
Describing Images 
in Natural Language
Part I
CVPR tutorial
Julia Hockenmaier 
University of Illinois
juliahmr@illinois.edu

1

mailto:juliahmr@illinois.edu
mailto:juliahmr@illinois.edu


Overview
Part 1: High-Level Introduction to 
Sentence-Based Image Description 
-What do we mean by image description?
-What kind of data sets are available?
-What kind of tasks have been proposed? 
-How do we evaluate image description systems?
-A proposal for a shared task

Part 2: Digging deeper and going further
- A brief intro to NLP for image description
- Image description systems
- Image description and semantics
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What is Sentence-based 
Image Description?



How would you describe 
this image?
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A guy in a wetsuit 
petting a stingray

Somebody 
kneeling down to touch 

a really flat fish

yes

perhaps

Does that thing bite?

no



Why would you want to 
describe images?
Because you get to look at pictures of the cool things 
people do on their vacations?

Because you get to address some of the most 
fundamental problems in natural language 
understanding and artificial intelligence.

Because you get to work on a new, challenging task 
that could become really important.
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Why would you want to 
describe images?
A test for grounded language understanding:
Image description requires the ability to associate 
sentences with images that depict the events, entities 
and scenes they describe.

A test for image understanding/vision:
Image description requires the ability to detect events, 
entities, and scenes in images.
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Why would you want to 
describe images?
Traditional image retrieval maps text queries to text 
near the image. But the pictures you get from your 
camera/phone have no text associated with them.

We’d like to be able to associate text queries directly 
with images.

Sentence-based image description should improve:
... Image search for everybody
... Accessibility to image collections 
    for the visually impaired
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Word-based image 
annotation/search



Images and Words
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Image tagging & search:
Annotate images with lists of keywords
Search for images by lists of keywords
(aka. Content-Based Image Retrieval)
(Figures from Duygulu et al. 2002, Blei & Jordan 2003) 

Region-based image annotation:
Annotate image regions with keywords
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Figure 5: (Left) Caption perplexity on the test set for the ML estimates of the models (lower numbers are
better). Note the serious overfitting problem in GM-Mixture (values for K greater than five are o! the graph)
and the slight overfitting problem in Corr-LDA. (Right) Caption perplexity for the empirical Bayes smoothed
estimates of the models. The overfitting problems in GM-Mixture and Corr-LDA have been corrected.
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Figure 6: Example images from the test set and their automatic annotations under di!erent models.
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Content-based image retrieval

Image → Image (Query by visual example)
Given a query image, find images with similar content

Image ↔ Words (Semantic retrieval):
Induce a mapping between words and images 
from weakly labeled training data:

Not all possible words are used to describe the image
Words may not be associated with image regions
Assumes a fixed vocabulary of words
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Challenge: 
The semantic gap
Mapping between images and words/concepts 
is difficult because...

... different images of the same (kind of) object 
    may be visually very dissimilar

(due to different camera angles, lighting, pose, other attributes)  

... images of different kinds of objects
    may be visually very similar

(they may share textures, shapes, colors, etc.)
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Data Sets
Corel5k (Duygulu et al. 2002), Corel30K (Vasconcelos)

5k or 30K tagged images 
LabelMe data set (Russell et al., 2007)

Database of images with crowdsourced labeling of regions
http://labelme.csail.mit.edu

ImageNet (Jeng et al. 2009)
Augment WordNet synsets with images: 
~22k synsets, 14M images (in 2010)
http://image-net.org

SUN (Scene UNderstanding) database (Xiao et al. 2010)
~100K images, ~900 scene classes
http://vision.princeton.edu/projects/2010/SUN/

12

http://labelme.csail.mit.edu
http://labelme.csail.mit.edu
http://image-net.org
http://image-net.org
http://vision.princeton.edu/projects/2010/SUN/
http://vision.princeton.edu/projects/2010/SUN/


Image annotation as machine 
translation Duygulu et al. 2002

Task: Annotate image regions with keywords (tags)
Model: IBM-style alignment 

map each image region to a visual vocabulary of 500 ‘blobs’
train alignment model between blobs and tags

Data set: Corel5K
13



Bimodal topic models 
Barnard et al. 2003, Blei & Jordan 2003

Basic idea:
Define a topic model in which topics generate image 
regions and keywords

Challenge:
Independence assumptions required by generative 
models may not be appropriate for this task
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Deterministic annotation 
Makadia et al. 2010

Input: 
a query image 
a pool of tagged images

Find k-Nearest Neighbor images to query image:
Predefined image distance: Avg. over 7 basic distances (3 color 
histograms, 4 texture), each rescaled to lie between 0 and 1)

Transfer n of their labels to query image 
Use n most common labels of closest image
If closest image has fewer labels: Remainder: based on 
remaining k-1 NN images.

Outperforms learning-based methods 

15



Why are words alone not 
sufficient for description?
What do these words describe?

Object classes (person, tree) or instances (Marilyn Monroe)
Scenes (market, crowd) 
‘Stuff’ (grass, water, sky)

But a bag of words cannot capture relations between 
objects or entities:

Spatial relations (the book on the table)
Actions (the person is reading the book)
Attributes (the big book with the red cover)

16
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What do we want to say 
about an image?



A boy in a yellow uniform 
carrying a football blocks another 

boy in a blue uniform.

A dog is running on the 
beach.

yes

no

Two boys are 
playing rugbyperhaps

18

How would you describe 
this image?



Jake tackled Kevin really hard.

perhaps

Last 
Sunday’s game was 

really rough.

probably 
not

19

How would you describe 
this image?
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How would you describe 
this image?

There’s a lot of 
vibrant blue and some 

pale green.

The image shows 
some shiny surfaces.

probably 
not

probably 
not



Image descriptions...
... should describe the depicted entities, events, scenes:

  Who did what to whom, when and where?

... should only describe what is in the image:
  No background information that cannot be seen.

... may differ in the amount of detail they provide
  Each image has many correct descriptions.
  Each sentence may describe many different images.

21



Image descriptions 
[Shatford, Jaimes et al., Hollink et al.]

Perceptual image descriptions
- What kind of image?

 (photo vs. drawing, macro, panorama)
- Colors, textures, shapes

Non-visual image descriptions 
- Additional context (Last Sunday’s game)
- Metadata (Nikon D90, f2.8, GPS  coordinates)

22



Conceptual image descriptions:
Who did what where to whom?

What events, scenes, entities are depicted? 
- Generic: Kids playing football.
- Specific: Jake tackling Kevin.
- Abstract: Childhood; Competition

Most appropriate for image search etc., and for image 
description as a test for language understanding.

23

Image descriptions 
[Shatford, Jaimes et al., Hollink et al.]



Summary: 
What is image description?
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Definition of sentence-based image description:
Sentence-based image description is the task of 
associating images with natural language sentences 
that describe what entities, events and scenes are 
depicted in them. 

Applications of sentence-based image description:
-Searching online or personal image collections
-A testbed for image understanding
-A testbed for grounded language understanding



Comparing image description 
systems
Task definitions differ: 

Generate captions directly from image features
Transfer captions from similar images
Rank a pool of captions for each image 

Models and representations differ:
Image features: low-level features, detector responses 
Linguistic features: words, syntax, lexical semantics, roles
‘Semantic’ mapping between images and language

Data sets differ:
UIUC Pascal: 1K images, 20 object types, crowdsourced captions
UIUC 8K: 8k Flickr images, people/dogs, crowdsourced captions
SBU data set: 1M Flickr images with Flickr captions

Evaluations differ:
Human judgments or automated metrics
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Image tagging vs. describing 
images with sentences

Image tagging is a multi-label classification task:
Given a large (but fixed, finite) set of tags, 
predict which ones can be used for an image

Sentences are compositional:
We cannot assume we are dealing with a fixed, 
finite set of labels.

