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Video Frame Sequence Soeurca PDF - extraction-based summarization
XESEFF;ASBL!:I RqﬁgSECLASSIFICAﬂON o= | Abstract: Adversarial attacks
Bl against deep networks can be Give each sentence in the original text a binary label (0 or 1),
defended against either by
Bl robuet elnssiirs or where 0 means that the sentence does not belong to the abst.ract
by creating classifiers that can and 1 means that the sentence belongs to the abstract. The final
detect the presence of summary consists of all sentences labeled 1.
adversarial perturbations.
Certifiable robust classification M ICLR Although []
Coty s o i et Introduction: Despite
T 5 popularity and success of
deep neural networks in many
applications [...] , - abstraction-based summarization
.« = | Background: Let us consider
Crrenmmmn = Ll an L-layer feed-forward neural - -
T —— nhetwork, trained for a K-class Generative summary, Whlch attempt_s t_o generate a summary by
— classification task. [...] understanding the meaning of the original text.
zoeo - @ - Based on code-decoding generative digest, text is encoded in
s 10 Acoustic input ] ) i
., R, e semantic vector space, and then word by word digest is
||||| llllll llllllll generated by decoding network




VERIFIABLY ROBUST CLASSIFICATION OF
ADVERSARIAL INPUTS WITH DETECTION

Certifiable robust classification M ICLR

+ Canfy commet classification aver all passible admissible parturbations

« Verification: Lawsbeond the miesmizat

Classification of adversarial examples MY ICLR

+ imperceptible perurbations which it added to images, lead to misclassification

Source PDF

Abstract: Adversarial attacks
against deep networks can be
defended against either by
building robust classifiers or,
by creating classifiers that can

detect the presence of
adversarial perturbations.
Although [...]

Introduction: Despite

popularity and success of
deep neural networks in many
applications [...]

Background: Let us consider
an L-layer feed-forward neural
network, trained for a K-class
classification task. [...]
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- Limitations

Hard to keep up with the current literature by going through
every piece of text in a research article.

The text alone can not comprehend the entire gist of the
research article.

- the current paper offers

Multimodal information

- the visual modality to capture the visual elements,

- the audio modality to capture the tonal-specific details of the
presenter

- the text modality to help the model align all three modalities.
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HCL(X) = Hx+b (1)
H=37 Pi®Q; Kronecker products

O,K,V = ®(HCL(X)). (2)

QKT
Vi

X =HCL([Hy + ... + HNumh]) (4)

A = softmax(

) (3)

Y = HCL(ReLU(HCL(X))) (5)

Hyper Complex Layer

Artificial Intelligence
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Type Shstemn mTLDR How?2
R1 R2 RL BERTSc. FEQA R1 R2 RL BERTSc. FEQA
Lead-2 22.82 4.61 1547 61.27 3245 | 4396 1331 39.28 71.56  32.28
LexRank 27.18 6.82 17.22 63.23 34.21 | 2793 1288 16.93 64.52  31.89
Exctr-text TextRank 27.43 6.86 17.41 63.34 3429 | 2749 1261 16.71 64.55 31.92
MMR 29.54 8.19 18.84 64.59 35.67 | 28.24 13.12 17.86 64.87 31.98
ICSISumm 31.57 9.52 19.42 65.84 36.14 | 2853 1344 1793 65.14  32.16
BERTExtractive 31.52 9.49 19.31 65.83 36.13 | 27.18 1247 15.38 63.47 31.67
Seq2Seq 23.54 5.61 15.48 62.47 3157 | 5537 23.08 53.86 76.15  36.48
PG 23.59 5.78 16.21 62.71 3184 | 51.68 22.63 50.29 73.47  35.37
CopyTransformer 25.63 7.82 18.54 63.11 37.86 | 5294 23.25 50.26 73.58 3543
Abst-text Longformer 21.37 6.47 15.12 61.05 32.14 | 4924 2139 4741 72.39  35.28
BERT 24.87 8.85 18.33 6291 3189 | 53.74 23.86 48.06 73.45  35.62
BART 26.13 9.69 19.62 64.24  38.64 | 53.81 23.89 48.15 73.51  35.68
IS 25.87 9.24 18.63 64.13  38.45 | 53.21 2251 4748 73.42  35.65
Pegasus 26.66 9.83 19.26 64.85 36.98 | 53.87 2391 48.17 73.61  35.70
Video only Action features only 26.38 6.47  15.37 6248 30.41 | 4524 2442 3847 69.74  31.28
RNN (Action features) | 26.73 6.51 15.75 63.14  31.35 | 48.27 27.74 46.37 7232 3511
HA 29.32  11.84 26.18 67.24  39.37 | 55.82 3831 54.96 77.15  38.55
FLORAL 31.69 13.54 31.55 69.56  41.19 | 56.84 39.86 56.93 79.84 39.14
Multimodal | MFFG 33.19 18.88  33.28 7154 43.13 | 61.49 4461 57.21 80.16  41.59
ICAF 36.38 20.54  34.52 73.94 4563 | 63.84 44.78 58.24 82.39  42.86
mTLDRgen 41.62 22.69 37.87 78.39 48.46 | 67.33 48.71 61.83 84.11 44.82
AnTiDRgen | BEST T524 T215 T3.35 T445 7283|7349 71393 T13.59 TA#2 1196

Table 3: Ablation study to show the efficacy of each module of mTLDRgen.
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Rouge-1 Rouge-2 Rouge-L BERTScore | Rouge-1 Rouge-2 Rouge-L BERTScore
Transformer 25.63 7.82 18.54 63.11 52.94 23.25 50.26 73.58
+ DFHC 29.37 11.78 23.19 67.81 57.34 28.71 56.02 77.31
+ WRET 34.52 14.82 26.54 72.06 61.12 36.89 58.1 81.44
+ DFHC & WRET 37.34 18.32 32.49 74.58 64.23 42.61 59.02 82.45
mTLDRgen 41.62 22.69 37.87 78.39 67.33 48.71 61.83 84.11

Modality Rouge-1 Rouge-2 Rouge-L

Text +Audio 27.46 7.47 19.62

Audio +Video 27.62 7.53 20.11

Text +Video 28.05 7.83 24.49

Text +Audio +Video 41.62 22.69 37.87
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Table 6: Human evaluation scores over the metrics — Informativeness (Infor.), Fluency, Coherence, and Relevance for the
text-based baselines (BART and T5), multimodal baselines (MFFG, FLORAL, and mTLDRgen) on the mTLDRgen and How datasets.

Modality | System I il i

| Infor. Fluency Coherence Relevance | Infor. Fluency Coherence Relevance
Abstractive-text BART 2.81 2.51 2.94 2.85 2.34 2.37 2.46 2.54
Abstractive-text T5 2.78 2.49 2.81 2.74 2.33 2.28 2.43 2.54
Multimodal FLORAL 3.2 3.03 3.02 3.11 3.13 3.14 3.08 3.13
Multimodal MFFG 3.21 3.05 3.09 3.11 3.17 3.21 3.04 3.11
Multimodal mTLDRgen 3.46 3.32 3.27 3.29 | 3.34 3.27 3.21 3.18
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