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. _Goal Proposed Approach Results
> Detect and recognize visual concepts in videos in a weakly supervised manner, mining » Dual Modality scheme: Two data streams flowing in paraIIeI - Representation: features- > COGNIMUSE Dataset: 5 movies + scripts: Dev Set (DEP, LOR) & Test Set (BMI, CRA, GLA).
their labels from an accompanying descriptive text. | _ . o
> Visual Concepts: Spatio-temporally localized video segments that carry a specific « Visual Objects ‘-\ ' Temporal interval: - > Conc_ept Deteqtlon and Eeaturg Extragtlon. » Label Mining from the Text:
_ o Faces: Detection & Tracking & Alignment: [3] F : t list + stri tchi
structure in the visual domain. . Class: latent variable - | o Faces: cast list + string matching
> Examples: S5y R T - Textual Obiects "\ - . /\ Representation: VGG o Actions: short sentences +
P el J - w1 W . — 77 Kernel: min-min RBF R
=aal o pr- = | - 2 | . Imolied label: [yw J _ _ sentence similarity +
i R P P ' o Actions: Detection: Manual similaritv threshold @
1. Faces —| - 5 et Bas ; : 5 N y tnresno
2. Actions SR T B — s Hr R R Eo e * Temporal interval: [ = [t twﬂ Representation: C3D o Temporal intervals: script to
: =l= - g » ty, tw, 15 by, by, by, o, 1y, th, th, time Kernel: Linear : :
3. Scenes -~ : , - subtitle alignment (DTW)
4 Objects ' Rt e > Weakly Supervised frameworks: - > Face Recognition:

* Fuzzy Sets MIL (FSMIL): Fuzzy bags of Multiple Instances.
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o Bojanowski et al. 2013 [3]: treats both ambiguities with hard constraints (MIL).

N
e A | \ 3 o Miech et al. 2017 [4]: extension of [3]. Extra constraint for background concepits.
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> Motivation: with the tatural o embership grade | _— step out of car takes off at Text+MIL 0.433 | 0.656 | 0.544 0.551 | 0.434 | 0.437 | 0.474 0.502
Why Natural Language? . . I P— am{’ g SIFT+MIL 3] 0.630 | 0.879 | 0.755 0.724 | 0.644 | 0.681 | 0.683 0.711
+ Rich semantics — interpretable — easy to extract. * Probabilistic Label MIL (PLMIL): N STFT+FSMIL 0.693 | 0.881 | 0.787 || 0.770 | 0.691 | 0.746 | 0.736 || 0.756
Why Weak Supervision? Each bag is assigned (1) = Pl = yluw T T T o VGG+MIL 0.834 | 0.954 | 0.894 || 0.825 | 0.696 | 0.830 | 0.784 | 0.828
* Reduce the time-consuming and costly procedure of manual annotation. a probabilistic label. | or fwi for o fop fwitwy P2 foy fwy Pws wy  lime VGG+FSMIL (Ours) | 0.864 | 0.952 | 0.908 | 0.857 | 0.731 | 0.901 | 0.830 || 0.861 ||
a) Achieve recognition in data b) CoII_ect new data to train fully Unsupervised estimation b () £ 30)/ Z St Wi, =034, 0.6, 0, 0, 0] S [4]+VGG: fg 0.788 | 0.898 | 0.843 | 0.666 | 0.479 | 0.577 | 0.574 || 0.682
annotated sparsely/imprecisely. supervised models. via semantic similarity. )= (o AO-“""S“ ‘running’, “driving car” 4]+VGG+FSMIL: fg | 0.810 [ 0.913 | 0.862 || 0.696 | 0.505 [ 0.651 | 0.617 || 0.715 ||
i .. i . w2 = “getting out the car’]. 4]+ VGG: bg 0.185 | 0.189 | 0.187 || 0.304 | 0.047 | 0.052 | 0.134 0.155
. > Discriminative clustering model (DIFFRAC [1]):  “u/®) (), 4, o SOROUL O car
Overview » © clusiering Mot ‘f ke [j)b y \ Y 0 . T TR 0T,
S —— * Ridge regression with linear classifier|f(x) = ¢~ w : : " .
> Challenges: ge reg i Q mmamn »> Action Recognition: mean per sample accuracy curves for 6,8 & 10 action classes.
° 10- I I - ifi 10- )\ ) i) ) 03, Uy (U3 1 = ext+ =0. 1 | —Text+ = 1 '
Spatio Ter_nporal ambiguity: absence of specific spatio-temporal correspondence min HZ XTw— lva T+ Tr(w w) " 3”W2( . . ol —gpj;ngﬁ\:vl_sliﬁt;.zggis(modified) (AP=0.240) _  Bojanowski et al. 2013 (modiiec) (AP=0.213)  oanowsls ot e, 2013 (modified) (AP=0.179)
between visual and textual elements. Zyw,b 2V 2 Sim+ MILAR 0180 S+ MLAP=0208) %l Sim MILAP=0163
+  Semantic ambiguity: Words/sentences may have various different meanings. "l TsmerswLgeozen 0 —g{mmﬁfﬁﬁ o | “smersmLanom
» Contributions: Closed form w.r.t classifier . . . Y= N = e T g S ePLMILFSIL Ourd (AP=0.552
1. We introduce two novel weakly supervised techniques that extend the Multiple > Our approach: f 1 o9
Instance Learning (MIL) framework. [ Loss + } 1 gos
* Fuzzy Sets Multiple Instance Learning (FSMIL) - Spatio -Temporal ambiguity. Reqularizer min/Tr(ZZTA(X,\)) + & )J }J -gfuy, [ Relaxing the constraints } S
* Probabilistic Label Multiple Instance Learning (PLMIL) - Semantic ambiguity. _ Z8 EW yEVu S
2. We propose an unsupervised, semantic similarity based method to extract weak S.1 = o
labels from complex textual semantics. Vwe W ’- Z Zvy-Z 1 = Cuwy |
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 Unidirectional Model: Text = Video | Extension: Bidirectional: Text < Video
« Learning method:
Discriminative Clustering (DIFFRAC [1]) + FSMIL & PLMIL

Convex Quadratic program s.t Linear Constraints

proportion of total instances proportion of total instances

> Bi-directional model:

» Code and data: http://cvsp.cs.ntua.gr/research/multimodal weakly supervised learning/
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