Sentences have ambiguous structure:
Understanding a sentence requires disambiguation.

26
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Data Sets for 
Image Description



Data sets

28

To develop and evaluate sentence-based image 
description systems, we need corpora of images 
paired with appropriate captions.

-What data sets are available? 
-What strengths and weaknesses do they have?
-What other data could be leveraged for this task?

Data sets for sentence-
based image description



Data sets for sentence-
based image description
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Using captioned images from the web
(news, photo-sharing sites) 
Advantage: Size, ‘natural’ captions
Disadvantage: Online captions may not describe images

SBU Captioned Photo data set; BBC data set

Using images with purposely created captions
Advantage: Sentences describe the images
Disadvantage: Smaller size, ‘unnatural’

 IAPR-TC; Illinois Pascal data set, Flickr 8K, Flickr30



News sites often use images 
just to embellish their stories
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Feng and Lapata 2010

A man has been charged with possessing a knife and assaulting 
a police officer during an intrusion into the secure area of the 
prime minister's residence.
Byung Jin Lee, aged 32, was detained after scaling six-foot-high iron 
railings at Downing Street on Sunday.
Tony Blair was at home during the incident at the back of Number 10, 
but police said he was not "at risk".
Mr Lee was arrested after a brief struggle and will appear before 
magistrates on Tuesday.
Scotland Yard said: "We are satisfied that at no time was the prime 
minister at risk."
Mr Lee is due to appear at the City of Westminster Magistrates Court.
How the drama unfolded outside Downing Street

BBC data set
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Crowds flocked to hear 
techno DJs play

Hundreds of thousands of revellers turned out for the return 
of Berlin's Love Parade to enjoy a sunshine-filled day of techno music.
The parade returned after a two-year gap caused by financial problems.
Organisers had hoped to attract one million people to the area around the 
Brandenburg Gate, which was recently home to the World Cup's Fan Mile.
About 40 decorated floats drove through the streets with DJs aboard to entertain the 
crowds.
The Love Parade started out as a small rave back in 1989 when the Berlin Wall fell.
It continued to grow to a peak of 1.5 million in 1999, but numbers then began falling 
with commercialism and growing costs blamed for its decline.
It was then scrapped for two years until a German fitness company stepped in with 
sponsorship in a bid to revive it.
This year, under the banner The Love is back, dance music fans from across the 
world flocked back to the German capital.
"This is great! I've been waiting three years for this," said Berliner Nicole Koehler, 
25. "Hopefully it will be here every year from now on."
The festival went on all day, with parties continuing at the city's nightclubs.
Among those performing were international DJs Paul van Dyk, Westbam and Tiesto

Police confirmed Tony Blair was 
inside at the time of the incident



On photo-sharing sites, 
people describe images...

32

Tags
Discovery Cove   Férias   Orlando  
Florida   USA   EUA   Vacations

Description: 
Vacation at Discovery Cove
My experience at Discovery Cove in Orlando, FL



... but they don’t provide 
conceptual descriptions...

... because they write for 
(other) people—who can see 
what’s in the picture.
Why bore them?

Gricean maxims: 
Be informative! 
Be relevant!

33



1M images and captions harvested from Flickr
Ordonez et al. 2011

SBU Captioned Photo Dataset
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Not the best idea to roll 
around on my floor  

wearing white

Asbestos is used willy-nilly 
in ukraine as building 

material. Dad and Tanya 
have an asbestos roof and 

an asbestos fence.

Man  in mountain cabin 
sitting by fireplace on a cold 

winters day



20,000 manually annotated and segmented images
Grubinger et al. 2006; Escalante et al. 2010

six people are riding on brown and white 
horses in a green, flat meadow in the 
foreground; cows behind them; white and 
grey clouds in a light blue sky in the 
background;

Buenos Aires, Argentina
9 December 2004

IAPR-TC12 data set
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Panoramic View 
of the Iguazu Waterfalls

a cascading waterfall in the middle of the jungle; 
front view with pool of dirty water in the 
foreground;
this picture was taken from the Brazilian side;

Foz do Iguaçu, Brazil
March 2002

Horse-Riding at the pampas



Illinois PASCAL data set 

1,000 images from the PASCAL VOC 2008 challenge 
(20 object categories) with 5 crowdsourced captions
Rashtchian et al. 2010
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A grounded passage plane in a terminal.
An Air Pacific airplane sitting on the tarmac.
Large white commercial airliner parked on 
runway.
The back and right side of a parked 
passenger jet.
The passenger plane is sitting at the airport.

A hand holding bird seed and a small bird.
A person holding a small bluebird.
A person holds a bird and seeds.
A small bird is sitting on a person's hand 
that has bird seed in it.
A small black, white, and brown bird 
perched on and eating out of a man's hand.



Illinois Flickr8k/30k data sets

32k images of people (and dogs) from Flickr with 5 
crowdsourced captions
Rashtchian et al. 2010, Hodosh et al. 2013, Young et al. 2014
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A goalie in a hockey game dives to catch a puck 
as the opposing team charges towards the goal.
The white team hits the puck, but the goalie 
from the purple team makes the save.
Picture of hockey team while goal is being 
scored.
Two teams of hockey players playing a game.
A hockey game is going on.

A group of people are getting fountain drinks 
at a convenience store.
Several adults are filling their cups and a 
drink machine.
Two guys getting a drink at a store counter.
Two boys in front of a soda machine.
People get their slushies.



Image description with 
Amazon Mechanical Turk

Instructions: 
Describe the objects and actions; Use adjectives; be brief

5 captions per image
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Four basketball players in action.
Young men playing basketball in a competition.
Four men playing basketball, two from each team.
Two boys in green and white uniforms play
basketball with two boys in blue and white uniforms.
A player from the white and green highschool team 
dribbles down court defended by a player from the other 
team.
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A man crouched on a snowy peak.
A man in a green jacket stands in deep snow
at the base of a mountain.
A man kneels in the snow.
A man measures the depth of snow.
A mountain hiker is digging stakes 
into the thick snow.
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Image Description
Tasks



Comparing image description systems

Task definitions differ: 
Generate captions directly from image features
Transfer captions from similar images
Rank a pool of captions for each image 

Models and representations differ:
Image features: low-level features, detector responses 
Linguistic features: words, syntax, lexical semantics, roles
‘Semantic’ mapping between images and language

Data sets differ:
UIUC Pascal: 1K images, 20 object types, crowdsourced captions
UIUC 8K: 8k Flickr images, people/dogs, crowdsourced captions
SBU data set: 1M Flickr images with Flickr captions

Evaluations differ:
Human judgments or automated metrics
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Defining f(I, S)
All image-description systems need a way to score 
image-sentence pairs (I, S).
This score may or may not be mediated 
by a (predefined or induced) semantic space. 

f(I, S) can be:
- the score of a (discriminative) probabilistic model 

 or classifier (e.g. CRF/MRF, RankSVM)
- the distance of I and S in an induced semantic space

(Kernel Canonical Correlation Analysis, other joint 
embeddings)
- ...
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Image features
Low-level features to compare images/image regions

Color, texture, SIFT, HOG, GIST

Detector responses:
to identify regions that are likely to depict objects/stuff
to label the image
as (binary) features
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Text features
Words and n-grams:
-possibly augmented with hypernyms
-possibly with lexical similarities

Grammatical roles and word-word dependencies
to fill slots and to mediate between text and detectors
-NPs = actor/objects
-verb = activity
-PPs = scene (location) or ‘stuff’ 
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Task definitions
Generate captions directly from image features:

Requires an explicit mapping between image & text.
Requires a surface realization model to guarantee fluency etc. 
Requires human evaluation of correctness & grammaticality.
 

