundant job openings”. Based on these primitives,
the type of scam mentioned above can be explic-
itly captured by a Boolean logical operation on the
primitives p; and p2 as =p; A po2, which means the
call did not mention specific job titles but claimed
there were abundant job openings.

Building on this idea, we propose a two-
stage framework.  Formally, letting P =
{p1,p2,.-.,pK} denote the set of K predefined
semantic primitives, we first propose to train a
lightweight detection model F(+) to scan the tran-
script d and identify the existence status of the
primitives in P:

z=F(d), 2

where z € {0, 1}¥ is the Primitive Status Vector,
and the k-th entry z;, indicates the presence (1) or
absence (0) of primitive py.

Then, we derive the final verdict on whether the
call is a scam by applying a logic decision function
Logic(-) to the primitive-status vector z:

y = Logic(z). 3)

Unlike the learnable detection model F(-),
Logic(-) is a fixed mapping (e.g., Boolean logic
clause) that yields the final decision by performing
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Figure 2: Architecture of the proposed framework.

logical operation on the status of primitives in P.
For instance, in the example mentioned above, the
logic mapping Logic(z) = —z1 Az2. By separating
the decision process into explicit semantic recogni-
tion and logic reasoning, this approach effectively
relieves the model from the burden of implicitly
deriving complex decision logic.

4.2 Primitive and Decision Logic Acquisition

For the domain-specific set of semantic primitives
P and the corresponding decision logic Logic(-)
stated above, there are generally two ways to ob-
tain them. The first approach relies on manual
definition, in which domain experts analyze com-
mon fraud patterns to identify a set of semantic
primitives and formalize them into rigorous logical
expressions. Second, in scenarios where guidance
rules are available for judging whether a call is a
scam, we can also prompt an LLM to automatically
parse these rules into the required primitives and
the corresponding logical decision function. Fur-
ther details on the prompting strategy and imple-
mentation are provided in Appendix C.1. Through
this acquisition phase, abstract domain knowledge
is transformed into a structured representation that
can be directly used by the proposed framework,
with specific semantic primitives and decision logic
detailed in Appendix B.

4.3 Training Data Curation

To develop a lightweight detection model F(-)
capable of discerning the presence of semantic
primitives within call transcripts, we construct a
dataset to provide fine-grained supervision for its
training. This curation process comprises three
stages: (1) Primitive-Relevant Span Extraction, (2)
Data Augmentation via Primitive Injection, and (3)
Transcript-Label Pairs Construction.

4.3.1 Primitive-Relevant Span Extraction

To curate the training dataset, we first propose a
method to pinpoint the text spans that are seman-
tically similar to the primitives in P. Specifically,
for each transcript d € Dyain and each candidate
primitive p € P, we design a retrieval prompt 7y
to guide the LLM in identifying minimal relevant
text spans in d that provide evidence for p. The
extraction process can be formulated as:

Sd,p = LLM(d)p; Text)a (4)

where Sq, = {s1,s2,...,5m} is the set of ex-
tracted evidence spans supporting p in transcript
d. Based on the extraction results, for a given tran-
script d, we collect the set of primitives supported
by any extracted evidence, denoted as Py = {p €
P | Sqp # 0}, and gather all associated evidence
spans into Sy = Upep, Sdp-
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4.3.2 Data Augmentation via Primitive
Injection

To obtain a diverse set of call transcripts contain-
ing fraud-related primitives, we employ an LLM-
driven Data Augmentation strategy to construct
an augmented dataset Dy,e. Specifically, this pro-
cess involves two sequential steps. First, we per-
form primitive paraphrasing to enrich linguistic
diversity. We employ a dedicated prompt T},,, to
guide the LLM in expanding each target primitive
p into K variations. These variations are semanti-
cally equivalent but stylistically distinct, denoted

as Vp = {v1,v2,..., vk }:
Vp = LLM (p; Thara)- ®))

Subsequently, we perform semantic injection to
embed the synthesized variations within the back-
ground d. To achieve this, we sample a background
transcript d from the training set Dy, and a para-
phrase v € V), then prompt the LLM with an
injection prompt Tiyject Which directs the model
to integrate v into an appropriate position while
strictly preserving the original structure of d. The
generation of the augmented transcript d,¢ can be
expressed as:

daug = LLM(dv U3 Tinject)- (6)

Notably, as d,.g is synthesized through this con-
trolled editing process, the corresponding primitive
set Py,,, and evidence spans Sg,,,, are known by
construction. This eliminates the need for an addi-
tional evidence extraction pass. Finally, we collect
all generated instances d,,, and construct an aug-
mented dataset Dyyyg.

4.3.3 Transcript-Label Pairs Construction

To train the lightweight detection model F(-),
we construct a unified training set Dgpa =
{(z;,2;)}}¥, containing pairs of input text = and
a primitive status vector z € {0,1}*. For each
transcript d € Dypain U Dayg. since its associated
evidence spans Sy and primitives P, are known,
we now use them to construct three distinct training
pairs:

(1) Global Context Instances: To enable prim-
itive detection within the full call transcript, we
directly use every document d € Dayg U Dyrain and
its associated primitive set Py to construct a pair
(d, zq), where z4 is a multi-hot vector that indicates
the presence of the primitive from the set Pg.

