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[email protected] [email protected] ABSTRACT Local features are the building blocks of many visual systems, and local point detector is usually the first component for local feature extraction. Existing local point detector are designed with target for matching and it may not perform well when applied in image content representation. Actually many existing studies demonstrate that the simple dense sampling strategy can achieve better performance than many local point detection methods in image classification tasks. In this paper, we propose a novel point detector named semantic point detector, which detects a set of semantically meaningful patches from each image and yields more compact and complete image representation. It is learned from an set of images with concepts from a large ontology. We conduct extensive experiments based on the proposed detector, and the experimental results demonstrate the effectiveness of our approach.
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INTRODUCTION



Local features not only help to find correspondences in spite of large changes in viewing conditions, occlusions, and ∗This work was performed when Kuiyuan Yang was visiting Microsoft Research Asia as a research intern. ∗Area Chair: Lexing Xie
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background clutter, but also yield an interesting description of the image content for image retrieval and object or scene recognition [13]. Generally, there are two main steps for extracting local features, the first is point detection, and the next is point descriptor extraction. Point detection can be viewed as a task of selecting a set of points from all possible candidates on the image grid. The widely used point detectors can be divided into two categories, namely interest point detector and dense sampling. Interest point detector is originally designed for recognizing specific objects or finding correspondence between two or more wide baseline views. It selects a set of points based on the local image structures, such as corners [4] and blobs [7], these points tend to be sparse and stable in images of the same object or scene. Recently, these detectors have been successfully used in near-duplicate detection and landmark retrieval [12, 15]. However, these detectors are designed with the purpose of finding points that are invariant under a certain family of transformations. This principle makes robust the correspondence establishment between images with the same object or scene , but it is not necessarily optimal for describing the image content and revealing semantic meanings. Actually, many recent studies have shown that the simplest dense sampling method, which provides a more complete image representation, is able to perform much better than interest point detector in many image classification tasks [10]. However, the good performance is actually achieved based on the good discriminative ability of the subsequent classifiers, as they will need to mine the useful information. Intuitively, it is not necessary to use all the patches and reasonable point selection approach is required. In this work, we propose a learning-based point detector called semantic point detector which aims to select a set of points that can better represent the image. The point detector is built based on a patch-level binary classifier that distinguishes the informative patches from the non-informative ones. The definition of informativeness depends on the specific application. Existing local point detectors define informativeness for matching purpose. The points that are the invariant to a group of transformations are defined as informativeness, and thus different hand-designed classifiers are proposed to detect such points. Semantic point detector is designed for image interpretation tasks, and the informativeness is thus defined as the semantic representativeness.
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Figure 1: Schematic illustration of the proposed method. We use a set of images from C categories (a) to train a set of linear SVMs, and the patch-level classifiers are directly derived from them. (b) shows the patch-level classification scores, the hot colors are corresponding to high scores. Finally, in (c) the patch-level classifiers jointly determine semantically representative regions in the patch space, which are illustrated with red ellipses.



The semantic representative patches are with clear semantic meanings independent of the context. To find such patches, we learn the semantic point detector from an image dataset with the concepts from a large ontology. First, each image is represented as a linear combination of all its patches’ representations. Second, the image-level linear classifier is learned for each concept. Since these two steps only perform linear operations on the patch representation, the patch-level classifier can be directly derived from the image-level classifier. It classifies each patch according to its relevance to the concept. With a large set of such patch-level classifiers, we can distinguish a lot semantically meaningful regions in the patch space. Considering the validated hypothesis “useful patches are likely to be shared across categories” [1, 14], a large set of such patch level classifiers can form a reasonably complete semantic point detector. It selects a patch based on its semantic representativeness, which can generate a more compact and complete image representation. As a summary, the main contributions of the paper include: (1) we propose a semantic point detector; (2) we suggest a semantically meaningful patch gathering process; and (3) we evaluate and compare a number of different local point detectors on image classification and demonstrate that the semantic point detector can generate more compact and complete image representation. The rest of the paper is organized as follows. In Section 2, we detail the proposed semantic point detector. The experimental validations are presented in Section 3. Finally, we conclude the paper in Section 4.
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classifier using a set of semantically meaningful and meaningless patches. However, such labeling process is of high cost and hard to label enough patches to well cover the semantically meaningful regions in the whole patch space. Here, we directly derive such patch-level classifiers from a set of image-level classifiers which can be easily obtained from a set of images with labels. In this section, we detail the construction process of the semantic point detector. First, we introduce the patch and image representation. Then we introduce the method to derive the patch-level classifiers.