Transfer (and combine) captions from similar images:
Requires a unimodal (image) similarity metric
May also require a surface realization model.
Requires human evaluation of correctness & grammaticality.

Score and rank a pool of captions for each image:
Requires a cross-modal (image-sentence) similarity metric.
Benefits from human relevance judgments, 
but may be evaluated automatically.
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Image description as a 
cross-modal ranking task 
with explicit semantics
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Mapping images & sentences 
to an explicit semantic space

Farhadi et al. 2010 
Semantics of images/sentences:≈ 〈Object, Action, Scene〉
Use Markov Random Fields to predict most likely meaning 
triplet for images and sentences.
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Every Picture Tells a Story: Generating Sentences from Images 3

Image  Space

Meaning  Space

Sentence  Space

<bus,  park,  street>

<plane,  fly,  sky>

<ship,  sail,  sea>
<train,  move,  rail>

<bike,  ride,  grass>

A  yellow  bus  is  parking  in  the  street.

There  is  a  small  plane  flying  in  the  sky.  

An  old  fishing  ship  sailing  in  a  blue  sea.
The  train  is  moving  on  rails  close  to  the  station.

An  adventurous  man  riding  a  bike  in  a  forest.  

Fig. 1. There is an intermediate space of meaning which has di↵erent projections to
the space of images and sentences. Once we learn the projections we can generate
sentences for images and find images best described by a given sentence.

because it is symmetric: given an image (resp. sentence), one can search for the
best sentence (resp. image) in a large set. This means that one can do both
illustration and annotation with one method. Another attraction is the method
does not need a strong syntactic model, which is represented by the prior on
sentences. Our scoring procedure is built around an intermediate representa-
tion, which we call the meaning of the image (resp. sentence). In e↵ect, image
and sentence are each mapped to this intermediate space, and the results are
compared; similar meanings result in a high score. The advantage of doing so
is that each of these maps can be adjusted discriminatively. While the meaning
space could be abstract, in our implementation we use a direct representation
of simple sentences as a meaning space. This allows us to exploit distributional
semantics ideas to deal with out of vocabulary words. For example, we have no
detector for “cattle”; but we can link sentences containing this word to images,
because distributional semantics tells us that a “cattle” is similar to “sheep” and
“cow”, etc. (Figure 6)

2 Approach

Our model assumes that there is a space of Meanings that comes between the
space of Sentences and the space of Images. We evaluate the similarity between
a sentence and an image by (a) mapping each to the meaning space then (b)
comparing the results. Figure 1 depicts the intermediate space of meanings. We
will learn the mapping from images (resp. sentences) to meaning discriminatively
from pairs of images (resp. sentences) and assigned meaning representations.

2.1 Mapping Image to Meaning

Our current representation of meaning is a triplet of hobject, action, scenei. This
triplet provides a holistic idea about what the image (resp. sentence) is about and
what is most important. For the image, this is the part that people would talk
about first; for the sentence, this is the structure that should be preserved in the
tightest summary. For each slot in the triplet, there is a discrete set of possible



Represent an image as 〈Object , Action, Scene〉
Assume a fixed type inventory for each slot:
- 23 objects
- 16 actions
- 9 scenes

49

Naive image semantics



Discriminative probabilistic model:
P( 〈Object , Action, Scene〉  | Image)

Markov Random Field:
- Node potentials: 

Based on image features 
(object & scene detectors)
- Edge potentials:

 How often do two labels
 co-occur? 

50

Mapping images to semantics



Examples
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12 Authors Suppressed Due to Excessive Length

(pet, sleep, ground) see something unexpected.
(dog, sleep, ground) Cow in the grassfield.
(animal, sleep, ground) Beautiful scenery surrounds a flu✏y sheep.
(animal, stand, ground) Dog hearding sheep in open terrain.
(goat, stand, ground) Cattle feeding at a trough.
(furniture, place, furniture) Refrigerator almost empty.
(furniture, place, room) Foods and utensils.
(furniture, place, home) Eatables in the refrigerator.
(bottle, place, table) The inside of a refrigerator apples, cottage cheese, tupperwares and lunch bags.

(display, place, table) Squash apenny white store with a hand statue, picnic tables in
front of the building.

(transportation, move, track) A man stands next to a train on a cloudy day
(bike, ride, track) A backpacker stands beside a green train
(transportation, move, road) This is a picture of a man standing next to a green train
(pet, sleep, ground) There are two men standing on a rocky beach, smiling at the camera.

(bike, ride, road) This is a person laying down in the grass next to their bike in
front of a strange white building.

(display, place, table) This is a lot of technology.
(furniture, place, furniture) Somebody’s screensaver of a pumpkin
(furniture, place, furniture) A black laptop is connected to a black Dell monitor
(bottle, place, table) This is a dual monitor setup
(furniture, place, home) Old school Computer monitor with way to many stickers on it

Fig. 3. Generating sentences for images: We show top five predicted triplets in the
middle column and top five predicted sentences in the right column.

4.3 Illustration: Finding images best described by sentences

Not only our model can provide sentences that describe an image, but it also can
find images which are best described by a given sentence. Once the connections
to the meaning space is established, one could go in both directions, from images
to sentences or the other way around. Figure 4 shows examples of finding images
for sentences. For more qualitative results please see the supplementary material.

4.4 Out of Vocabulary Extension

Figure 6 depicts examples of the cases where we could successfully recognize ob-
jects/actions for which we have no detector/classifier. This is very interesting as
the intermediate meaning space allows us to benefit from distributional seman-
tics. This means that we can learn to recognize unknown objects/actions/scenes
by looking at the patterns of responses from other similar known detector/classifiers.

5 Discussion and Future Work

Sentences are rich, compact and subtle representations of information. Even
so, we can predict good sentences for images that people like. The intermediate
meaning representation is one key component in our model as it allows benefiting
from distributional semantics. Our sentence model is oversimplified. We think
an iterative procedure for going deeper in sentences and images would be the
right direction. Once a sentence is generated for an image, it is much easier to
check for adjectives and adverbs.



Challenges for explicit 
semantic mappings
Scalability: 
-Restricted to predefined sets of semantic classes 

(objects, actions, scenes)
-Requires accurate detectors for each semantic class

Performance on Illinois PASCAL data may not be indicative of 
performance on other data (e.g. Flickr images)
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Image description as 
unimodal retrieval

Query image

Gist + Tiny images ranking Top re-ranked images
Across the street from Yannicks 
apartment. At night the 
headlight on the handlebars 
above the door lights up.

The building in which I live. My 
window is on the right on the 
4th floor

This is the car I was in after they 
had removed the roof and 
successfully removed me to the 
ambulance.