(2) Background Negative Instances: To explicitly
prevent the model from overfitting to frequent but
irrelevant context, we construct the pair (dpg, 0),
where dy, = d \ Sy denotes the text that has the
evidence spans removed, and O is a K -dimensional
all-zero vector indicating the absence of any primi-
tives from P.

(3) Local Evidence Instances: To ensure the
model recognizes core semantic cues alone, for
each document d and each evidence span s € S,
that supports a primitive py, we formulate the pair
(s,1x), where 1 is a one-hot vector with the k-th
entry set to 1.

4.4 Training of Primitives Detector

To efficiently judge the existence of any semantic
primitives from P within lengthy call transcripts,
we propose training a classifier by optimizing three
mutually cooperative objectives.

We first use the curated dataset Dgy,) to train a
multi-label binary classifier. Specifically, for each
primitive p;, we build a binary classifier by adding
a linear sigmoid layer on top of the [CLS] embed-
ding hcps from BERT; that is, 2, = o(w} hors).
Then, for every (d,z) € Dgpal, We minimize the
following loss to recognize the existence of each
primitive:

K
Las = — Y [zrlog(%k) + (1 — zi) log(1 — 2],

k=1
(N
where 7 denotes the k-th element of z.

In addition, to explicitly guide the model to
pinpoint the primitive-relevant spans, we incor-
porate a token-level evidence identification task
sharing the same encoder as the classifier above.
Specifically, we build a token-wise classifier by
adding a linear sigmoid layer on top of the final
hidden representation h; of each token, formulated
as t; = a(thokenhi). Then, for any input x as-
sociated with evidence set S;, we define a target
binary sequence t, where ¢; = 1 if the i-th token
belongs to any span in S,, and 0 otherwise. Then,
we minimize the token-wise classification loss:

Lioken = = Y [tilog(is) + (1 = t:) log(1 — )

€T
®)
Finally, specifically for Global Context In-
stances, we encourage consistency between the
global verdict and local evidence by aligning the
global vector h.js with an evidence representation
hj,ca derived by pooling the representations of
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identified evidence tokens. This alignment is opti-
mized via a cosine-based loss:

Lalign =1—cos (hclsa hlocal) . )

The overall objective aggregates these terms to
jointly optimize for detection accuracy:

Ltotal = Lcls + Ltoken + >\Lalign7 (10)

where A is a hyperparameter balancing the impact
of the alignment constraint.

5 Experiment

5.1 Experimental Setups

Datasets and Metrics To evaluate the perfor-
mance of our method, we conduct experiments
on two Chinese call transcript datasets: (1) Synth-
ScamCall (Ma et al., 2025), a publicly available
synthetic dataset constructed based on real call
patterns; and (2) RealCall, a collection of real-
world call transcripts curated and provided by an
online recruitment platform. Table 1 summarizes
the statistics of these datasets. More details regard-
ing the datasets are provided in Appendix D.1.

Unlike conventional benchmarks, these datasets
are characterized by a strict temporal split between
the training and testing sets, thereby resulting in
highly diverse and markedly different surface-
topic distributions across the two sets. This ex-
perimental setup allows for rigorous testing of
whether a model is merely memorizing specific
topics and background patterns (e.g., specific com-
pany names) or is relying on truly discriminative
evidence. Overall, these datasets reflect the inher-
ent challenges of real-world service scenarios: (1)
normal calls are much more frequent than fraudu-
lent ones; (2) critical evidence is often subtle and
sparsely distributed across noisy conversations; and
(3) background contexts are highly dynamic and
constantly evolving over time.

Baselines To provide a comprehensive evalua-
tion, we compare our approach against a diverse
set of baseline methods:

(1)Weakly Supervised Learning: Weakly super-
vised learning (Maron and Lozano-Pérez, 1997)
addresses scenarios where supervision is limited
to sample-level labels, and the model must both
pinpoint task-relevant evidence during training and
perform evidence-driven inference without access
to explicit evidence annotations. Given that only
sample-level labels of call transcripts are available

Dataset Dtrain Dtest
#Scam #Call #Scam #Call
SynthScamCall 592 6,962 223 2,293
RealCall 1,141 5,236 845 18,845

Table 1: Statistics of the RealCall and SynthScamCall
datasets. #Scam denotes the number of scam call tran-
scripts and #Call denotes the number of call transcripts.

while the precise locations of evidence remain un-
known, we employ this category of methods for
comparison. Among these methods, Multiple In-
stance Learning (MIL) is the most representative
paradigm. In the MIL implementation (Ilse et al.,
2018), we segment each call transcript into a series
of text spans and optimize the model to discover
suspicious fragments within them. Additionally,
we include RNP (Lei et al., 2016) for comparison,
which uses the REINFORCE algorithm to explore
evidence during training.

(2) Adversarial Training: Since adversarial train-
ing is effective in suppressing background variation
and learning domain-invariant representations, we
introduce this category of methods for comparison.
Specifically, we follow the method described in
ELS (Zhang et al., 2023) as the representative for
this class of methods.

(3) Generative Data Augmentation: We further
explore sample generation to augment the training
of other baseline models. In our experiment, we
include ZeroGen (Ye et al., 2022a), which con-
verts task descriptions into prompts for LLMs to
generate labeled samples, and ProGen (Ye et al.,
2022b), which refines generation via feedback de-
rived specifically from a standard classifier.

