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Backeround

e The approach leverages datasets of images and their sentence
description to learn about the intermodal correspondences between
language and visual data

e Alignment model Process
o A novel combination of CNN over image regions
o BRNN (bidirectional RNN) over sentences
o A structured objective that aligns the two modalities through a multimodal embedding
o MRNN (Multimodal RNN) architecture that uses the inferred alignments to learn to generate
novel descriptions of image regions

e The research experiment is based on Flickr 8K, Flickr 30K, MSCOCO & VG
datasets

Previous Work

e Training
o Select the most compatible annotation
m  Framing image description as a ranking task by M. Hodosh
o Break and stitch compatible annotation
m  Collective generation of natural image descriptions by P. Kuznetsova
o Lacking interpretation of context
e (aption Generation
o Fixed template
m from image annotation to image description by A. Gupta and P. Mannem
o Generative grammars

m  Generating image descriptions from computer vision detections by M. Mitchell
o Lacking variety and error prone



Sample output from previous work

INPUT OUTPUT

Attr-Obj : < brown,dog > < white, wall >

Subject : dog

Verb : sit

Preposition : next-to

Description : A brown dog is sitting next to a white
wall.

< dog, wall, white, brown >

Overview of the model

e The goal is to generate descriptions of images and their regions
e The model consists of two sub-models

Training Input:
images and their —b
sentence descriptions
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Overview of alignment model

Alignment model -- representing images

e Detect objects in every image with a RCNN (Region CNN) RCNN -
o CNN pre-trained on ImageNet —
o Finetuned on 200 classes of the ImageNet Detection Challenge @@ﬁj{ﬂﬂ -
o Used top 19 detected locations as well as the whole image to compute v 8

v
v = W, [CNNg, (Ip)] + by

e Everyimage is represented as a set of h-dimensional vectors.
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Alignment model -- representing sentences

e Goal: Mapping each word into the same h-dimensional embedding space
o Bidirectional Recurrent Neural Network (BRNN) to compute the vector
o Word2vec weights and two independent process stream
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e Output: s, is a function of both the word and it's surrounding context

Alignment objective

e Strategy: formulate an image-sentence score as a function of region-word score
; B R
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e The score interprets how a sentence fragment aligns to a subset of image regions
e Everyword s, aligns to the single best image region
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Alignment objective

e This novel model improves the final ranking performance
e The final Max-margin, structured Loss
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e This alignment method also leads to the application of grounded image

sentence retrieval
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Grounded Image Sentence Retrieval

Grounded Image Sentence Retrieval
For every test set sentence below we refrieve the top images (from set of 1000). Yeilow
number top left of each image = score. Clicking on each image reveals the precise
inferred grounding. Red border = incorrect retrieval, green border = correct retrieval.
Yellow border = ground truth image that wasn't retrieved among top 5 predictions.

Test set of size: 1000 images

| |

aperson in socks lying on bed watching Tv screen

A = s 1

Elephants ol mixed ages standing In a muddy landscape.
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Decoding--from single word to text

e Align a sequence of words to a single bounding box
o Applying Markov Random Field to encourage neighboring words align to same region
o Controlled by affinity hyperparameter
o Minimizing energy function to calculate best alignment
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e Qutput: image regions with a segment of text
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Overview of the mode

e The goal is to generate descriptions of images and their regions
e The model consists of two sub-models
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Description generation mode|

Challenge: produce a size-varying description of the image

Define probability distribution given current word and context with RNN
Input images | and sentence description vectors x

Generate image context vector b from the last layer of CNN

Utilize image context to estimate word context vector h

Generalize the logistic function with softmax function
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Experiment

Datasets: Flicker8K, Flicker30k, MSCOCO, and Visual Genome (VG) dataset

Evaluating captioning model in three individual procedures
o Image-Sentence Alignment Evaluation
o Generating Descriptions for the entire image
o Generating Descriptions for regions of one image
Strong supervised region captioning
o VG dataset contains 4.1 millions captions for region model
o LSTM and VGG-16 CNN are adopted
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Image-Sentence Alignment Evaluation

e BRNN and AlexNet combined outperform other
implementations with more powerful CNN
Simpler Cost Function of alignment
BRNN outperforms Dependency Tree Relations
Model learns to modulate the importance of words
and regions by scaling the magnitude of their
embedding vectors s, v.
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TABLE 1
Image-Sentence Ranking Experiment Results
Image Annotation Image Search

Model R@1 R@5 R@10 Med r R@1 R@5 R@10 Med r

Flickr8K
Hodosh et al. [6] 8.3 21.6 303 34 7.6 20.7 30.1 38
Kiros et al. [28] 13:5 36.2 45.7 13 104 31.0 43.7 14
Mao et al. [33] 14.5 37.2 48.5 11 115 31.0 42.4 15
Our implementation of DeFrag [42] 13.8 35.8 48.2 10.4 9.5 28.2 40.3 15.6
Our model: DepTree edges 14.8 37.9 50.0 94 11.6 314 43.8 13.2
Our model: BRNN 16.5 40.6 54.2 7.6 11.8 321 44.7 12.4