I really like doors. I took this 
photo out of the car window 
while driving by a church in 
Pennsylvania.

Top associated captionsExtract High Level Information

Query Image

Matched Images & 
extracted content

Figure 2: System flow: 1) Input query image, 2) Candidate matched images retrieved from our web-
scale captioned collection using global image representations, 3) High level information is extracted
about image content including objects, attributes, actions, people, stuff, scenes, and tfidf weighting,
4) Images are re-ranked by combining all content estimates, 5) Top 4 resulting captions.

of generating text using various hierarchical knowledge ontologies and with a human in the loop
for image parsing (except in specialized circumstances). Feng and Lapata [11] generate captions
for images using extractive and abstractive generation methods, but assume relevant documents are
provided as input, whereas our generation method requires only an image as input.

A recent approach from Farhadi et al [9] is the most relevant to ours. In this work the authors
produce image descriptions via a retrieval method, by translating both images and text descriptions
to a shared meaning space represented by a single < object, action, scene > tuple. A description
for a query image is produced by retrieving whole image descriptions via this meaning space from
a set of image descriptions (the UIUC Pascal Sentence data set). This results in descriptions that are
very human – since they were written by humans – but which may not be relevant to the specific
image content. This limited relevancy often occurs because of problems of sparsity, both in the data
collection – 1000 images is too few to guarantee similar image matches – and in the representation
– only a few categories for 3 types of image content are considered.

In contrast, we attack the caption generation problem for much more general images (images found
via thousands of Flickr queries compared to 1000 images from Pascal) and a larger set of object
categories (89 vs 20). In addition to extending the object category list considered, we also include
a wider variety of image content aspects, including: non-part based stuff categories, attributes of
objects, person specific action models, and a larger number of common scene classes. We also
generate our descriptions via an extractive method with access to much larger and more general set
of captioned photographs from the web (1 million vs 1 thousand).

2 Overview & Data Collection
Our captioning system proceeds as follows (see fig 2 for illustration): 1) a query image is input to
the captioning system, 2) Candidate match images are retrieved from our web-scale collection of
captioned photographs using global image descriptors, 3) High level information related to image
content, e.g. objects, scenes, etc, is extracted, 4) Images in the match set are re-ranked based on
image content, 5) The best caption(s) is returned for the query. Captions can also be generated after
step 2 from descriptions associated with top globally matched images.

In the rest of the paper, we describe collecting a web-scale data set of captioned images from the
internet (Sec 2.1), caption generation using a global representation (Sec 3), content estimation for
various content types (Sec 4), and finally present an extension to our generation method that incor-
porates content estimates (Sec 5).

2.1 Building a Web-Scale Captioned Collection
One key contribution of our paper is a novel web-scale database of photographs with associated
descriptive text. To enable effective captioning of novel images, this database must be good in two
ways: 1) It must be large so that image based matches to a query are reasonably similar, 2) The
captions associated with the data base photographs must be visually relevant so that transferring
captions between pictures is useful. To achieve the first requirement we query Flickr using a huge
number of pairs of query terms (objects, attributes, actions, stuff, and scenes). This produces a very
large, but noisy initial set of photographs with associated text. To achieve our second requirement
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Ordonez et al.  2011:
Find most similar image among 1M Flickr images 
(SBU data set), and re-rank their captions. 



Advantages of unimodal 
retrieval
Unimodal image-image similarities are much easier 
to define than cross-modal image-text similarities.

Can leverage large amounts of human-written captions.

Can be used to provide suggestions for generation-based 
approaches.
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Challenges for retrieval
Ordonez et al.‘s approach works because the SBU data 
set is very large (1 million images):

This can only be done on harvested captions, 
which may not actually describe the images.
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Query&Image& 1k&matches& 10k&matches& 100k&matches& 1million&matches&

Figure 3: Size Matters: Example matches to a query image for varying data set sizes.

we filter this set of photos so that the descriptions attached to a picture are relevant and visually
descriptive. To encourage visual descriptiveness in our collection, we select only those images
with descriptions of satisfactory length based on observed lengths in visual descriptions. We also
enforce that retained descriptions contain at least 2 words belonging to our term lists and at least one
prepositional word, e.g. “on”, “under” which often indicate visible spatial relationships.

This results in a final collection of over 1 million images with associated text descriptions – the
SBU Captioned Photo Dataset. These text descriptions generally function in a similar manner to
image captions, and usually directly refer to some aspects of the visual image content (see fig 1 for
examples). Hereafter, we will refer to this web based collection of captioned images as C.

Query Set: We randomly sample 500 images from our collection for evaluation of our generation
methods (exs are shown in fig 1). As is usually the case with web photos, the photos in this set
display a wide range of difficulty for visual recognition algorithms and captioning, from images that
depict scenes (e.g. beaches), to images with a relatively simple depictions (e.g. a horse in a field),
to images with much more complex depictions (e.g. a boy handing out food to a group of people).

3 Global Description Generation
Internet vision papers have demonstrated that if your data set is large enough, some very challenging
problems can be attacked with very simple matching methods [13, 27, 26]. In this spirit, we harness
the power of web photo collections in a non-parametric approach. Given a query image, Iq, our goal
is to generate a relevant description. We achieve this by computing the global similarity of a query
image to our large web-collection of captioned images, C. We find the closest matching image (or
images) and simply transfer over the description from the matching image to the query image. We
also collect the 100 most similar images to a query – our matched set of images Im 2 M – for use
in our our content based description generation method (Sec 5).

For image comparison we utilize two image descriptors. The first descriptor is the well known
gist feature, a global image descriptor related to perceptual dimensions – naturalness, roughness,
ruggedness etc – of scenes. The second descriptor is also a global image descriptor, computed by
resizing the image into a “tiny image”, essentially a thumbnail of size 32x32. This helps us match
not only scene structure, but also the overall color of images. To find visually relevant images we
compute the similarity of the query image to images in C using a sum of gist similarity and tiny
image color similarity (equally weighted).

Results – Size Matters! Our global caption generation method is illustrated in the first 2 panes
and the first 2 resulting captions of Fig 2. This simple method often performs surprisingly well.
As reflected in past work [13, 27] image retrieval from small collections often produces spurious
matches. This can be seen in Fig 3 where increasing data set size has a significant effect on the
quality of retrieved global matches. Quantitative results also reflect this (see Table 1).

4 Image Content Estimation
Given an initial matched set of images Im 2 M based on global descriptor similarity, we would like
to re-rank the selected captions by incorporating estimates of image content. For a query image, Iq

and images in its matched set we extract and compare 5 kinds of image content:
• Objects (e.g. cats or hats), with shape, attributes, and actions – sec 4.1
• Stuff (e.g. grass or water) – sec 4.2
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Image description as generation
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Comparison from Mitchell et al. (EACL 2012)

Kulkarni et al.: 
This is a picture of three persons, one bottle and one 
diningtable. The first rusty person is beside the second 
person. The second person is by the third rusty person. 
The colorful diningtable is near the first rusty person, and 
near the second person, and near the third rusty person. 
Yang et al.: 
Three people are showing th bottle on the street.
Mitchell et al.:
people with a bottle at the table

Kulkarni et al.: 
This is a picture of two pottedplants, one 
dog and one person. The black dog is by the 
black person, and near the second feathered 
pottedplant.  
Yang et al.: 
The person is sitting in the chair in the 
room.
Mitchell et al.:
A person in black with a black dog by potted 
plants.



