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Introduction
● To overcome annotation cost for object detection, image-level labels extracted from user-

uploaded captions can weakly supervise an object detection model [2].
● Previous Work: Focused on extracting labels from descriptive captions [5] found in COCO 

and Flickr30K

● Descriptive captions aim to describe all visible elements within an image. In contrast, 

abundant user-uploaded captions may extend beyond the temporal boundaries of the 

image, creating narratives that encompass a larger time frame.
● However, this source can extract mentions of objects not visible in image.

● Our Work: Find impact of extracting labels from narrative captions for WSOD and comparing 

label/caption selection strategies for WSOD.

Identifying Differences in Descriptive and Narrative 

Captions in the Visual Story Telling Dataset (VIST) [3]:

Training a Binary Descriptiveness Classifier

Impact on WSOD #1: Selection Based on 
Descriptiveness (Global View)

Analysis of Visually Absent Extracted Labels (VAEL)

Impact on WSOD #2: Proximity to Linguistic Features 
for Extracted Label Selection (Local View)

In this experiment, labels are extracted from windows centered 
around particular verb tenses and other linguistic features 
(subject/object)

School Logo here
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Takeaways:

● SIS contains mainly narrative 

artifacts

● The noise in DII captions comes from 

atypical objects, occlusion, and the 

photo captured while inside or on 

top of the object

● Both styles suffer from extracting 

labels from noun phrases

What’s in a Caption?

DII or descriptive 

captions contain more 

nouns, prepositions, and 

adjectives.

Past and present tense 

within the same 

sentence is twice as 

prevalent in narrative 

captions.

Example:

“Afterwards, we take a couple 

photographs because we paid the 

photographer to do so.” 

Implication: An aligned image 

would either show the couple posing 

for a photo or the transaction.

Analysis of Caption 

Structure using RST

RST provides a taxonomy to define 

the relationship between spans of 

text. 

“Employees are urged to complete 

new beneficiary designation forms for 

retirement or life insurance benefits 

whenever there is a change in marital 

or family status”

Lexical differences are important; 

“before” and “while” frequently occur 
in temporally flagged SIS captions 
and only “while” frequently occurs in 

the DII. Labels extracted from 
Temporal-SIS captions could contain 

either a future or past reference in 
either nucleus or satellite clauses, 
and therefore are not currently visible.

CLIP [4]: DII caption-image 

embeddings have 

statistically significant

(p < 0.0001) higher (0.30 ± 

0.03) cosine similarity than

SIS (0.26 ± 0.04).

CLUE [1] Discourse 

Relations:  DII

captions have slightly more 

“Visible, Action” (0.5%) and

“Story” (0.3%) tags. 

However, 50% of SIS 

captions have no CLUE 

prediction.

Example: 

Linguistic Feature: Verb Gerund

Caption: “an image of a person smiling at a party”

Window Centered around “Smiling” (Gerund): “a person smiling at a”

Extracted Label: {person}

Using a small annotated set, we evaluate 

how many visual absent extracted labels 

are captured when extracted from windows 

centered around each linguistic feature.

Takeaway: Most visually absent labels 

appear to be objects (both) and found in 

the nucleus (DII).
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