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Haberlerde.. 
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Problem 
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Problem 

Bir çocuk limonata standında kurabiye yiyor. 

Bir limonata standı kurabiye yiyen bir çocuğun yanında. 

Küçük bir çocuk kurabiye ve limonata standının yanında kurabiye yiyor. 

Bir çocuk limonata standının yanında kurabiye yiyor. 

Küçük bir çocuk limonata satarken kurabiye yiyor. 



• Görüntülerden kelime bazlı altyazı getirimi yapılan çalışmalar: 
− Görüntü Etiketleme  (örn., Mori vd. 1999, Duygulu vd. 2002) 

− Anlamsal Segmentasyon (örn., Shotton vd. 2008, Tighe ve Lazebnik 2010) 

− İnsanlar, nesneler ya da sahnelerin tanınması (örn. Everingham vd. 2010) 

− Görsel Nitelikler (örn. Farhadi vd. 2009) 
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İlgili Çalışmalar 



• Oluşturma Tabanlı Altyazılama (örn., A. Farhadi vd. 2010, G. Kulkarni 
vd. 2013, M. Mitchell vd. 2012, A. Karpathy vd. 2015) 

• Getirim Tabanlı Altyazılama (örn., V. Ordonez vd. 2011, P. Kuznetsova 
vd. R. Mason 2014, M. Kilickaya vd. 2015) 
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Görüntü Altyazılama Yöntemleri 
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       Diğer Veri Kümeleri 
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SBU Veri Kümesi 

Ordonez et al., 2011 

• Flickr adlı fotoğraf paylaşım sitesinde kullanıcıların paylaştığı, 
nesne, nitelik, eylem ve sahneleri içeren yaklaşık 1,000,000 
görüntü, kullancı tarafından yazılmış bir açıklamaya sahip. 
(ortalama 10 kelime). 

Man sits in a rusted car 
buried in the sand on 
Waltarere beach 

Interior design of 
modern white and brown 
living room furniture 
against white wall with a 
lamp hanging 

Emma in her hat 
looking super cute 

Little girl and her dog 
in northern Thailand. 
They both seemed 
interested in what we 
were doing 
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Flickr8k Veri kümesi 

• A black, white, and brown dog is playing with a green and pink ball on 

sand.  

• A dog is in the sand with a pink and green tennis ball in his mouth.  

• A little dog plays with a colorful ball in the sand. 

• A small terrier plays with a tennis ball on the beach.  

• The white dog, with dark patches, is playing in the sand with a tennis 

ball in its mouth. 

• Flickr isimli fotoğraf paylaşım sitesinde kullanıcıların paylaştığı nesne ve 

hareket içeren 8,091 resim. 

• Her resim 5 alternatif açıklamaya sahiptir (ortalama 10 kelime 

uzunluğunda). Amazon Mechanical Turk ile toplanmıştır . 
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Flickr30k Veri Kümesi 

Yatskar et al., 2014 

• Flickr isimli fotoğraf paylaşım sitesinde kullanıcıların paylaştığı 
nesne ve hareket içeren 31,783 resim. 

• Her resim 5 alternatif açıklamaya sahiptir (ortalama 10 kelime 
uzunluğunda). Amazon Mechanical Turk ile toplanmıştır . 

• Gray haired man in black suit and yellow tie working in a financial 

environment. 

• A graying man in a suit is perplexed at a business meeting. 

• A businessman in a yellow tie gives a frustrated look. 

• A man in a yellow tie is rubbing the back of his neck. 

• A man with a yellow tie looks concerned. 
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MS COCO Veri Kümesi 

• a woman playing tug of war with a dog over a white 

frisbee. 

• a woman wrestles a frisbee being held by a dog. 

• a dog is biting a frisbee his owner is trying to get 

• woman and dog with frisbee on grass near fence. 

• a dog is playing with their owner and a frisbee. 

• Veri kümesi toplamda 300,000 görüntüden oluşmaktadır. 

• Her bir görüntüye ait 5 betimleme bulunmakta, ortalama altyazı 10 kelimeden 
oluşmaktadır. 

