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Conversational Fraud in India

Phone scams cause financial and emotional harm,
especially for vulnerable users.




Real Indian conversations are often code-switched

English + Hindi = Hinglish

Existing benchmarks largely miss this setting.



Detecting fraud after the call 1s too late!

Early Suspicious Fraud Signal
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The model must decide with incomplete information.




Practical protection must be lightweight!

L

b

Designed with low-resource and mobile settings in mind.



Benchmark Design Requirements

Indian bilingual Streaming Explainable ~ Allin one
context labels rationales benchmark



ICFD-31k Overview

An Indian-code-mixed, real-time conversational fraud detection benchmark.
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31,000+ Hinglish 1.1M+ Streaming = Explainable
conversations | fraud umbrellas code switch temporal chunks Labels Rationales

Built for early, practical fraud detection in India.
From bilingual conversations to real-time, explainable decisions.



Scenario Diversity and Controlled Generation
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~31K configurations

1.96% average 3-gram
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Conversation Generation Overview
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Generation Pipeline
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Benchmark Tasks: Static, Streaming, and Unseen fraud

Streaming Cross Domain
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t1 t2 t3
(~3s) (~6s) (~9s)

Full conversation Cumulative conversation every Train on 10 main umbrellas
One fraud / benign prediction ~3 seconds Test on 5 unseen fraud types
One final rationale Verdict + rationale at each point 1,000 unseen conversations



Expert Annotation Study

5 expert annotators

100 conversations

sampled
fraud / normal
clear / subtle / ambiguous

15 shared Each expert provided
COHVgrsatlonS E fraud / normal verdict
rated independently by E confidence & comments

all 5 experts

Cohen's K = 0.566

(meanwise kappa) moderate agreement on deliberately difficult cases



Full-Context Classification

Static classification - full conversation available - F1 (%)

Zero-Shot Small LMs

Trained & Classical

RoBERTa [N 994

Word SVM I 98.6
Word + Char SVM I 98.6
Char SVM D 984
ModernBERT [ 98.4
MobileBERT NN 953
Word + Char LR [ 98.1
DistilBERT [N 97.8

Word LR [ 97.7
Char LR [ 97.1

0/7797 98 99

100 0 25 50 75 100

“Includes additional post-acceptance benchmarking on ICFD-31k.



Cross-Domain Evaluation on Unseen Fraud Types

Cross-domain evaluation - Train on 10 fraud umbrellas - Test on 5 unseen fraud types - F1 (%)

Trained & Classical Zero-Shot Small LMs

RoBERTa [ 93.0

Word LR [ 91.3
MobileBERT NG 91.2
Word SVM [ 89.2

Word + Char LR IR 59,0
DistiIBERT [ 377 Granite 4.0 18 I 77.9

Char LR [N 87.5 Gemma 1.1 28 [T 50.3

Word + Char SVM [ 86.9

ModernBERT N 386.9
Char SVM [ 83.2

0/7782 84 86 88 90 92 94 0 25 50 75 100

“Includes additional post-acceptance benchmarking on ICFD-31k.



F1 (%)

Streaming Zero-Shot Performance Over Time
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Encoder Performance in the Streaming Setting

Supervised streaming evaluation « F1 (%)

RoBERTa Base 95.59
ModernBERT Base =—mmm—— 8 0527
DistilBERT ~=—————————————® 0516
MobileBERT =——® 95.06
95.0 95.2 95.4 95.6

0 // 95



Fraud Detected by 60s (%)

Early-Detection Trade-off at 60 Seconds
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Benign calls falsely alerted by 60s (%)



Thank You!

oo, LFR Py

Bilingual Realtime Broad Bench Practical
. o , Classical + encoders + Compact models
English + Hinglish Detection as call unfolds small LMs remain competitive

Github & Code Dataset Contact Authors
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