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Introduction Training a Binary Descriptiveness Classifier Impact on WSOD #2: Proximity to Linguistic Features
) Y P for Extracted Label Selection (Local View)

e To overcome annotation cost for object detection, image-level labels extracted from user- Caption T Tinguiic features | PREC | REC
uploaded captions can weakly supervise an object detection model [2]. | CEEE §§§§z gizﬁﬁ In this experiment, labels are extracted from windows centered
- ] 681 6411
’ Zrzzvgilfkrvgvooék' Focused on extracting labels from descriptive captions [5] found in COCO [Feature Extraction ] Drcouren Rolatons (RST) FOSRST | 0385 058 around particular verb tenses and other linguistic features
e Descriptive captions aim to describe all visible elements within an image. In contrast, EbUPE POSRSTACLUE | 038916 | 08854 (su bject/ @) bject)
abundant user-uploaded captions may extend beyond the temporal boundaries of the | BERT Embeddings CLIPARST | 07360 | 07312
image, creating narratives that encompass a larger time frame. [;Zgg‘fgsionm n } CLIPAPOSARSTACLUE | 08982 | 06960
e However, this source can extract mentions of objects not visible in image. AA | PERT | 04570, 09560 S v e
e Our Work: Find impact of extracting labels from narrative captions for WSOD and comparing e e e evaluate precisionfrecall of DIUSIS classifiers on a C';gt?c',i;'ianei?n:;' ofe; per‘:;unnsmmng it s
label/caption selection strategies for WSOD. bl SIS Window Centered around “Smiling” (Gerund): “a person smiling at a”
Extracted Label: {person}

ldentifying Differences in Descriptive and Narrative Impact on WSOD #1: Selection Based on
Captions in the Visual Story Telling Dataset (VIST) [3]: Descriptiveness (Global View)

_)I Multiple Instance Detection Module "E Supenise Vlsual Absence Capture Rate
* : Descriptive Classifier | DII | Random | SIS MOl W SIS Using a small annotated set, we evaluate
Label Extraction Module 2 - GT Labels | 0.0195 | 0.0105 | 0.0050 80.00% how many visual absent extracted labels
> — 0 posjsf" gﬁg‘; E:g:gg g:gﬁz are captured when extracted from windows
Clasaifier i B POSTRST+CLUE 1 0.0187 | 00105 | 0.0038 60.00% centered around each linguistic feature.
A
A