SEMANTIC POINT DETECTOR



As introduced above, semantic point detector is a semantic classifier for image patches. It is intuitive to train such



Patch and Image Representation



Bag-of-visual-words representation has been successfully used in image interpretation tasks. However, it is with limited representation power of the patch space as all the patches belong to the same visual words are treated the same after quantization step, and many methods have been proposed to overcome the quantization problem [5, 11, 16]. Here we use the Super-Vector coding introduced by Zhou et al. [16] for patch and image representation, which achieved state-of-the-art performance on the standard datasets. This representation was shown to extend bag-of-visual-words: it is not limited to the number of occurrence of each visual word but it also provides discrimination to the descriptors belong the same visual word, which yields a better representation of the patch space. Let I = {Ip }P p=1 be the set of P local patch descriptors extract from an image, and visual vocabulary V = {vk }K k=1 is a set of visual words generated by a unsupervised learning algorithm. The Super-Vector coding of descriptor Ip is defined by φ(Ip ) = [φ1 (Ip ), . . . , φK (Ip )]



(1)



φk (Ip ) = [γk (Ip ), sγk (Ip )(Ip − vk )]



(2)



where  γk =



1, 0,



if k = arg minj k Ip − vj k , otherwise



(3)



and s is a nonnegative constant and Ip − vk is the quantization error. The Super-Vector coding degenerates into bag-of-visual-words representation when s = 0. Finally, image I is represented by linearly combining the patch descriptors, Φ(I) =



2.2



P 1 X φ(Ip ) P p=1



(4)



Image and Patch Level Classifiers



For a category with a set of positive and negative images, linear SVM that employs a hinge loss is used to learn the image-level classification function f (I) = wT Φ(I). As only linear operation are performed on the patch descriptors, by a simple mathematics transformation, the image-level classification function can be directly transferred to the patch level, f (I) = wT Φ(I) =



P P 1 X T 1 X w φ(Ip ) = f (Ip ) P p=1 P p=1



(5)



Then we obtain the patch-level classifier, i.e., f (Ip ) = wT φ(Ip )



(6)



AP(%)



DoG



KB



HarLap



Random



SPD



aeroplane bicycle bird boat bottle bus car cat chair cow diningtable dog horse motorbike person pottedplant sheep sofa train tvmonitor



0.488 0.277 0.230 0.290 0.114 0.177 0.420 0.273 0.283 0.139 0.154 0.212 0.440 0.219 0.637 0.126 0.144 0.182 0.375 0.242



0.216 0.248 0.146 0.306 0.122 0.283 0.391 0.274 0.309 0.086 0.195 0.237 0.428 0.191 0.636 0.084 0.148 0.140 0.442 0.225



0.533 0.421 0.245 0.446 0.095 0.302 0.603 0.248 0.355 0.223 0.235 0.210 0.593 0.457 0.699 0.114 0.265 0.202 0.492 0.292



0.545 0.373 0.220 0.474 0.121 0.325 0.559 0.348 0.337 0.200 0.198 0.304 0.541 0.313 0.682 0.173 0.235 0.200 0.501 0.287



0.599 0.475 0.291 0.516 0.124 0.381 0.642 0.371 0.351 0.266 0.143 0.322 0.516 0.450 0.717 0.113 0.221 0.281 0.480 0.321



average



0.271



0.255



0.351



0.347



0.379



The patch-level classifier equips us with the ability of telling the semantic representativeness of a patch for the category.



Semantic Point Detector



It is intuitive that learning more patch classifiers will find more semantic regions in the patch space. Suppose we have C categories and a set of training images for each category c ∈ {1, . . . , C}, which is a typical multi-class problem and we train a set of one-versus-rest image-level linear classifiers denoted by {wc }C c=1 , and a set of patch-level classifiers is derived via Eq. 6. The classifier wc is learned to identify the useful patches for representing category c and these patches are denoted by, Pc = {Ip : wcT φ(Ip ) > t}



(7)



then all the useful patches jointly identified by all these patch classifiers is denoted by, P=



C [ c=1



Pc =



C [



{Ip : wcT φ(Ip ) > t}



(8)



c=1



which can cover a larger and larger semantically meaningful area in the image space as more categories are used. We define maxc wcT φ(Ip ) as the semantic representativeness score of a patch, the score indicate the confidence of a patch belongs to the useful patch set P. The semantic point detector selects points according to the semantic representativeness score.



3.



EXPERIMENTAL RESULTS



We first introduce the experiment for learning semantic point detector. Then we apply it to image classification. In all the following experiments, 128-dimensional SIFT vectors are extracted to represent the image patches.
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Figure 3: Some exemplar semantically representative patches learned from ImageNet50K. From top to bottom, the two rows show semantically representative patches of some categories from fruit and artifacts, respectively.



Table 1: Comparison of different detectors on PASCAL VOC 2007 test set.
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blueberry



Semantic Point Detector Learning



We relied on the ImageNet50K as the training database for semantic point detector, which consists of 50,000 im-



ages from a large ontology of 1000 visual concepts, including about 500 kinds of living things and the other about 500 kinds of artifacts [2]. For each image, a set of 32x32 patches over a grid with spacing of 4 pixels are extracted, and a visual vocabulary V of size 1024 is trained on one million randomly sampled descriptors. Then each image is represented with Eq. 1, and a one-versus-rest linear SVM is trained for each category. In Fig. 3 we visualize the learned semantic representative patches of some exemplar categories from fruit and artifact.