Image description as a 
generation task with 
explicit semantics
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Yang et al. 2011
Task: Generate sentences for UIUC Pascal images

Templates:  NPsbj verb NPobj? prep NPscene
              This is a NP

Image features to predict nouns (sbj, obj, scene)
20 object types: Felzenszwalb detector responses 
8 scenes: GIST descriptors

Language model to predict verbs and preposition:
Verb: based on NPsbj and NPobj

Preposition: based on verb and NPscene (or NPobj )
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Kulkarni et al. 2011
Data set: UIUC Pascal images

For each query image:
detect 24 object classes and 6 ‘stuff’ categories
identify 21 attributes of candidate regions (adjectives)
process pairs of candidate regions to get spatial relations (PPs)
Use CRF to predict words for each object, attribute, stuff 
detection and for each pairwise relation
Use predicted words in a template-based generation system.
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Midge (Mitchell et al. 2012)

For each query image:
detect regions corresponding to objects/stuff with attributes
detect actions/poses for each region
detect spatial relations between regions

Each image caption contains:
nouns + modifiers that refer to objects/stuff + attributes
verbs that refer to poses/actions
prepositions that refer to spatial relations between entities

Generation task:
filter incorrect detections
augment with syntax-based language model
impose discourse constraints
produce fluent caption
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Description as Generation

61

Comparison from Mitchell et al. (EACL 2012)

Kulkarni et al.: 
This is a picture of three persons, one bottle and one 
diningtable. The first rusty person is beside the second 
person. The second person is by the third rusty person. 
The colorful diningtable is near the first rusty person, and 
near the second person, and near the third rusty person. 
Yang et al.: 
Three people are showing the bottle on the street.
Mitchell et al.:
people with a bottle at the table

Kulkarni et al.: 
This is a picture of two pottedplants, one 
dog and one person. The black dog is by the 
black person, and near the second feathered 
pottedplant.  
Yang et al.: 
The person is sitting in the chair in the 
room.
Mitchell et al.:
A person in black with a black dog by potted 
plants.



Visual Dependency Grammar 
Elliott & Keller 2013

Visual Dependency graph: DAG over image regions 
 Root = main actor
 Edges = spatial relations (on, surrounds, beside,  opposite, 
above, below, in front of, behind) 

Generated from, and aligned with, image descriptions.
Shown to be beneficial for a template-based caption 
generation system that has access to gold regions.
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(a)

A man is riding a bike down the road.
A car and trees are in the background.

(b)

ROOT bike car man road trees
- -

-

on
above

A man is riding a bike down the road.

det

nsubj

aux

root

det

dobj

advmod

det

pobj

(c)

Figure 1: (a) Image with regions marked up: BIKE, CAR,
MAN, ROAD, TREES; (b) human-generated image de-
scription; (c) visual dependency representation express-
ing the relationships between MAN, BIKE, and ROAD
aligned to the syntactic dependency parse of the first sen-
tence in the human-generated description (b).

sentations would be able to correctly infer the action
that is taking place, such as the distinction between
repairing or riding a bike, which would greatly im-
prove the descriptions it is able to generate.

In this paper, we introduce visual dependency rep-
resentations (VDRs) to represent the structure of im-
ages. This representation encodes the geometric re-
lations between the regions of an image. An ex-
ample can be found in Figure 1c, which depicts the
VDR for Figure 1a. It encodes that the MAN is above
the BIKE, and that the BIKE is on the ROAD. These
relationships make it possible to infer that the man
is riding a bike down the road, which corresponds

to the first sentence of the human-generated image
description in Figure 1b.

In order to test the hypothesis that structured im-
age representations are useful for description gener-
ation, we present a series of template-based image
description models. Two of these models are based
on approaches in the literature that represent images
as bags of regions. The other two models use vi-
sual dependency representations, either on their own
or in conjunction with gold-standard image descrip-
tions at training time.

We find that descriptions generated using the
VDR-based models are significantly better than
those generated using bag-of-region models in au-
tomatic evaluations using smoothed BLEU scores
and in human judgements. The BLEU score im-
provements are found at bi-, tri-, and four-gram lev-
els, and humans rate VDR-based image descriptions
1.2 points above the next-best model on a 1–5 scale.

Finally, we also show that the benefit of the vi-
sual dependency representation is maintained when
image descriptions are generated from automatically
parsed VDRs. We use a modified version of the
edge-factored parser of McDonald et al. (2005) to
predict VDRs over a set of annotated object regions.
This result reaffirms the potential utility of this rep-
resentation as a means to describe events in images.
Note that throughout the paper, we work with gold-
standard region annotations; this makes it possible
to explore the effect of structured image representa-
tions independently of automatic object detection.

2 Visual Dependency Representation

In analogy to dependency grammar for natural lan-
guage syntax, we define Visual Dependency Gram-
mar to describe the spatial relations between pairs
of image regions. A directed arc between two re-
gions is labelled with the spatial relationship be-
tween those regions, defined in terms of three ge-
ometric properties: pixel overlap, the angle between
regions, and the distance between regions. Table 1
presents a detailed explanation of the spatial rela-
tionships defined in the grammar.

A visual dependency representation of an image
is constructed by creating a directed acyclic graph
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Caption



Advantages of generation
Ultimately, this is the task we need to solve:
Given an image, produce a (possibly novel) sentence 
that describes the image well. 

Easier to define the scope of what is described explicitly:
-Spatial relations between entities?
-Activities?
-Scenes? 
-Attributes?

Can leverage other text resources.
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Issues for generation
For image and language understanding, the 
(truth-conditional) semantic question of whether 
a sentence describes an image or not is fundamental

Natural Language Generation has additional 
syntactic and pragmatic aspects
that detract from the semantic question:
-Is the caption written in fluent/grammatical English?
-Is this a sentence people would use to describe images?

Natural Language Generation 
is difficult to evaluate
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Image description 
as cross-modal ranking

Semantic Space

65

Images Captions

A little girl is 
enjoying the 
swings

A dog is 
running 
around 
the field

Hodosh, Young, Hockenmaier 2013:
To describe an image, map it to a shared 
(cross-modal) semantic space, and rank 
sentences by their semantic distance 
to the image.



Image description as a 
transfer task 

66



Im2Text
Ordonez et al. 2011

67

Data set: SBU Captioned Photo Dataset
1M images harvested from Flickr
 

Task: Transfer captions from visually similar images
1. Identify k visually similar images 
2. Estimate image content: objects, stuff, people, scenes
3. Rerank captions of the k candidate images

Evaluation:
Automatic: Bleu scores
Human: Forced choice between 2 random images per caption



Im2Text: Find candidates
Represent each image as:

Gist feature
‘tiny image’ (32 x 32 thumbnail)

Compute similarity between query image 
and each of the 1M images

Global matching: 
Return the caption of most similar image

Content matching: 
Return top 100 most similar images for further processing
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Im2Text: Content matching
Objects (89 categories):

If the caption mentions an object, run corresponding detector.
Represent detected objects by shapes and visual attributes.

People and actions:
Predict action and pose vector

Scenes (23 categories from SUN):
Train 23 classifiers to predict a scene vector 

Stuff (sky, road, building, tree, water)

Compare query image against each candidate image:
Similarity of the regions corresponding to the detected objects, 
people, scenes, stuff
Train classifier over these similarity vectors (to maximize Bleu)

69



Im2Text Examples
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Amazing colours in the sky 
at sunset with the orange 
of the cloud and the blue 
of the sky behind.