Implementation Details For our main method,
we use the following configuration. We perform
data augmentation with 6 target primitives, each
expanded into X' = 50 semantic variations. Every
variation is injected into two normal transcripts,
resulting in 600 augmented instances. During train-
ing, we use a batch size of 64 and a learning rate
of 2 x 1075, with \ set to 0.3. For MIL, we treat
the entire call transcript as a bag and segment the
text into fixed-length windows of 50 tokens, which
serve as the instances for training. All methods
utilize Bert-base-chinese as the text encoder. Fur-
ther details regarding the experimental setup are
provided in Appendix D.
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Setting LLM Method SynthScamCall RealCall

Precision Recall F1-Score Precision Recall F1-Score

Baselines Finetuned-BERT 0.128 0.860 0.223 0.041 0.637 0.077

Onl AO i Data) MIL 0.136 0.639 0.224 0.049 0.013 0.021

iy Urata RNP 0.110 0675  0.189 0.028 0211  0.049

Zerogen 0.155 0.855 0.262 0.043 0.515 0.079

ProGen 0.123 0.927 0.217 0.040 0.278 0.070

Qwen3-max Zerogen+ELS 0.108 0.720 0.188 0.056 0.640 0.103

Zerogen+MIL 0.157 0.779 0.261 0.084 0.434 0.141

Baselines Zerogen+RNP 0.189 0.810 0.306 0.056 0.573 0.102

(With Gen-Data) Zerogen 0.141 0873 0243 0.053 0652  0.098

ProGen 0.157 0.716 0.258 0.044 0.142 0.067

Deepseek-v3  Zerogen+ELS 0.101 0.734 0.178 0.054 0.453 0.096

Zerogen+MIL 0.147 0.756 0.246 0.095 0.330 0.148

Zerogen+RNP 0.164 0.864 0.276 0.044 0.443 0.080

Primitive-Guided Qwen3-max Ours 0.624 0.846 0.718 0.511 0.664 0.578

Framework Deepseek-v3 Ours 0.638 0.810 0.714 0.485 0.679 0.566

Table 2: Performance comparison of our method against baselines on SynthScamCall and RealCall datasets. The

best results are highlighted in bold.

5.2 Experimental Results

The overall performance of various baseline com-
binations and our proposed method is presented in
Table 2. From the table, we can see that standard
BERT-based classifiers suffer from severe perfor-
mance degradation on both datasets, even when
equipped with ELS for adversarial training. De-
spite the high recall rate observed, they show ex-
tremely low precision, indicating that the classifiers
fail to capture sparse key evidence from long and
diverse contexts.

Although Weakly Supervised Learning meth-
ods attempt to locate the key evidence, they still
fail to yield significant improvements. For the
MIL method, the marginal improvement can be at-
tributed to two factors. The first factor is that MIL
implicitly assumes the label is solely determined by
the presence of suspicious segments. However, this
is not sufficient because the final verdict depends
on their logic combination. The other factor is that
the diverse and long contexts are still easy to make
the MIL classifier discover some spurious correla-
tions that result in the scams. As for RNP, it fails
primarily because the vast search space induced
by the lengthy contexts makes the REINFORCE
algorithm highly unstable and difficult to converge.
As for the Generative Data Augmentation strate-
gies, although they provide a slight performance
improvement by increasing the sample size, since
they do not resolve the fundamental interference
of the dominant background context, their overall
gains remain limited.

Method SynthScamCall RealCall
Rule-Guided CoT 0.84 0.60
Ours 0.71 0.57
Table 3: Performance comparison between our

lightweight framework and the LLM-based Rule-
Guided CoT.

In contrast to these baselines, our proposed
framework shows significant performance improve-
ment across both datasets. By explicitly anchor-
ing detection on pre-defined Semantic Primitives,
our method enables the framework to prioritize
the screening of critical evidence and thus reduce
the reliance on spurious shortcuts, leading to deci-
sions that are more consistently aligned with the
stable fraud tactics. In addition to comparing with
these classifier-based methods, we also compare
our lightweight method with the state-of-the-art
LLM-based scam detector (Ma et al., 2025), with
the experimental results shown in Table 3. From
the table, we can see that although our method is
much cheaper than the LLM-based method at the
inference stage, our method still achieves a similar
performance as it. This again demonstrates the ef-
fectiveness of our proposed approach by detecting
the existence of critical primitives and then using
logical reasoning to yield the final decision.

5.3 Ablation Study

Ablation of Framework Components We con-
duct an ablation study to assess the contribution
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Model Setting SynthScamCall RealCall
Basic Two-Stage 0.57 0.48
+ Data Augmentation (Dayg) 0.63 0.54
+ Token-Level Task (Loken) 0.66 0.54
+ Alignment Task (Lajign) 0.71 0.57

Table 4: Ablation study on the contribution of each
component in our framework.

Supervision Setting SynthScamCall RealCall
w/o Extraction 0.45 0.49
w/ Extraction (Ours) 0.63 0.54

Table 5: Ablation study on the impact of Primitive-
Relevant Span Extraction.

of each component in our framework, with the re-
sults summarized in Table 4. To begin with, we
evaluate a Basic Two-Stage baseline to validate the
structural advantage of our framework. In this base-
line, a standard classifier is trained on the curated
original dataset to identify primitives, and the fi-
nal decision is derived using the predefined logic.
Despite its simplicity, this baseline achieves com-
petitive performance, demonstrating the effective-
ness of the basic framework design. Building upon
this, incorporating data augmentation yields fur-
ther performance gains by enriching the linguistic
diversity of primitive realizations. Finally, integrat-
ing the token-level evidence identification task and
representation alignment objectives during training
leads to the best performance, as these components
guide the primitive detection model to pinpoint
evidentiary spans.