CLIP | 0.0173 | 0.0105 | 0.0043

40.00% Takeaway: Most visually absent labels

| Psgﬁj:'m Table 5. Effect of descriptive classifiers for filtering on WSOD. appear to be objects (both) and found in
From DIl Chicren aro sting atsmall desks 1 & cassroom. We evaluate mAP performance of WSOD on VOC-07 [3]. The 20.00% the nucleus (DII).
Desc-in- A black frisbee is sitting on A man playing soccer The boy is throwing a A soccer ball is over aroof Two balls and a frisbee are E:ﬂ 2.'}, Tﬁﬁ.f:ﬂ?';ﬂ:: i‘;‘iﬁ,“.ﬁii"ﬂ“ﬁw"ﬂ‘;‘gﬁ?ﬁ ﬁﬁi::nh;ﬁkmks nextto them KRINSOKTI ClasSEtEr (traied once) 1 Indepetiicnt of McacTiptvencss I ll
Isolation top of a roof. outside of a white house  soccer ball by the red by a frisbee in a rain gutter. on top of a roof. ki of G e i bk iyt o i i S classifiers. Bold indicates best performance in row. 0.00% .- l-__l ..- -
with a red door. door. & & & &
A & & & \Qé“ &
Story-in- A discus got stuck up on Why not try getting it Up the soccer ball goes. It didn't work so we tried Now the discus, soccer A n a'I yS I S O f VI S u al I y A b S e n t EXt r aC t ed L ab e I S (VA E L) ¢ & & ,5@3 Q??
Sequence the roof. down with a soccer ball? a volley ball. ball, and volleyball are all T T
stuck on the roof. Type of VAEL Definition :
Atypical Instance Object 1s present in an atypical form (e.g. clay model, toy)
Inside/On Top Of Image is taken inside or on top of the object Verb | D" US™ (C D" (C (C
DIl or descriptive Occluded Full view of object is limited because object is occluded E:r J (Count) (Count) (Count)
P | | . —— , baseline | 0.0047  (583) | 0.0026 (456) | 0.0024 (145)
Cap’[|0ns Conta”’] more RST prowdes a taxonomy to define Part Of PhIaSB (Rﬁl) ExtraCtEd lﬂbﬁl 18 pal"[ Of d related phIaSB ( car 1n car ShOW )
e the relationship between spans of o Part of Phrase (Unrel) | Extracted label is part of unrelated phrase (‘dog’ in hot dog’) verb base | 0.0014  (128) | 0.0010 (42) | 0.0014 (86)
text. - - T : T : :
g » Prep ! “eE)r(nployees e urged to complete CLIP [4] DIl caption-image Missing From Scene Object completely missing from the scene but was mentioned in the past tense | 0.0031 (461) | 0.0015 (83) | 0.0033 (403)
adjectives. new beneficiary designation forms for empec_ldlngs _ha\_/? (Narrative Artifact) one of the captions to further the story told in the caption, e.g. “She gerund | 0.0053  (976) | 0.0046 (909) | 0.0014 (136)
retirement or life insurance benefits statistically significant was returning from the car when she pets the dog” non-3rd person sing pres | 0.0013 (94) | 0.0012 (77) | 0.0011 (18)
Past and present tense ) (p < 0.0001) higher (0.30 Missing (Other) Missing from scene for none of the reasons described above 3rd person sing pres | 0.0068 (985) | 0.0067 (888) | 0.0016 (193)
within the same 0.03) cosine similarity than past participle | 0.0028 (332) | 0.0028 (270) | 0.0014 (100)
sentence Is twice as ‘bl’{‘;i]i“;:‘:°"]‘;fl;‘(s;;)‘ags é‘l‘g’(";é) SIS (0.26 + 0.04). Table 3. Types of visually absent extracted labels.
prevalent in narrative Attribution | 1.3 438 . Tak Table 7. mAP on VOC-07 ["]. Bold signifies mAP higher than baseline (top row).
E Back d 1.3 2.2 - ' :
captions. o | G is CLUE [1] Discourse M a eaways._ . .
Enablemen | 06| 23 Relations: DI . e SIS contains mainly narrative
Example: Temporal | 22 | 12 captions have slightly more I artifacts References
“Afterwards, we take a couple Elaboration | 21.4 10.9 W\ Jr PR 0 01 h . . .
. ] |
photographs because \Q/e paid the None 65.1 64.1 “VISIbI,,e’ ACEOn (O 5 A)) and 0 . l—‘ -7 ._| . o The NOISE 1N D ” Captlons comes from [1] Malihe AIikhan!, Piyush Sharmg, _Shengjie Li, Radg Soric_ut, qnd_ Matthew Stone. Cross-modal coherence modeling for caption generation. In Proceedings of the
IF?:OtIQQr?_ph?r;O d<|3_ So-d _ | | | | Story (03 A)) tags. ﬁt;g:i N:rrtri?;i;te In?.i;,dpeé?n Pr».T;Lif Pr:;tuif Other  Occluded atyp | C al 0 b] ects . 0ccC | us | on, and the 58th Annual Meeting of the Association for Computational Linguistics, pages 6525—-6535, 2020.
P |Ca_|on. n aligned image _ Lexical differences are important; However 50% Of S|S Phrase Phrase . . . [2] Hakan Bilen and Andrea Vedaldi. Weakly supervised deep detection networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern
would either show the Couple posing “before”and “while” frequently occur _ ’ (Unrelated) (Related) photo Captu red Wh||e INSI d e Oor on Recognition, pages 2846-2854, 2016.
for a photo or the transaction. g]n:jegnnﬁo‘r‘s\l/%lge?‘?eeduiﬁ nggapssin CapUOnS have no CLUE m dii wsis f h b [3] Ting-Hao K. Huang, Francis Ferraro, Nasrin Mostafazadeh, Ishan Misra, Jacob Devlin, Aishwarya Agrawal, Ross Girshick, Xiaodong He, PushmeetKohli, Dhruv
the DII.yLabeIs extrgcted f);om prediction _ to p ) t eo JeCt Batra, etal. Visual storytelling. In 15th Annual Conference of the North American Chapter of the Associationfor Computational Linguistics (NAACL 2016),2016.
Temporal-SIS captions could contain Figure 2. The distribution of the type of VAEL. VAEL from SIS PY BOth StyleS Suffer from extracting [4] Alec Radford, Jong WookKim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
e!ther a future or past r_eferenceln are mainly comprised of narrative artifacts (53%) compared to DII Gretchen Krueger, and Ilya Sutskever. Learning transferable visual models from natural language supervision. In ICML, 2021.
either nucleus or satellite clauses, (14%) labels from noun P hrases [5] Keren Ye, Mingda Zhang, Adriana Kovashka, Wei Li, Danfeng Qin, and Jesse Berent. Cap2det: Learning to amplify weak caption supervision for object
and therefore are not currently visible. ' detection.
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