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Cross-Lingual Abusive Language Flagging

Cross-Encoder Architecture

e Online abusive language harms users of online platforms and has the
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potential to incite violence [Muller and Schwarz, 2018]. ; \ c
e Types of abusive language that online platforms want to flag: : q, o Sl v > rep, — g Rz Neighbourhood
o Hate speech l § < |7 PN, | < Representation
| - \4
o Offensive language I q,C3 S| & s rep; /> 5 .
o Cyberbullying | . 2 s 3
o Hostile flames | : : —
o Vulgar language : V
o Insults : q,Ck |[—> > repy L, Cross-entropy loss
. |
o Profanity : Decision: Is the query q Flagged or Neutral
© .- I Classify g based on neighbourhood representation.
e [nflammatory content on FB was up 300% before Delhi Riots ! We know the label of q at training time. :
: . _ . : I
o The New York Times had said that of India's 22 officially recognised |
. . . . . . | ~
languages, Facebook has trained its Al systems on five. But in‘Hindi : 41 > 2| rep Neighbour, ¢
. . . . | T
and Bengali, it still did not have enough data to adequately police : 7o s s sre Cross-entropy loss { | \
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the content, and much of the content targeting Muslims "is never : 3 \ . —> glal Abusive Benign
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flagged or actioned." ! s S S s o %’ S d;‘f Abusive | Entail (1) | Contradict (0)
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p & Benign | Contradict (0) Entail (1)
Problem Definition 7 —> s rem Query (q)
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. @ Content flagging with two classes . L=(1=-X)XLg+AXLy
. @ Cross-lingual transfer learning challenge ' Multi-task Learning Loss 1

Is the content flagged or not: Result: Cross-Lingual Transfer Learning

o Inference: retrieve neighbourhood and classify content
o Neighbourhood database enrichment without re-training

e Explanation of classification decision based on influential neighbours

o P-XLM-R — XLM-R trained with paraphrastic knowledge based on a
large number of paraphrases
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Our Proposed |
°Retrieve neighborhood a Represent content and neighbors I | : —
Framework | Ll i b * The feature
(kN N+) siktir git istemdigimi yaparim q : # l Met.hod ES IT TR DE EN HR RU SQ TR extractor model
\\ / : 1 | Lexicon 358 405 340 709 70.6 639 636 582 718 Could be XLM'R and
2 | FastText 553 472 642 742 727 589 742 659 725 1
Content : P 'XLM'R .
Ml I 3 | XLM-R Target 635 564 80.6 821 757 732 767 713 788
Pl Nidhibous optimized with I 4 | XLM-R Mix-Adapt 642 585 761 832 939 873 821 862 86.0
e s °'Zsbsj;ﬁc°tf:;°" nn, I 5 | XLM-R Seq-Adapt 60.5 583 812 839 880 80.0 800 863 835 ** SRC indicates we
flagged F*** off | do what | want / \ I irained the
: LaBSE-KNN 447 485 660 708 77.1 841 79.1 831 756 re-trai
® |nteraction vectors (core neutral Nah man | do what | want . I . ' P
ribut ( I ————— nn, | 7 | Weighted LaBSE-KNN 448 383 521 717 854 824 795 837 810 neighbourhood
contri U. IPn) . 1 8 | CE kNNt + MXLMR 589 638 785 804 83.8 862 776 835 854 model by using
e No explicit voting e Construct interaction vectors | 9 [ CEKNN* + MEXLMR 94 670 844 848 880 863 838 830 865 | . English
° Understanding the | 10 | CEENN* + MEXMR > SRC 612 61.1 850 895 923 90.6 849 895 87.3 IgSaw English as
. q nn, q nn, q nn, : 11 | BEANN* + MYLMR 522 603 750 816 808 779 780 79.6 796 sources of query and
neighborhood at : | 12 | BE ANNT + MEXLMR 588 56.6 80.6 838 869 822 869 849 837 neighbours.
representation level - J : 13 | BEANN* + MPXIMR _, gRc 591 595 816 887 907 87.6 863 902 887
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O Abusoiciassier | . Result: Examples of Nearest Neighbors
v |
flagged : _ e el T .
: Turkish Query (flagged): siktir git istemdigimi yaparim
Text BE KNN* LaBSE Label
. . Score Score
Query-Neighbor Interactions S
; B off i do what i want 099  0.88 | flagged
I B you i do what i want 1.0 0.84 | flagged Re-rank items
I 1 have going to do what ever 1 want -0.19 0.83 | neutral based on BE
I . :
7.c1 —— Separate encoding | - u 1 will do as 1 please 1.0 0.81 | flagged kNN+ scores and
4 repy | off off i do whatiwant | 1.0 0.77 | flagged i
Joint encoding q,c Query () and I h =4 , 0'1 O. s &8 l compute majority
2 > @ > == . -VU. 2 € :
concatonation) 2 reps Neighbour (c) ~[0 o = : pa man i do wat 1 want. 9 7 neug 1 voting at rank 5
Query (q) + S After traini ahb g : 1 shall go ahead and do it -0.18 0.74 neutral
_ = | ¢ S| LSl rep; < er training neighbour S : : 0 i .
Neighbour (c) - 2 - representations can be L o, rep, — I whgaa.t what.eva 1 do what 1 want 0.2 0.72  neutral
5 . stored and directly . 2 . | ok 1 will do it -0.17 0.69 neutral
° ° used at inference time o . : great 1 will do what you are saying -0.16 0.68 neutral ’
q, Ck > >| repi < iy |—3! repi (— I
Cross-Encoder Bi-Encoder : CO n CI usions
I
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: e Neighbourhood framework is effective for cross-lingual transfer learning
e Two choices for Mfeature : e Separate encoding of query and neighbours are effective
| : : :
o XLM-R (base model) 1 | o Possible to store dense vector representation of the neighbourhood database
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