Ablation of Span Extraction To validate the ne-
cessity of Primitive-relevant Span Extraction, we
compare our framework against a baseline without
span localization. In the w/o Extraction setting,
the model lacks access to the precise locations of
semantic cues and is therefore trained solely on
Global Context Instances. In contrast, our frame-
work leverages the extracted spans to construct
Background Negative Instances and Local Evi-
dence Instances for fine-grained supervision. Using
the same standard classifier architecture, the results
reported in Table 5 demonstrate that explicitly iso-
lating primitive-relevant spans through extraction is
critical to achieving robust detection performance.

5.4 Further Analysis

Impact of Augmentation Scale To evaluate the
impact of the augmentation scale on model per-
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Figure 4: Influence of the alignment coefficient A

formance, we vary the amount of generated tran-
scripts and measure the resulting accuracy. The
results, presented in Fig. 3, show that while even
small amounts of synthetic data lead to noticeable
improvements, further increasing the scale yields
diminishing returns. This indicates that an exces-
sively large synthetic dataset is not required to
achieve optimal performance.

Impact of the Alignment Weight We study the
impact of the alignment weight A\ by varying its
value while keeping other settings fixed. As shown
in Fig. 4, moderate values of A improve perfor-
mance by promoting alignment by effectively align-
ing global and local representations, whereas overly
large values degrade performance by dominating
the optimization and hindering the main classifi-
cation objective. Based on these results, we set
A = 0.3 in our implementation.

6 Conclusion

In this paper, we propose a lightweight framework
that anchors scam call detection on stable Semantic
Primitives derived from expert knowledge. By pri-
oritizing crucial evidentiary cues over highly vari-
able conversational contexts, our approach effec-
tively addresses the challenge of identifying sparse
signals within noisy real-world data. Extensive ex-
periments demonstrate that while traditional meth-
ods suffer from severe performance degradation in
this challenging setting, our framework maintains
superior stability and accuracy, offering a practical
and efficient solution for large-scale deployment.

20504



Limitations

Despite the efficiency of our framework, the train-
ing process relies on LLMs to generate fine-grained
supervision signals. Inaccuracies or hallucinations
inherent to LLMs may introduce label noise into
the training corpus. Additionally, due to the diffi-
culty of data collection, our current evaluation is
limited to Chinese recruitment calls, with behaviors
tightly coupled to this specific language and setting.
Future work will focus on developing noise-robust
learning strategies to mitigate the impact of im-
perfect annotations and exploring the framework’s
adaptability to broader domains and languages.

Ethics Consideration

We prioritize the privacy and security of users
throughout this research. The RealCall dataset was
collected by a cooperating online service platform
solely for security auditing and fraud prevention, in
accordance with the platform’s User Privacy Agree-
ment and Terms of Service accepted by users upon
registration.

Before being used for academic research, the
dataset was carefully de-identified. Sensitive
personally identifiable information (PII), such as
names, phone numbers, and detailed addresses, was
masked or removed by the platform provider prior
to data sharing. The data is used exclusively for
research on anti-fraud methods and is not used for
any improper or harmful purposes. In addition, the
platform ensured that all collected transcripts do
not contain high-risk content related to financial
security or physical safety.
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A Details of Expert Rules

In this section, we present the detailed content of
the expert judgment rules specifically derived for
the online recruitment scenario. Each rule is stated
in natural language and specifies a particular behav-
ioral mode defined by the occurrence of distinctive
semantic events. These behaviors serve as decisive
indicators for identifying either a scam or a nor-
mal call. Notably, normal rules take precedence,
meaning that a call is classified as a scam only if
it explicitly triggers a fraud pattern in the absence
of any normal pattern. In addition, conversations
that do not trigger any of the defined rules are clas-
sified as normal by default. The complete lists of
these rules, categorized by their target class, are
presented in Table 10 and Table 11.

B Details of Primitives and Decision Logic

In this section, we present the definitions of the
semantic primitives used in our framework in Ta-
ble 12. Additionally, we illustrate the correspond-
ing logical decision functions derived from the ex-
pert rules in Table 13.

C Additional Framework Details

C.1 Implementation Details of Primitive and
Decision Logic Acquisition

As outlined in Section 4.2, the acquisition phase
yields a set of semantic primitives P and the
corresponding decision logic Logic(-). In our
practical implementation, to support effective
downstream data curation—specifically Primitive-
Relevant Span Extraction and Data Augmenta-
tion—we further refine the representation of each
primitive. Since relying solely on concise primi-
tive names may introduce semantic ambiguity and
limit the LLM’s ability to accurately locate evi-
dence or generate valid variations, we additionally
formulate a detailed semantic definition for each
primitive p € P.

We also provide an automated solution by
leveraging LLMs to parse and formalize domain-
specific rules into the required structured format.
The relevant prompts utilized for primitive extrac-
tion and logic parsing are presented in Table 14.

C.2 Implementation Details of
Primitive-Relevant Span Extraction

As outlined in 4.3.1, we employ an LLM as a zero-
shot extractor to locate evidence spans within the

call transcripts. Guided by the precise definitions
derived in the previous step, the model is instructed
to identify minimal text spans that remain seman-
tically complete for each primitive. The specific
prompts are presented in Table 15.

