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MOTIVATION: SENTIMENT VS CULTURE 
•  Psychology Theories 

Emotions: culture-specific or universal? 

•  Building culture-specific applications 
Personalized affective image search and retrieval 

•  Literature: visual sentiment ontology 
 
 

 
 

Covering English-Only Images 

 
RESEARCH QUESTIONS 
1)  How do different cultures use images to 

express sentiment and emotions? 
2)  How similar are different cultures when 

expressing visual emotions? 
 
 

CONTRIBUTIONS: 
§  Context-aware pipeline for designing a multilingual 

visual sentiment ontology 
§  Multilingual Visual Sentiment Ontology mined from 

social multimedia data 
§  Multilingual sentiment-driven visual concept detector 

bank 
§  Multilingual and cross-lingual sentiment predictors. 

MULTILINGUAL VISUAL SENTIMENT ONTOLOGY 
u  7M+ Flickr Images 
u  12 Languages 
u  ~16K Adjective Noun Pairs (ANPs) 
u  Sentiment Values 
u  Emotion Keywords 
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rect and ten incorrect adjective-noun pairs from each lan-
guage corpus to serve as the test questions.

3.3.2 Crowdsourcing Results

To measure the quality of our crowdsourcing, we looked
at the annotator agreement along each validation task. For
all languages, the agreement was very strong with an av-
erage annotator agreement of 87%, where workers agreed
on either the correctness or incorrectness of ANPs. We
found that workers tended to agree more that ANPs were
correct than that they were incorrect. This was likely due
to the wide range of possible criteria for rejecting an ANP
where some criteria are easy to evaluate (e.g. language con-
sistency), while others, such as general usage versus named
entity, may cause disagreement among users due to the cul-
tural background of the worker. For example, not all workers
may agree that an ANP like big eyes or big apple refers to a
named entity. However, for languages where the agreement
on the incorrect ANPs was high, namely Arabic, German,
and Polish, the average annotator agreement as a percentage
of all ANP for that language were greater than 90%.

On average, our crowdsourcing validated that a vast num-
ber of the input candidate ANPs from our automatic ANP
discovery and filtering process were indeed correct ANPs.
English, Spanish and Russian were the top three for which
the automatic pipeline performed the best, where every three
in five ANPs were approved by the crowd judgements. How-
ever, for certain languages, including German, Dutch, Per-
sian and French, the number of ANPs rejected by the crowd
was actually greater than accepted ANPs due to a higher
occurrence of mixed language pairs, e.g. witzig humor. In
Table 3, we summarize statistics from our crowdsourcing ex-
periments according to the number of ANPs, percentage of
correct/incorrect ANPs by worker majority vote, and aver-
age agreement.

4. DATASET ANALYSIS & STATISTICS
Having acquired a final set of adjective-noun pairs for each

of the 12 languages, we downloaded images by querying the
Flickr API with ANPs using a mix of tag and metadata
search. To limit the size of our dataset, we downloaded no
more than 1,000 images per ANP query and also enforced
a limit of no more than 20 images from any given uploader
on Flickr for increased visual diversity. The selected 1,000
images were selected from the pool of retrieved image tag
search results, but in the event that this pool is less than
1,000, we also enlarged the pool to include searches on the
image title and description, or metadata. Selections from the
pool of results were always randomized and a small number
images which Flickr or uploaders removed or changed pri-
vacy settings on midway were removed in post. In total, we
downloaded 7,368,364 images across 15,630 ANPs for the 12
languages, where English (4,049,507), Spanish (1,417,781)
and Italian (845,664) contributed the most images.

4.1 Comparison with VSO [6]
To verify and test the e�cacy of our MVSO, we provide a

comparison of our extracted English visual sentiment ontol-
ogy with that of VSO [6] along dimensions of size (number
of ANPs) and diversity of nouns and adjectives (Figure 3).
In Figure 3a, the overlap of English MVSO with VSO is
compared with VSO alone after applying all filtering cri-
teria except from subsampling filter which might exclude

Figure 3: Comparison of our English MVSO and
VSO [6] in Figures (a), (b) and (c), in terms of ANP
overlap, no. of ANPs, adjectives and nouns; and
with all other languages in Figures (d), (e) and (f),
in terms of the no. of ANPs, adjectives and nouns
when varying the frequency threshold t from 0 to
10,000 (on log-scale), respectively.

ANPs belonging to VSO. As mentioned previously, about
86% overlaps between them. As we vary a frequency thresh-
old t over image tag counts, the overlap converges to 100%.
In Figure 3b, we show that there are far greater number
of ANPs in our English MVSO compared to VSO ANPs
throughout all the possible values of a frequency threshold,
after applying all filtering criteria. Similarly, as shown in
Figure 3c, given there are more adjectives and nouns in our
English MVSO, we also achieve greater diversity than VSO.
In Figure 3d, we compare the number of ANPs for the

remaining languages in MVSO with VSO after applying all
filtering criteria. The curves show that VSO has more ANPs
than all the languages for most of the languages over all
values of t, except from Spanish, Italian and French in the
low values of t. Our intuition is that this is due to the
popularity of English on Flickr compared to other languages.
In Figures 3e and 3d, we observe that these three languages
have greater diversity of adjectives and nouns than VSO
for t  103, German and Dutch have greater diversity than
VSO for smaller values of threshold t, while the rest of the
languages have smaller diversity over most values of t.

4.2 Sentiment Distributions
Returning to our research motivation from the Introduc-

tion, an interesting question to ask is which languages tend
to be more positive or negative in their visual content. To
answer this question, we computed the median sentiment
value across all ANPs and ranked languages as in Figure 4.
Here, we used a weighted sentiment per ANP S(anp)(1 +
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WHICH SENTIMENTS/EMOTIONS OCCUR MOST 
FREQUENTLY ACROSS LANGUAGES? 

Understanding how visual sentiment are expressed in different 
languages based on emotion/sentiment values on ANPs 

 MULTILINGUAL AFFECTIVE CONCEPT BANKS            CROSS-LINGUAL SENTIMENT PREDICTORS 
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