Strange cloud formation literally 
flowing through the sky like a river in 
relation to the other clouds out there.


Fresh fruit and 
vegetables at the 
market in Port Louis 
Mauritius.

Clock tower 
against the sky.

Tree with red leaves in the field in autumn.

One monkey on the tree in the 
Ourika Valley Morocco 

A female mallard duck in the lake at 
Luukki Espoo

The river running through town I 
cross over this to get to the train 

Street dog in Lijiang 

The sun was coming through 
the trees while I was sitting in 
my chair by the river 

Figure 4: Results: Some good captions selected by our system for query images.

region with a classification probability above a fixed threshold are treated as detections, and the max
probability for a region is used as the potential value.

If we have detected a stuff category, s, in a query image region, Sq and a matched image region, Sm,
then we compute the probability of a stuff match as:

P (Sq, Sm) = P (Sq = s) ⇤ P (Sm = s)
where P (Sq = s) is the SVM probability of the stuff region detection in the query image and
P (Sm = s) is the SVM probability of the stuff region detection in the matched image.

4.3 People & Actions
People often take pictures of people, making “person” the most commonly depicted object category
in captioned images. We utilize effective recent work on pedestrian detectors to detect and represent
people in our images. In particular, we make use of detectors from Bourdev et al [3] which learn
poselets – parts that are tightly clustered in configuration and appearance space – from a large num-
ber of 2d annotated regions on person images in a max-margin framework. To represent activities,
we use follow on work from Maji et al [21] which classifies actions using a the poselet activation
vector. This has been shown to produce accurate activity classifiers for the 9 actions in the PASCAL
VOC 2010 static image action classification challenge [7]. We use the outputs of these 9 classifiers
as our action representation vector, to allow for generalization to other similar activities.

If we have detected a person, Pq, in a query image, and a person Pm in a matched image, we compute
the probability that the people share the same action (pose) as:

P (Pq, Pm) = e�D
p

(P
q

,P
m

)

where Dp(Pq, Pm) is the Euclidean distance between the person action vector in the query detection
and the person action vector in the matched detection.

4.4 Scenes
The last commonly described kind of image content relates to the general scene where an image was
captured. This often occurs when examining captioned photographs of vacation snapshots or general
outdoor settings, e.g. “my dog at the beach”. To recognize scene types we train discriminative multi-
kernel classifiers using the large-scale SUN scene recognition data base and code [29]. We select
23 common scene categories for our representation, including indoor (e.g. kitchen) outdoor (e.g.
beach), manmade (e.g. highway), and natural (pasture) settings. Again here we represent the scene
descriptor as a vector of scene responses for generalization.

If a scene location, Lm, is mentioned in a matched image, then we compare the scene representation
between our matched image and our query image, Lq as:

P (Lq, Lm) = e�D
l

(L
q

,L
m

)

where Dl(Lq, Lm) is the Euclidean distance between the scene vector computed on the query image
and the scene vector computed on the matched image.
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I tried to cross the street to get in my 
car but you can see that I failed LOL.

The tower is the 
highest building in 
Hong Kong.

the water the boat was in

girl in a box that is a train water under the bridge  small dog in the grass 

walking the dog in the primeval 
forest

check out the face on the kid in the 
black hat he looks so enthused 

shadows in the blue sky 

Figure 5: Funny Results: Some particularly funny or poetic results.

4.5 TFIDF Measures
For a query image, Iq, we wish to select the best caption from the matched set, Im 2 M . For all of
the content measures described so far, we have computed the similarity of the query image content
to the content of each matched image independently. We would also like to use information from
the entire matched set of images and associated captions to predict importance. To reflect this, we
calculate TFIDF on our matched sets. This is computed as usual as a product of term frequency (tf)
and inverse document frequency (idf). We calculate this weighting both in the standard sense for
matched caption document words and for detection category frequencies (to compensate for more
prolific object detectors).

tfidf =
ni,jP
k nk,j

⇤ log
|D|

|j : ti 2 dj |
We define our matched set of captions (images for detector based tfidf) to be our document, j and
compute the tfidf score where ni,j represents the frequency of term i in the matched set of captions
(number of detections for detector based tfidf). The inverse document frequency is computed as
the log of the number of documents |D| divided by the number of documents containing the term i
(documents with detections of type i for detector based tfidf).

5 Content Based Description Generation
For a query image, Iq, with global descriptor based matched images, Im 2 M , we want to re-
rank the matched images according to the similarity of their content to the query. We perform this
re-ranking individually for each of our content measures: object shape, object attributes, people
actions, stuff classification, and scene type (Sec 4). We then combine these individual rankings into
a final combined ranking in two ways. The first method trains a linear regression model of feature
ranks against BLEU scores. The second method divides our training set into two classes, positive
images consisting of the top 50% of the training set by BLEU score, and negative images from the
bottom 50%. A linear SVM is trained on this data with feature ranks as input. For both methods we
perform 5 fold cross validation with a split of 400 training images and 100 test images to get average
performance and standard deviation. For a novel query image, we return the captions from the top
ranked image(s) as our result.

For an example matched caption like “The little boy sat in the grass with a ball”, several types of
content will be used to score the goodness of the caption. This will be computed based on words
in the caption for which we have trained content models. For example, for the word “ball” both the
object shape and attributes will be used to compute the best similarity between a ball detection in the
query image and a ball detection in the matched image. For the word “boy” an action descriptor will
be used to compare the activity in which the boy is occupied between the query and the matched
image. For the word “grass” stuff classifications will be used to compare detections between the
query and the matched image. For each word in the caption tfidf overlap (sum of tfidf scores for
the caption) is also used as well as detector based tfidf for those words referring to objects. In the
event that multiple objects (or stuff, people or scenes) are mentioned in a matched image caption the
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Kuznetsova et al. 2012

Data: SBU data set, tested on 1,000 selected images 
with good detector responses
1. Process query image (Similar features to Im2Text)
2. For each detector response: 

Retrieve images with visually similar responses
Transfer corresponding phrases from their captions

3. Generate one sentence per detected object
ILP formulation: word order, avoid redundancy, etc.

71

ILP: I like the way the clouds hanging down by 
the ground in Dupnitsa of Avikwalal. 
 

Human: Car was raised on the wall over a bridge 
facing traffic..paramedics were attending the 
driver on the ground 

IMG_6892 Lookn up in the sky its a 

ILP: This is a sporty little red convertible made for 
a great day in Key West FL. This car was in the 4th 
parade of the apartment buildings. 
 

Human: Hard rock casino exotic car show in June 

Taken in front of my cat sitting in a shoe 
 

Figure 2: In some cases (16%), ILP generated captions were preferred over human written ones!

the objective function (Eq. 12). Via Fsijpq,
we aim to quantify the degree of syntactic and
semantic cohesion across two phrases xsij and
xspq. Note that we subtract this cohesion score
from the objective function. This trick helps the
ILP solver to generate sentences with varying
number of phrases, rather than always selecting
the maximum number of phrases allowed.