C.3 Implementation Details of Data
Augmentation

As outlined in 4.3.2, our data augmentation strat-
egy involves two key steps: Primitive Paraphrasing
and Semantic Injection.

First, to enrich the linguistic diversity of the tar-
get primitives, we instruct the LLM to generate
multiple conversational variations based on the se-
mantic description of each primitive. Subsequently,
we employ the LLM to seamlessly inject these gen-
erated variations into the background transcripts,
ensuring that the insertion maintains context coher-
ence. The specific prompts used for these tasks are
presented in Table 16.

D Experiment details

D.1 Details of Datasets

The RealCall dataset is collected from real-world
voice interactions on a large online recruitment
platform. The call transcripts were retained by the
platform as part of routine security monitoring to
detect and prevent malicious activities, in accor-
dance with internal operational policies. Before
being shared for academic research, the raw tran-
scripts were processed to remove sensitive informa-
tion, with private details filtered out or replaced by
generic placeholders. For dataset construction, the
training and testing sets were drawn from different
time periods. This temporal split reflects practical
deployment settings, where conversation contexts
change over time, and allows evaluation of how
well models perform on data collected after the
training period.

For the SynthScamCall benchmark, we fol-
lowed the dataset configuration described in Ma
et al. (2025).

D.2 Training Details

All lightweight models were implemented using Py-
Torch and the HuggingFace Transformers library
with the AdamW optimizer (Loshchilov and Hut-
ter, 2017). For all components involving Large
Language Models, we accessed Qwen3-max (Yang
et al., 2025) and Deepseek-v3 (Liu et al., 2024) via
the Bailian Model Studio API. We set the sampling
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temperature to 0.7 for all LLM inference tasks. For
all models requiring training, we conducted experi-
ments on a single NVIDIA RTX 3090 GPU, report-
ing the average results across three independent
runs.

Training Configurations. Regarding the base-
lines, we employed Focal Loss (Rasooli and
Tetreault, 2015) to mitigate class imbalance, with
hyperparameters set to « = 2 and 5 = 0.6. Specif-
ically, the standard Finetuned-BERT was trained
using a batch size of 64 and a learning rate of 2e-5
for 3 epochs. For MIL, we employed an attention-
based implementation, using a batch size of 32 and
a learning rate of 2e-5, training for 4 epochs. For
ELS, given the complexity of domain adversarial
training, we extended the training duration to 15
epochs, with a batch size of 32 and a learning rate
of 1e-5. Finally, for RNP, we re-implemented the
method using BERT as the backbone; both the gen-
erator and encoder were trained with a learning
rate of 1e-5 and a batch size of 32 for 4 epochs,
while the sparsity and continuity regularization co-
efficients were set to 1le-5 and 2e-5, respectively.

In terms of the generation-based methods, For
ZeroGen, we generated 2,000 additional samples
using prompts containing rule descriptions and one
real example. For ProGen, we held out 500 samples
from the training set as a validation set, and then
used prompts with rule descriptions, one real exam-
ple, and one generated example to generate 2,000
additional samples. For ELS, we used prompts that
explicitly instructed the model to produce samples
across different scenarios to generate 2,000 cross-
domain samples. We then used these samples to
train DANN (Ganin et al., 2016) equipped with
ELS for domain-adversarial learning.

Prompt Designs for Baselines. In addition to
our proposed framework, several baselines also
leverage LL.Ms for data generation. To ensure a
fair comparison and high-quality synthesis, we de-
signed specific prompts for these methods. The
exact prompts utilized for these baselines are also
listed in Table 17.

E Additional Experiment Result

E.1 Visualization of Distribution Shift

To intuitively illustrate the distribution shift be-
tween the training and testing sets, we visualize
the representations of the call transcripts. Specif-
ically, we extract the embeddings using the bert-
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Figure 5: t-SNE visualization of the transcript embed-
dings.

base-chinese model and apply t-SNE for dimen-
sionality reduction. As shown in Figure 5, there is
a clear distribution shift between the training and
testing samples.

E.2 Impact of the Number of Semantic

Variations
Number of Variations RealCall SynthScamCall
0 0.444 0.583
25 0.561 0.667
50 (Paper Default) 0.578 0.718
75 0.582 0.715
100 0.579 0.722

Table 6: Performance comparison with different num-
bers of variations (K) for data augmentation.

To evaluate the impact of the variation quantity
on model performance, we conducted experiments
with different numbers of semantic paraphrases
K. The results are presented in Table 6. As K
increases from 0 to 50, the performance improves
substantially on both datasets. This improvement
is attributed to the efficacy of data augmentation,
which exposes the lightweight model to a diverse
range of expressions beyond the original training
data, thereby enhancing its generalization capabil-
ity regarding the core semantics of the primitives.

However, further increasing the number of varia-
tions to 75 or 100 results in only marginal perfor-
mance gains. This plateau arises because the core
definitions of the Semantic Primitives in our frame-
work are inherently precise and singular. Conse-
quently, generating an excessive number of varia-
tions (e.g., exceeding 50) for a single atomic primi-
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tive tends to produce expressions that are either rare
in daily speech or increasingly ambiguous, offer-
ing limited additional value to the training process.
Therefore, we selected K = 50 as the optimal
setting to balance computational efficiency with
detection performance.