• Görüntülerde bulunan nesneler 80 kategoride segmente edilmiştir. 
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   TasvirEt Veri Kümesi 
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Verinin Toplanması 
• Türkçe açıklama sayısı:    2 farklı açıklama görüntü başına 

• Ortalama açıklama uzunluğu: 8 kelime  

• Bir kere görülen kelime sayısı: 2041 kelime 

 

 



• Görsel olarak görüntünün tanımının yapılması. 

• ImageNet veri kümesi üzerinde eğitilmiş bir derin öğrenme modeli 
olan 16-katmanlı Evrişimli Yapay Sinir Ağının fc7 aktivasyonları ile 
4096 boyutlu vektörler. 
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En yakın görüntünün getirilmesi 
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En yakın görüntünün getirilmesi 

Stability: Transfer learning

• a CNN trained on a (large enough) dataset generalizes 
to other visual tasks:

Figure 4. t-SNE map of 20, 000 Flickr test images based on features extracted from the last layer of an AlexNet trained with K = 1, 000.

A full-resolution map is presented in the supplemental material. The inset shows acluster of sports.

ing one-versus-all logistic loss: using a dictionary of K =

1, 000 words, such a model achieves a precision@10 of

16.43 (compared to 17.98 for multiclass logistic loss). We

surmise this is due to the problems one-versus-all logistic

loss has in dealing with class imbalance: because the num-

ber of negative examples is much higher than the number

of positiveexamples (for themost frequent class, more than

95.0% of the data is still negative), the rebalancing weight

in front of the positive term is very high, which leads to

spikes in thegradient magnitude that hamper SGD training.

Wetried various reweighting schemes to counter thiseffect,

but nevertheless, multiclass logistic loss consistently out-

performed one-versus-all logistic loss in our experiments.

To investigate the performance of our models as a func-

tion of the amount of training data, we also performed ex-

periments in which we varied the Flickr training set size.

The lefthand side of Figure 2 presents the resulting learn-

ing curves for the AlexNet architecture with K = 1, 000.

The figure shows that there is a clear benefit of training on

larger datasets: theword prediction performance of thenet-

works increases substantially when the training set is in-

creased beyond 1 million images (which is roughly the size

of Imagenet); for our networks, it only levels out after ⇠ 50

million images.

To illustrate the kinds of words for which our models

learn good representations, weshow ahigh-scoring test im-

age for six different words in Figure 3. To obtain more in-

sight into the features learned by the models, we applied

t-SNE [51, 52] to features extracted from the penultimate

layer of an AlexNet trained on 1, 000 words. This produces

maps in which images with similar visual features areclose

together; Figure 4 shows such a map of 20, 000 Flickr test

images. The inset shows a “sports” cluster that was formed

by thevisual features; interestingly, it containsvisually very

dissimilar sports ranging from baseball to field hockey, ice

hockey and rollerskating. Whilst all sports are grouped to-

gether, the individual sports are still clearly separable: the

model can capture thismulti-level structurebecause the im-

ages sometimes occur with the word “sports” and some-

times with the name of the individual sport itself. A model

trained on classification datasets such as Pascal VOC is un-

likely to learn similar structure unless an explicit target tax-

onomy is defined (as in the Imagenet dataset). Our results

suggest that such taxonomies can be learned from weakly

labeled data instead.

4.2. Exper iment 2: Transfer Learning

Exper imental setup. To assessthequality of thevisual fea-

tureslearned by our models, weperformed transfer-learning

experiments on seven test datasets comprising a range of

computer-vision tasks: (1) the MIT Indoor dataset [38],

(2) the MIT SUN dataset [55], (3) the Stanford 40 Actions

dataset [57], (4) the Oxford Flowers dataset [33], (5) the

Sportsdataset [17], (6) the ImageNet ILSVRC 2014 dataset

[42], and (7) thePascal VOC 2007 dataset [11]. Weapplied

thesamepreprocessing asbeforeon all datasets: weresized

the images to 224⇥ 224 pixels, subtracted their mean pixel

value, and divided by their standard deviation.