N-gram Cohesion Score: We use n-gram
statistics from the Google Web 1-T dataset
(Brants and Franz., 2006) Let Lsijpq be the set
of all n-grams (2 � n � 5) across xsij and xspq.
Then the n-gram cohesion score is computed as:

FNGRAM
sijpq = 1�

�
l�Lsijpq

NPMI(l)

size(Lsijpq)
(20)

NPMI(ngr) =
PMI(ngr)� PMImin

PMImax � PMImin
(21)

Where NPMI is the normalized point-wise mu-
tual information.4

Co-occurrence Cohesion Score: To cap-
ture long-distance cohesion, we introduce a co-
occurrence-based score, which measures order-
preserved co-occurrence statistics between the
head words hsij and hspq

5. Let f�(hsij , hspq)
be the sum frequency of all n-grams that start
with hsij , end with hspq and contain a prepo-
sition prep(spq) of the phrase spq. Then the

4We include the n-gram cohesion for the sentence
boundaries as well, by approximating statistics for sen-
tence boundaries with punctuation marks in the Google
Web 1-T data.

5For simplicity, we use the last word of a phrase as
the head word, except VPs where we take the main verb.

co-occurrence cohesion is computed as:

FCO
sijpq =

max(f�)� f�(hsij , hspq)
max(f�)�min(f�)

(22)

Final Cohesion Score: Finally, the pairwise
phrase cohesion score Fijpq is a weighted sum of
n-gram and co-occurrence cohesion scores:

Fsijpq =
� · FNGRAM

sijpq + � · FCO
sijpq

� + �
(23)

where � and � can be tuned via grid search,
and FNGRAM

ijpq and FCO
ijpq are normalized � [0, 1]

for comparability. Notice that Fsijpq is in the
range [0,1] as well.

6 Evaluation

TestSet: Because computer vision is a challeng-
ing and unsolved problem, we restrict our query
set to images where we have high confidence that
visual recognition algorithms perform well. We
collect 1000 test images by running a large num-
ber (89) of object detectors on 20,000 images
and selecting images that receive confident ob-
ject detection scores, with some preference for
images with multiple object detections to obtain
good examples for testing discourse constraints.

Baselines: We compare our ILP approaches
with two nontrivial baselines: the first is an
HMM approach (comparable to Yang et al.
(2011)), which takes as input the same set of
candidate phrases described in §2, but for de-
coding, we fix the ordering of phrases as [ NP
– VP – Region PP – Scene PP] and find the
best combination of phrases using the Viterbi
algorithm. We use the same rich set of pairwise
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Gupta et al. 2012

Approach (on UIUC PASCAL data)
Generate caption from word-word dependencies that are 
transferred from k-nearest neighbor images. 

Sentence features: 
Word-word dependencies and Google n-gram counts

Image features:
color histograms (RGB, HSV)
texture: Gabor and Haar descriptors
scene (GIST), shape: SIFT
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(1) Input Image (2) Neighbouring Images with
Extracted Phrases

(3) Triple Selection and Sentence Generation

Figure 2: Overview of our approach for an example image from the Pascal dataset. (1) Given an unseen image, (2) find K

images most similar to it from the training images, and using the phrases extracted from their descriptions, (3) generate a
ranked list of triples which is then used to compose description for the new image.

ing it as an n-gram language model is inspired by Aker and
Gaizauskas (2010). These patterns have a predefined struc-
ture (e.g. (subject, verb), (attribute, subject), etc), and
can easily be mapped to generate a syntactically and gram-
matically correct description.

The main strength of our approach is that it works on these
patterns which carry a bigger chunk of information, com-
pared to predicting individual bits such as objects, attributes,
verb, preposition, etc. in a piece-wise manner and then com-
bining them at a later stage as done by previous methods.

To summarize, our contributions are: (i) A novel approach
for generating human-like descriptions for images that effec-
tively uses available textual information. Instead of relying
on trained object detectors or classifiers, our method cap-
tures the semantics of an image using the information en-
coded in its description. (ii) Extensive evaluations to test the
applicability of our model on the IAPR TC-12 benchmark1

(to our best knowledge, this is the first study devoted to com-
pose descriptions for complex images with rich and com-
plicated descriptions). (iii) Producing state-of-the-art perfor-
mance on the Pascal sentence data set2, and setting a base-
line for the IAPR TC-12 benchmark.

2 Related Work
Generating natural language descriptions for images is an
emerging area of research with few attempts directly ad-
dressing this problem. Most of these approaches (Kulkarni et
al. 2011; Yang et al. 2011; Li et al. 2011; Ordonez, Kulkarni,
and Berg 2011; Farhadi et al. 2010) rely on trained detectors
and classifiers to determine the content of an image. Some
of these approaches (Kulkarni et al. 2011; Yang et al. 2011;
Li et al. 2011) explore the use of corpus to smooth the er-
rors in the detections. In Yang et al. (2011), these detec-
tions are used as parameters of an HMM where the hidden
nodes are related to the sentence structure and the emis-
sions are related to the image detections. In Kulkarni et

1http://www.imageclef.org/photodata
2http://vision.cs.uiuc.edu/pascal-sentences/

al. (2011), a CRF-based model; whose nodes correspond
to image entities (such as objects, attributes and preposi-
tions); is used to predict the best labelling for an image. For
sentence generation, either templates (Kulkarni et al. 2011;
Yang et al. 2011; Yao et al. 2008) are used, or complete sen-
tences from the available descriptions (Farhadi et al. 2010;
Ordonez, Kulkarni, and Berg 2011) are transferred.

Aker and Gaizauskas (2010) use GPS meta data to access
web-documents relevant to an image, and generate image
description by summarizing these documents. But their do-
main is limited to static objects such as buildings and moun-
tains, and cannot be applied to dynamic objects in daily life
like people, cars, etc. In Feng and Lapata (2010), assum-
ing that a relevant document is available for a given image,
the output (keywords) of an image annotation model is com-
bined with the document properties to generate captions for
images in the news domain.

Conceptually, our work closely relates to Sadeghi and
Farhadi (2011). They hypothesize that a visual phrase (e.g.
“person riding horse”) is more meaningful than individual
objects. To detect phrases, they use specific phrase detectors
trained on few hundreds of images. In contrast, we extract
this information from image descriptions. Also, we work on
significantly larger number of phrases compared to them.

3 Our Approach
Given a dataset of images and their corresponding human-
generated descriptions, our task is to describe an unseen im-
age. We extract linguistically motivated phrases from these
descriptions; and given a new image, the phrases present in
its neighbouring images are ranked based on image simi-
larity. These are then integrated to get triples of the form
( ((attribute1, object1), verb), (verb, prep, (attribute2,
object2)), (object1, prep, object2) ), which are used for
sentence generation (Figure 2).

3.1 Phrase Extraction
The key component of our approach is to effectively use the
information in the ground-truth descriptions, and for that we
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Image description as a 
cross-modal ranking task
with implicit semantics
Hodosh, Young, Hockenmaier 2013
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Two boys are playing football.
People in a line holding lit roman candles. 

A little girl is enjoying the swings
A motorbike is racing around a track.

An elephant is being washed.
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A little girl is enjoying the swings

Cross-modal image annotation



Two boys are playing football.
People in a line holding lit roman candles. 

A little girl is enjoying the swings
A motorbike is racing around a track.