E.3 Impact of the Number of Augmented

Primitives
Augmentation Setting RealCall SynthScamCall
6 Primitives (Paper Default) 0.578 0.718
12 Primitives (All) 0.583 0.721

Table 7: Performance comparison with different num-
bers of primitives for data augmentation.

Type Description
1 Mentions a large number of recruitment positions.
2 Mentions security guard positions.
3 Mentions that room and board are provided.
4 Mentions onboarding training.
5 Mentions arranging work nearby.
6 Mentions having branches nationwide.

Table 8: Descriptions of the primitives used for augmen-
tation.

To evaluate the impact of the number of aug-
mented primitives on model performance, we con-
ducted experiments comparing our default augmen-
tation strategy against augmenting all available
primitives. As shown in Table 7, we evaluated
these configurations across different datasets.

In our default setting, we strategically selected
six specific primitives for augmentation, as detailed
in Table 8. This decision is primarily based on the
observation that the occurrence frequency of dif-
ferent semantic primitives in our training dataset
varies significantly, forming a long-tail distribu-
tion. Primitives associated with standard recruit-
ment procedures (e.g., explicitly specifying job
titles or inviting for an interview) appear frequently
within the large volume of normal calls. This high
frequency allows the model to learn these features
effectively without requiring additional augmenta-
tion. Conversely, other primitives appear sparsely
due to the inherent data distribution. This sparse
category includes specific job types with lower sam-
pling frequency and, more notably, core scam in-
dicators that are naturally rare due to the scarcity
of scam samples. To address this imbalance while
maintaining computational efficiency, we explic-
itly targeted the six least frequent primitives for

augmentation.

To empirically validate this design choice, we
also experimented with extending the augmentation
process to include all 12 primitives. The experi-
mental results indicate that augmenting all primi-
tives yields only marginal performance gains. This
demonstrates that the model has already learned
sufficient features for the high-frequency primitives
directly from the original data. Therefore, further
augmentation is unnecessary.

E.4 Impact of Multiple Instance Learning
Window Size

Window Size RealCall SynthScamCall
10 0.091 0.234
25 0.116 0.253
50 (Paper Default) 0.141 0.246
75 0.131 0.261
100 0.143 0.242

Table 9: Performance comparison across different win-
dow sizes.

We evaluated the window size of the Multiple
Instance Learning baseline. As shown in Table 9,
the model performance remains consistently low
across all settings and exhibits only marginal fluc-
tuations. This result demonstrates that the under-
performance of MIL does not stem from improper
hyper-parameter selection. Standard MIL formu-
lations typically assume that a label is determined
solely by the presence or absence of isolated suspi-
cious segments. Such an assumption is insufficient
for accurate judgment because the final verdict in
complex fraud scenarios depends on the logical
combination of multiple segments. Furthermore,
the diverse and lengthy contexts in call transcripts
often lead the MIL classifier to identify spurious
correlations that do not indicate actual fraud. Re-
gardless of window size adjustments, MIL fails
to function effectively and maintains a significant
performance gap compared to our proposed frame-
work.
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Scam Rule Content

() BIESCRBR U AR ALATR, HRABIME NS, WA RIS - (Ui RIS L2 R RS0
?WIW%%%W“m&ﬁ%%%%““mﬁ%%%é%@%ﬁ%%%,Ea%%%%ﬁm@ﬁ%ﬁﬁ%ﬂﬁm
Vo

Trans: If the call transcript does not specify a job title and mentions many recruitment positions, it is classified as a fraudulent
call. Supplementary note: "Many recruitment positions" refers to cases where expressions like "many jobs," "positions are just
many," or "quite a lot of positions" appear in the text. Note that it specifically refers to a large number of positions, not just a few.

(2) JBIE SR F R E R KA Z « BLiA KB - "L, (EIRENA] LIAIZ (L E R VEYRIE T - *h il “EiEa
FE RSP B BA XA B ER <A LX DR B AR LIFE R -

Trans: If the call transcript does not mention that the position is for security, delivery, or driving, but mentions that room and
board are included, it is classified as a fraudulent call. Supplementary note: "Room and board included" refers to cases where
expressions like "we include room and board here" or "we provide food and living" appear in the text.

Q) IBIECAR PP R SRR LA RN, ER B FFEAGUE N VEYRE S - *hEBRE: < ABRESI R F8 30+ H
BFA ARG SXDERENGED, REFRHIERLRBRER -

Trans: If the call transcript does not mention the position is for delivery services, but mentions mandatory onboarding training,
it is classified as a fraudulent call. Supplementary note: "Onboarding training" refers to cases where expressions like "we will
have pre-job training" or "someone will lead you here, then there will be training" appear in the text.

(4) TBIESCR R B R X AR AL B REAN, (52 N AT DUt e if TR VG S - #hFE i il &
TR LA IR L HE S R DRI RIE L, TR AR & B R EE L, TR L Hp 4 i -
Trans: If the call transcript does not mention the position is for a driver or delivery services, but mentions that work can be
arranged nearby, it is classified as a fraudulent call. Supplementary note: "Nearby arrangement” refers to cases where expressions
like "arrange nearby for you" appear in the text. Note that it must contain the key semantic of "nearby" and cannot be vague
terms like "arrangement" or "assignment."