Following [40], we compute the output of the penulti-

mate layer for an input image and use this output as a fea-

ture representation for the corresponding image. We eval-

uate features obtained from Flickr-trained networks as well

as Imagenet-trained networks, and we also perform exper-

iments where we combine both features by concatenating

them. We train L2-regularized logistic regressors on the

features to predict the classes corresponding to each of the

datasets. For all datasets except the Imagenet and Pascal

VOC datasets, we report classification accuracies on a sep-

arate, held-out test set. For Imagenet, we report classifica-

tion errors on the validation set. For Pascal VOC, we report

average precisions on the test set as is customary for that

dataset. As before, we use convolutional networks trained

on the Imagenet dataset as baseline. Additional details on

the setup of the transfer-learning experiments are presented

in the supplemental material.

Results. Table 3 presents the classification accuracies—

averaged over 10 runs—of logistic regressorson six datasets

for both fully supervised and weakly supervised feature-

Figure 6. t-SNE map of 10, 000 words based on their embeddings as learned by a weakly supervised convolutional network trained on the

Flickr dataset. Note that all the semantic information represented in the word embeddings is the result of observing that these words are

assigned to images with similar visual content (the model did not observe word co-occurrences during training). A full-resolution version

of the map is provided in the supplemental material.

K Query ! Response k = 1 k = 5 k = 10

English ! French 33.01 50.16 55.34
10, 000

French ! English 23.95 50.16 56.63

English ! French 12.30 22.24 26.50
100, 000

French ! English 10.11 18.78 23.44

Table 6. Precision@k of identifying the French counterpart of an

English word (and vice-versa) for two dictionary sizes, at three

different levels of k. Chance level (with k = 1) is 0.0032 for

K = 10, 000 words and 0.00033 for K = 100, 000 words. Higher

values are better.

English French English French

oas oea uzbekistan ouzbekistan

infrared infrarouge mushroom champignons

tomatoes tomates filmed serveur

bookshop librairie mauritania mauritanie

server apocalyptique pencils crayons

Table 7. Ten highest-scoring pairs of words, as measured by the

cosine similarity between the corresponding word embeddings.

Correct pairs of words are colored green, and incorrect pairs are

colored red according to the dictionary. The word “oas” is an ab-

breviation for the Organization of American States.

most similar word pairs, measured by the cosine similar-

ity between their word embeddings. These word pairs sug-

gest that models trained on Flickr datafind correspondences

between words that have clear visual representations, such

as “ tomatoes” or “bookshop”. Interestingly, the identified

English-French matches appear to span a broad set of do-

mains, including objects such as “pencils” , locations such

as “mauritania” , and concepts such as “ infrared” .

5. Discussion and Future Work

Thisstudy demonstrates that convolutional networkscan

be trained from scratch without any manual annotation and

showsthat good featurescan belearned from weakly super-

vised data. Indeed, our models learn features that arenearly

on par with those learned from an image collection with

over a million manually defined labels, and achieve good

results on a variety of datasets. (Obtaining state-of-the-art

results requires averaging predictions over many crops and

models, which is outside the scope of this paper.) More-

over, our results show that weakly supervised models can

learn semantic structure from image-word co-occurrences.

In addition, our results lead to three main recommen-

dations for future work in learning models from weakly

supervised data. First, our results suggest that the best-

performing models on the Imagenet dataset are not opti-

mal for weakly supervised learning. We surmise that cur-

rent models have insufficient capacity for learning from the

complex Flickr dataset. Second, multi-class logistic loss

performs remarkably well in our experiments even though

it is not tailored to multi-label settings. Presumably, our

approximate multiclass loss works very well on large dic-

tionaries because it shares properties with losses known to

work well in that setting [31, 50, 53]. Third, it is essential

to sample data uniformly per class to learn good visual fea-

tures [2]. Uniform sampling per class ensures that frequent

classes in the training data do not dominate the learned fea-

tures, which makes them better suited for transfer learning.