Flickr30K
SDT-RNN (Socher et al. [17]) 9.6 29.8 41.1 16 8.9 29.8 41.1 16
Kiros et al. [28] 14.8 39.2 50.9 10 11.8 34.0 46.3 13
Mao et al. [33] 18.4 40.2 50.9 10 12:6 31.2 41.5 16
Donahue et al. [31] 17.5 40.3 50.8 9 - - - -
DeFrag (Karpathy et al. [42]) 14.2 37.7 51.3 10 10.2 30.8 44.2 14
Our implementation of DeFrag [42] 19.2 445 58.0 6.0 12.9 35.4 47.5 10.8
Our model: DepTree edges 20.0 46.6 594 54 15.0 36.5 48.2 104
Our model: BRNN 22.2 48.2 61.4 4.8 15.2 37.7 50.5 9.2
Vinyals et al. [34] (more powerful CNN) 23 E 63 5 17 g o7 8

MSCOCO
Our model: 1K test images 38.4 69.9 80.5 1.0 274 60.2 74.8 3.0
Our model: 5K test images 16.5 39.2 52.0 9.0 10.7 29.6 42.2 14.0

R@K is Recall@K (high is good). Med r is the median rank (low is good). In the results for our models, we take the top five validation set models, evaluate each
independently on the test set and then report the average performance. The standard deviations on the recall values range from approximately 0.5 to 1.0.



Fullframe Evaluation

e It generates reasonable descriptions B g
and capture the gist —————

e Sentences generated by the modal . ;w
can be traced back to the training

set especially those with larger

beam size

e Learns particular templates of the wsseusncesioruisimage:

training set mepobiprs G s ooy
[3.94) A pair of men holding surfboards stand on the beach by the water.
[3.901 two people holding surf boards on a beach

o Quantitatively outperforms Other i e s oa sescs s s boarss nsar oy

work
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TABLE 3
Evaluation of Full Image Predictions on 1,000 Test Images
Flickr8K Flickr30K MSCOCO 2014

Model B1 B2 B3 B4 B-1 B2 B3 B4 B-1 B2 B3 B4 METEOR CIDEr
Nearest Neighbor — — — — — —_ — — 480 281 166 100 0.157 0.38
Mao et al. [33] 58 28 23 — b5 24 20 — — — — — — —
Google NIC [34] 63 41 27 — 66.3 423 277 183 666 461 329 246 — —
LRCN [31] - — — — 588 391 251 165 628 442 304 — = —
MS Research [32] — — — — o — s — — — — 213 0.207 —
Chen and Zitnick [30] - — — 14.1 — — — 126 — — — 19.0 0.204 —
Our model 579 383 245 160 573 369 240 157 625 450 321 23.0 0.195 0.66

B-n is BLEU score that uses up to n-grams. High is good in all columns. For future comparisons, our METEOR/CIDEr Flickr8K scores are 16.7/31.8 and the
Flickr30K scores are 15.3/24.7.

&

pizza with tomatoes and vegetables woman in bikini is jumping over a man in white shirt is pushing his cart a group of people sitting on a couch
on it hurdle down the street with their laptops
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Region Evaluation

e Train the Multimodal RNN with image regions and corresponding

snippets of text

e Outperforms the Fullframe model (CIDEr 0.62/0.20, METEOR 0.158/0.133,

ROUGE 35.1/21.0), but generates shorter descriptions

TABLE 4
BLEU Score Evaluation of Image Region Annotations
Model B-1 B-2 B-3 B4
Human agreement 61.5 45.2 30.1 22.0
Nearest Neighbor 229 10.5 0.0 0.0

RNN: Fullframe model
RNN: Region level model

14.2 6.0 22 0.0
35.2 16.1 14.8

Example Region Model Predictions
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Fig. 9. Example region predictions on MSCOCO. We use our region-level multimodal RNN to generate text (shown on the right of each image) for

BLEU (bilingual evaluation understudy). An
algorithm for evaluating the quality of text
which has been machine-translated from
one natural language to another
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some of the bounding boxes in each image. The lines are grounded to centers of bounding boxes and the colors are chosen arbitrarily.
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Region Captioning with Strong Supervision

Region model is trained on a
total of 4.1 million captions, while a
full image model is trained on
about 0.55 million captions

In both cases, test sets is
5000 VG images

TABLE 5

o X standing 0 a black and while stroel table. wooden table

Captioning Evaluation on VG Test Image building i visible s bottars s ths: el plate o fodil. Bres:

Regions for a Fullframe Model Trained on e i s ot fe. | o o o SV fok on the plte
MSCDCO aﬂd a Hegion_L.euel MwEi o o ';“‘mm'.fi.‘:l:!r::;r;‘:u::hfir;:-:u.—- sign on the bodtle of wine g:ﬂs\;rﬂ"ﬁ;‘?

Trained on VG Heglﬂﬂs silver metal sink. brown and white cup

Model METEOR

RINN: Fullframe model 0.209

RINN: Region level model 0.272
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Limitation

e Limitations of multimodal RNN

o Limited to fixed resolution and numbers of input array. (i.e. only generate a description of
one input array of pixels at a fixed resolution)

o RNN receives the image only through additive bias interactions. Other researches show
that additive bias interactions is less expressive than more complicated multiplicative
interactions.

Evaluate every region is inefficient, how to apply automatic region searching on it
The image region detection step is relied on external R-CNN region, which is trained to
predict object-like regions.
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More Limitation We Found

o |
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Conclusion

e Target realized in this research

o Generate description of image regions
o Generate description of entire image
o Retrieve image based on score

e A novel ranking model that aligned parts of visual and language modalities
through a common, multimodal embedding

e Described Multimodal RNN architecture that generates descriptions of visual
data
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