(5) WIE AR A A $ M pd AR AL - BLia KA, BIR N EHE 9 AR I VERETE - theii. “eE#E 5N
AR SR OB R 2 AR, 2ERHEEZ AT B EEEESIIE 7 IE - “E2EExRD A7)
SERLFGAREOL, ERLAGREE2ETLE, MAZIEREE LR AT X -

Trans: If the call transcript does not mention the position is for a driver or delivery services, but mentions having branches
nationwide, it is classified as a fraudulent call. Supplementary note: "Branches nationwide" refers to cases where expressions
like "we are company xx, with multiple branches nationwide," "our shops have branches all over the country," or "there are xx
branch companies nationwide" appear in the text. Note that it must emphasize "nationwide scope," not just specific cities or
regions.

Table 10: Detailed Content of Expert Rules for Scam Calls

Normal Rule Content

(1) SCA R E TR ES J7 B VE 4 B 3 Bk (5 B % IE % B 1E - AR VR SO H IR A T ik X+ “ff Frxxok
JExx e~ H S Exx] G S RAUFA G B R EFETE, R AR 4 WAL 2 U TR A4 -

Trans: If the text mentions detailed address information of the recruiter, it is a legitimate call. Supplementary note: Expressions
like “we are in xx district, xx city,” “located on floor xx, xx building,” or “location is near xx square” indicate a legitimate call.
Note that company names, shop names, and mere province/city names do not count as detailed addresses.

(2) FREE T BOE IR N IE R @S -« FNFEULRH: SO H I AR R DT e R TR < R TEIR— TS R UFRE U2
IEHIETE, T AR AR Sk R -

Trans: If the recruiter invites the candidate for an interview, it is a legitimate call. Supplementary note: Expressions like “when
is it convenient to come for an interview” or “come over for a talk” indicate a legitimate call. It must explicitly mention an
interview rather than phone or online contact.

Q) T BIEL T T NIERE I - AR ORI RE B SR MURA NI R EFEE, TR LET
ST AR IR LERA -

Trans: If the recruiter invites the candidate to visit in person to understand the job, it is a legitimate call. Supplementary note:
Expressions like “come over and take a look™ indicate a legitimate call. It must explicitly mention an offline visit rather than
phone or online contact.

Table 11: Detailed Content of Expert Rules for Normal Calls
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Semantic Primitive Content

P P AHAEE I - Trans: Mentions onboarding training.

D2 PN ZHE TAE - Trans: Mentions arranging work nearby.

D3 P& ) ENZ 4 - Trans: Mentions that room and board are provided.

D4 N2 EEEKE 5 /A F] - Trans: Mentions having branches nationwide.
D5 RPEIEE L% - Trans: Mentions a large number of recruitment positions.
D6 TEVE SN B EL A R (744 77 - Trans: The call explicitly specifies job titles.
D7 P& FIHLEAAL - Trans: Mentions driver positions.

D8 P2 BiE SRR - Trans: Mentions delivery-related occupations.

P9 B ARZ XL - Trans: Mentions security guard positions.

P1o HET #EL TS UL T fi# - Trans: The recruiter invites for an offline visit.
P11 AT %5 - Trans: The recruiter invites for an interview.

P12 BT8R LA B AR5 B - Trans: The recruiter mentions specific address information.

Table 12: The Set of Semantic Primitives

Behavior Pattern Logic Function

Scam Rule 1 —z6 N\ 25
Scam Rule 2 —z7 A zg A 29 A 23
Scam Rule 3 —z8 A 21
Scam Rule 4 —z7 A\ zg A 22
Scam Rule 5 —zr N zg A\ 24

Normal Rule 1 210

Normal Rule 2 Z11

Normal Rule 3 212

Table 13: Logical Expressions for Detection
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Prompt Name

Prompt Content

Rule Decomposition

TEARIELL TR, R LS o b RZ B R A =, I LIS R FIJSON #82
B RSN 1L DHTLUT CREEAAIN: {rule} - 2. REZAIN S8 T4
FoME, HEHZHZHEM (AND- OR- NOT) HE MK — 1 ZERMZBHREARX .
HAFELIFAAEESRHER, G FENE] BERENERN: NOT[FH
TN 3. f LT — TISON X 5, HAXE & — 1. “output”. 7R
: {{“output”: “(NOT [Eifi AT E AR 14 F7]) AND [fREIFREE AL Z 7)) - A
BNIE RSN BB R SO - 4 ER I BIRIZEERA A e R 5 s AL
HIAITIZEE, S5 (FmaR BRI AT, B R TT R BT FIE, A EE & RGN+ Y
BRI SRR - TR -

Trans: Please convert the given rule into a standard logical expression according to the
requirements below and output it in the specified JSON format. Task Instructions: 1.
Analyze the following summarized rule: {rule}. 2. Decompose the rule into atomic conditions
and combine them using logical operators (AND, OR, NOT) to form a complete logical
expression. Each condition must be enclosed in square brackets, e.g., [Condition Content].
Negated conditions should be denoted as: NOT[Condition Content]. 3. The output must be
a single JSON object containing exactly one key: “output”. Example format: {{“output”:
“(NOT [Call transcript specifies exact job title]) AND [Mentions multiple positions]”}}. Do
not add any extra fields or explanatory text. 4. Notes: Ensure the logical expression fully
covers the decision logic of the original rule. Condition descriptions should be concise and
unambiguous. Do not include examples or non-judgmental text found in the original rule.
Please begin.