In future work, we aim to combine our weakly su-

pervised vision models with a language model such as

word2vec [31] to perform, for instance, visual question an-

swering [3, 58]. We also intend to further investigate the

ability of our models to learn visual hierarchies, such as the

“sports” example in Section 4.2.

“Learning visual features from Large Weakly supervised Data”, [Joulin et al, ’15]17

Joulin et al. “Learning visual features from Large Weakly supervised Data”, 2015 



• K-NN yaklaşımı ile K adet görüntünün getirilmesi. 

 

19 

En yakın görüntünün getirilmesi 
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Uyarlanabilir Komşuluk 



• Zemberek ile kelimelerin çekim eklerinin atılması 
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Altyazıların Gösterilmesi 

A. A. Akin & M. D. Akin, “Zemberek, an open source NLP framework for Turkic Languages” 
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Oybirliği ile Altyazının Bulunması  

J.  Devlin, et al., “Exploring nearest neighbor approaches for image captioning”, arXiv preprint arXiv:1505.04467, 2015. 



• Cümle cümle n-gram eşleşmeleri bulunur, 

• Her aday cümle için kırpılmış n-gram sayısı toplanır, 

• Aday cümlelerin n-gram sayısına bölünür. 

 

23 

BLEU Skorunun Hesaplanması 



Başarılı Sonuçlar 
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G: Sarı bir köpek merdivenlerden koşarak iniyor. 

Y1: Sarı bir köpek çeşmeden su içiyor. 

Y2: Çimlerde koşan bir köpek. 

25 

G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



G:  Bir adam tekne ile su kayağı yapıyor. 

Y1: Bir adam sörf yapıyor. 

Y2: Azgın dalgaların arasında sörf yapan bir adam. 
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G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



G: Dalgalarda havalanan bir sörfçü. 

Y1: El arabasına oturmuş bir kız çocuğunu çeken patenli bir bayan. 

Y2: Dalgada sörfle kayan bir adam. 

27 

G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



G:  Tenis raketi ile topa vuran kadın tenisçi. 

Y1: Bir adam elinde tenis raketi ile koşuyor. 

Y2: Tenis oynayan bir kadın. 
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G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



Başarısız Sonuçlar 
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G: Miami oyuncusu zenci basketbolcu. 

Y1: Sporcu bir kızın dışardan görüntüsü. 

Y2: Endişeli endişeli bir yerlere bakmakta olan bir 

kadın. 
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G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



G: Rugbi maçında topu kapma mücadelesi veren oyuncular. 

Y1: Elinde top ile rakibine doğru giden rugbi oyuncusu ve arkasında takım 

arkadaşları.  

Y2: Bir futbol maçı. 31 

G: Kullanıcı altyazısı 

Y1: En yakın görüntünün 

altyazısı 

Y2: Oybirliği ile bulunan altyazı 



• 1000 test görüntüsü için n= 1, 2 ve 3 olduğunda elde edilen sonuçlar:   

32 

Test Sonuçları 

Y1: En yakın görüntü altyazısı, Y2: Oybirliği ile bulunan alyazı 



 

• Flickr8k veri kümesinin Türkçe ile zenginleştirilerek TasvirEt veri 
kümesinin oluşturulması, 

• Türkçe altyazılama amacı ile kullanılabilecek iki yöntemin 
oluşturulması 

− Görsel olarak en yakın görüntünün altyazısının kullanılması 

− Oybirliği ile altyazının bulunması 

• Veri kümesindeki altyazıların arttırılması 
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Sonuç 



• Türkçeye özel cümle temsillerinin oluşturulması 

• Getirme tabanlı bir yaklaşım yerine yaratma tabanlı bir yaklaşım 

• Çok dilli görüntü altyazılama 

• Çok kipli makine çevrimi 

 

• Bu çalışmalar için daha çok veriye ihtiyaç duymaktayız.  
Destek olmak için: http://tasviret.cs.hacettepe.edu.tr/ 

34 

Gelecek Çalışmalarımız 

http://tasviret.cs.hacettepe.edu.tr/
http://tasviret.cs.hacettepe.edu.tr/
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    Teşekkürler! 