An elephant is being washed.
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A little girl is enjoying the swings

Cross-modal image search



Description as Ranking
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Given a pool of unseen images Itest and unseen 
sentences Stest, we can use an affinity function f(I, S) 
that is maximized when S describes I to define image 
description as two ranking tasks:

Sentence-based image annotation
(over a pool of test sentences, Stest): 
For each Iquery ∈ Itest, rank all S ∈ Stest by f(Iquery, S) 

Sentence-based image search 
(over a pool of test images, Itest): 
For each Squery ∈ Stest, rank all I ∈ Itest  by  f(I, Squery)



Images and 
sentences are 
mapped to the 
same induced 
semantic space. 

Kernel Canonical Correlation Analysis
W1 W2

Semantic Space
Kt(Dt,∗)
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Sooners 
football player 
wears the 
number 28 
and black 
armbands ...

Images Captions

A boy jumps 
from one bed 
to another ...

Ki(Di,∗)



Ki(Di,∗)

Using KCCA for image description
W1 W2

Semantic Space
Kt(Dt,∗)
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Images Captions

A little girl is 
enjoying the 
swings

A dog is 
running 
around 
the field

To describe an 
image, we map it 
to the semantic 
space, and find the 
closest sentences 
in this space. 



Examples

‘Expert’ human evaluation for image annotation: 
Rate the highest ranked test caption for each test image 
on a scale from 1 to 4. 

Search and annotation examples 
Shown are the top 5 results per query image/sentence.
The response that belongs to the query is highlighted.
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Score: 4 (Perfect description)
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A girl wearing a yellow 
shirt and sunglasses 

smiles.

A man climbs up a 
sheer wall of ice.

Random:   0.6%
NN:         4.1%
BoW1:    8.1%
BoW5:     11.8%
Tri5sem:   13.3%



Score: 3  (Minor errors)
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A boy jumps into the 
blue pool water.

A child jumping on a 
tennis court.

Random:     1.5%
NN:        11.4%
BoW1:   22.9%
BoW5:       24.7%
Tri5sem:  28.1%



Score: 2  (Major errors)
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A dog in a grassy field, 
looking up .

A boy in a blue life 
jacket jumps into the 

water .



Score: 1 (Caption unrelated)
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Basketball players in 
action.

A black dog with a 
purple collar running.



Image search examples
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Two little girls practice martial arts

A man sitting on a subway



Advantages of 
cross-modal ranking
Aims to directly measure the quality of the semantic 
mapping between images and sentences.

No need to worry about syntax or pragmatics, as in generation.

Makes it possible to define objective benchmarks that 
allow different systems to be compared directly.

Everybody needs to rank the same set of sentences/images. 
Can be evaluated automatically.

Automatic evaluations correlate highly with human judgments.

Natural framework for annotation and search. 
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Issues for 
cross-modal ranking
Requires large(ish) pool of images paired with 
human-written sentences.

Benefits from additional human relevance judgments.

Is performance an artifact of what sentences are 
available in the pool? 
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Image annotation examples
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Two girls with dark hair and white shirts.
A woman in a red shirt holding a cellphone.
The Asian girl wearing a pink and black striped top 
is walking next to the girl in the grey top .
A smiling woman embracing a young girl in a jacket 
with an apple print.
A woman in a headdress is holding a little boy 
wearing blue.

A person on a dirt bike is riding up a sandy hill.
A man riding a motorbike kicks up dirt .
Two motocross riders next to each other 
on a dirt track .
A person drives an ATV through mud.
A man wearing a white hat is on a red ATV 
driving on the dirt .



Using NNs for image description 
(Socher et al., TACL 2014)

Semantic Space

88

Images Captions
A little girl is 
enjoying the 
swings

Learn two neural nets to map images and 
sentences to vectors i, s in the same space 
such that the dot product of correct image-
sentence pairs (ii, si) is greater than that of 
incorrect pairs (ii, sj), (ij, si) by a margin Δ:  
iisi  > iisj +Δ  and iisi  > ijsi +Δ

Image
NN

Sentence 
NN

A dog is 
running 
around 
the field
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Evaluating
Image Description

Hodosh, Young, Hockenmaier, JAIR 2013



Desiderata for evaluation
Reliability: 
-Higher-scoring systems produce better descriptions.
-Human evaluation: high inter-annotator agreement.

Reproducibility and objectivity:
-Repeated evaluation of the same system 

produces the same scores.
-Different systems can be evaluated independently, 

and their scores can still be compared directly.
Cost and efficiency:
-Evaluation should be as inexpensive as possible.
-Evaluation should be possible on a large scale. 
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Evaluating generated 
image descriptions
Human judgments
- Advantages: Accuracy
- Challenges: Reliability, reproducibility, cost

Automatic comparison to 
reference captions (BLEU, ROUGE)
- Advantages: Can be done on a large scale
- Challenges: Poor correlation with human judgments
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Evaluating ranking-based 
description systems
Automatic evaluation is possible:
One image in the test pool is the image that the query 
sentence was written for.

- What is the median rank of that image?
- Recall@K: How often do we retrieve this image as the 

first result, among the first 5 results, among the first 10 
results? 
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Challenges for evaluating 
ranking-based systems
The test pool may contain other images for which the 
test query is a good description.
-Automatic evaluation underestimates performance

We need to collect human judgments for all image-
sentence pairs in the test pool. 
-Prohibitively expensive to do this exhaustively, but:
-BLEU is a useful filter to identify implausible pairings
-Unlike for NLG, the same judgments can be re-used 

in evaluating different systems.
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Collecting human 
relevance judgments
Binary task: 

Which of these 10 captions describes the image, possibly with 
minor errors

Crowdsourcing:
On a test set of 1,000 image-caption pairs, we collected 3 
judgments for the 10 highest results of 16 models 
on annotation and search

Preprocessing
Use BLEU (with stemming and stop word removal) 
to filter out implausible image-caption pairs. 
Removes 86% of all pairs, but only 6.7% of good pairs 
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Using human 
relevance judgments
Rate of success (S@k): 
What percentage of queries has at least one relevant 
response among the top k results?

R-precision:
If query qi has ri relevant responses, report precision 
at rank ri for qi.
Standard IR metric when the number of relevant 
responses varies by query.
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Do automated metrics rank different (n = 30) systems 
the same way as human metrics?

Possibly, if you go beyond the first result

Can evaluation be automated?
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0.5

0.6

0.7

0.8

0.9

1

R@1 R@5 R@10 median

Annotation (Spearman’s ρ)

R-precision
S@k
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A proposal for 
a shared task



Why a shared task?

98

We need objective evaluation metrics and benchmarks 
to compare different systems directly.

(cf. CoNLL shared tasks, PASCAL VOC challenges, ImageNet)

We need reproducible experiments and evaluations.
No repeated human evaluation should be required.

We need data sets that both vision and language people 
can use. 

We want to lower the barrier of entry for people from both fields.



Ranking-based 
image description
Test data: 

A large pool of unseen images and their captions

Image annotation task:
For each test image, rank the test captions

Image search task:
For each test caption, rank the test images

Evaluation:
Without relevance judgments: median rank of gold item, R@k
With (exhaustive) relevance judgments: R-precision, S@k
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Data sets
Hodosh et al. 2013 (JAIR): 
Illinois Flickr 8k as benchmark for ranking-based image 
annotation & search

Training set: 6,000 Flickr images with 5 crowdsourced captions
Test set: 1,000 Flickr images with 1 crowdsourced caption each
(+human relevance judgments)

Illinois Flickr 30k data set (Young et al., TACL, 2014):
Mostly Creative-Commons licensed images

Alternative: IAPR-TC12 
(20,000 segmented images with captions)
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