Primitive Definition

H: {rule} o ZK: SXGHNNG K AL S ELHE {primitive 1)...... {primitive K}, f™#%
RN FIAZS, WA ST & SRR, SR, [({“Primitive”: 2 R4
PR, “Definition”: 2 5. X} 455 H i Hjsontg = -

Trans: Rule: {rule}. Requirements: The key points involved in this rule include {primitive
1}... {primitive K}. Strictly based on the content of the rule, define and describe each point.
The output format is: [{*“Primitive”’: Point Name, “Definition”: Point Definition}]. Output
the result in JSON format only.

Table 14:

List of Prompts for Primitive and Decision Logic Acquisition

Prompt Name

Prompt Content

Span Extraction

B N : {call transcriptjo K. 22— 1 B ERWNET R . HER
P {primitive } Fl {definition of primitive}, ¥ATLLF/ES: 1. HEMH: &4 €
SERRERARZ A R K o 2. BRBOUAR A B TE R R H BT 1 S LS T
R R BN TR T A A B ER Bl AE R, BEMAL R —
B RAIREfiA, #RTTR LTI R GEESCRP TEILE N, Mspan 5
BN AZFR[ - 3. HiHAgs: 1BE—/JSON ¥4, & &primitive Fspan 5

FY o

Trans: Input: {call transcript}. Requirements: You are an information extraction expert.
Please execute the following tasks based on {primitive} and {definition of primitive}: 1.
Understand Primitive: Accurately grasp the semantic requirements based on the definition. 2.
Extract Text Spans: Identify all shortest complete sentences or clauses in the text that strictly
satisfy the primitive semantically. Requirements: Spans must be semantically complete and
independent; be as concise as possible to avoid redundant context; if there is no matching
content, the ‘span‘ field should be an empty list []. 3. Output Format: Return a JSON object
containing ‘primitive‘ and ‘span‘ fields.

Table 15: Prompt for Primitive-Relevant Span Extraction
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Prompt Name

Prompt Content

Primitive Paraphrasing

IX A — U 3 BEE U ) S B L S LR {primitive} {definition of primitive} - &4
A% {num_generate} i 1E H HIANE IFRIE

Trans: Here is a key semantic point of a recruitment call and its description: {primitive}
{definition of primitive}. Please generate {num_generate} different conversational expres-
sions for this point.

Semantic Injection

B \: {call ranscript} - ZK: FEANKENFE SR FA BUARIRHER T, K A Bt{span}
HIRHMEIAZNZIE TGN AT - WRRRELSN « B MR SRmEAE, (VEE
BN ERAZEE, FHEIEGER - AL T2 H.

Trans: Input: {call transcript}. Requirement: Without altering any original paragraphs of
the text, naturally integrate the fragment {span} into the call content. Ensure the original
structure, word order, and wording remain completely unchanged, inserting the phrase only
in an appropriate position to maintain semantic coherence and contextual logic.

Table 16: List of Prompts for Data Augmentation Strategy in Our Framework

Prompt Name

Prompt Content

ZeroGen

PR & T H) W 08 1% SO 2 5 o IR % B IE B % B E AL . (normal rule
1}...... {normal rule K}, {scamrule 1}...... {scam rule K} ;

T —MPPRFEEE AR (HEHIH: {type of call transcript}) :

{ 0r1g1na1 call transcript}

TEARYE DL LN 5 om G SOR RS - F/ - B WA, ER—12En-. 5

NGRSl D CATIY E /N

Trans: Here are the rules for judging whether a call transcript is normal or scam: {normal
rule 1}...{normal rule K}, {scam rule 1}... {scam rule K}.

Below is a sample call transcript (Category: {type of call transcript}):

{original call transcript}

Please generate a brand new call sample of the same category as the example, based on the
above rules and the style, theme, tone, and content structure of the sample text.

ProGen

PLR 2 T A Wil & AR 2B N IEFEIESNREEEIEMNHN: {normal rule
1}...... {normal rule K}, {scamrule 1}...... {scam rule K}

THEZEFNIZRFETE AR (HZE50: {type of call transcript}) :

{original call transcript} { generated call transcript}

TEARYE LA SR B ORI RS - E/ - S WA, AR, 5

IR 2R 5B HEIERE A o

Trans: Here are the rules for judging whether a call transcript is normal or scam: {normal
rule 1}...{normal rule K}, {scam rule 1}... {scam rule K}.

Below are two sample call transcripts (Category: {type of call transcript}):

{original call transcript} { generated call transcript}

Please generate a brand new call sample of the same category as the example, based on the
above rules and the style, theme, tone, and content structure of the sample text.

ZeroGen for ELS

LR 2 2 Wil 3% SCAR 2 B o IEF#E1E s FE @ E ML {normal rule
1}...... {normal rule K}, {scamrule 1}...... {scam rule K}

THEE—NIREEETE AR (HEHIH: (type of call transcript}) :

{original call transcript}

mﬂ‘%ﬁ%iﬂﬂ” S5IREISCREINES ~ B, ER— D ARGRE - 57-60F K58

pEER?

Trans: Here are the rules for judging whether a call transcript is normal or scam: {normal
rule 1}...{normal rule K}, {scam rule 1}... {scam rule K}.

Below is a sample call transcript (Category: {type of call transcript}):

{original call transcript}

Please generate a call sample of the same category as the example but in a different scenario,
based on the above rules and the style and tone of the sample text.

Table 17: List of Prompts for Data Generation Strategies Used by Baselines
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