3.2



Image Classification



To evaluate the performance of the proposed semantic point detector in applications, an image classification experiment was carried out on the PASCAL VOC2007 dataset [3]. The images in the dataset contain objects from 20 object categories. It contains 9963 images which are split into three subsets: training data (2501 images), validation data (2510 images), and test data (4952 images). All the following experiment results are obtained on the test data. We use the PASCAL toolkit to evaluate the classification accuracy, measured by Average Precision based on the precision/recall curve. Our goal is to compare different point detectors with respect to their recognition performance. To minimize other affects, we use a basic scheme to perform the classification task (not using any spatial information, not using multiple kernels, etc). The method consists of the following steps: a) a set of local points with descriptors are detected for each image; b) a visual vocabulary is constructed by clustering local descriptors; c) image representation is computed via Eq. 1; and d) an one-versus-rest linear SVM is trained for each category. We conduct a set image classification experiments with the following local point detectors: DoG [8], Kadir Brady (KB) [6] , Harris-Laplace (HarLap) [9], Random: 32x32 patches are selected randomly over the image grid, Semantic Point Detector (SPD): this is our proposed detector. Figure 2 illustrates an example of points detected by different detectors. The visual vocabulary of size 1024 was constructed in each experiment respectively, as the detected local points changed when using different detectors. To ensure fair comparison, the number of points of Random and SPD are kept the same with DoG which detects the fewest points on average (≈ 600



Figure 2: Examples of comparison between different detectors, the results of existing detectors (DoG, KB, and HarLap) are shown in the top row, the bottom row shows results of SPD compared with the above detectors by keeping the same number of points.



point detector provides a more compact and complete image representation and works much better in image interpretation tasks.
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points). The comparison results are shown in Table 1, from which it is clear that SPD significantly outperform the other detectors on classification accuracy. As dense sampling has been proved to be the most effective sampling strategy for image classification. The Random and SPD will converge to dense sampling as more points sampled. We conduct another group of experiments to investigate the converge rate of the two sampling strategy. Figure 4 shows the effects on mean average precision of varying the number of patches sampled per image. It can be seen that the SPD converges much faster than random sampling, this is also demonstrate that the SPD can select a set patches that are more compact and complete.
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CONCLUSIONS



In this paper, we have proposed a novel semantic point detector to find semantically representative patches. It is learned from an image dataset for a large ontology of visual concepts. And the extensive experiments validate the effectiveness of the new detector. Compared with existing detectors that designed for matching purpose, the semantic



[8] [9] [10] [11] [12]



[13]



[14]



[15]



[16]



classes from a single example by feature replacement,” in CVPR, 2005. J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei, “ImageNet: A Large-Scale Hierarchical Image Database,” in CVPR, 2009. M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and A. Zisserman, “The PASCAL Visual Object Classes Challenge 2007 (VOC2007) Results,” http://www.pascalnetwork.org/challenges/VOC/voc2007/workshop/index.html. C. Harris and M. Stephens, “A combined corner and edge detector,” in Alvey vision conference, 1988. H. Jegou, M. Douze, and C. Schmid, “Hamming embedding and weak geometric consistency for large scale image search,” in ECCV, 2008. T. Kadir and M. Brady, “Saliency, scale and image description,” IJCV, 2001. T. Lindeberg, “Detecting salient blob-like image structures and their scales with a scale-space primal sketch: a method for focus-of-attention,” IJCV, 1993. D. G. Lowe, “Distinctive image features from scale-invariant keypoints,” IJCV, 2004. K. Mikolajczyk and C. Schmid, “Scale & affine invariant interest point detectors,” IJCV, 2004. E. Nowak, F. Jurie, and B. Triggs, “Sampling strategies for bag-of-features image classification,” in ECCV, 2006. F. Perronnin, J. S´ anchez, and T. Mensink, “Improving the fisher kernel for large-scale image classification,” in ECCV, 2010. J. Philbin, O. Chum, M. Isard, J. Sivic, and A. Zisserman, “Object retrieval with large vocabularies and fast spatial matching,” in CVPR, 2007. T. Tuytelaars and K. Mikolajczyk, “Local invariant feature R in Computer detectors: A survey,” Foundations and Trends Graphics and Vision, 2008. K. Yang, M. Wang, X.-S. Hua, S. Yan, and H.-J. Zhang, “Assemble new object detector with few examples,” IEEE Transactions on Image Processing, 2011. S. Zhang, Q. Huang, G. Hua, S. Jiang, W. Gao, and Q. Tian, “Building contextual visual vocabulary for large-scale image applications,” in Proceedings of the international conference on Multimedia, 2010. X. Zhou, K. Yu, T. Zhang, and T. Huang, “Image classification using super-vector coding of local image descriptors,” in ECCV, 2010.



























[image: Semantic Point Detector]
Semantic Point Detector












[image: talking point - Semantic Scholar]
talking point - Semantic Scholar












[image: talking point - Semantic Scholar]
talking point - Semantic Scholar












[image: talking point - Semantic Scholar]
talking point - Semantic Scholar












[image: talking point - Semantic Scholar]
talking point - Semantic Scholar












[image: Efficiently Training A Better Visual Detector With ... - Semantic Scholar]
Efficiently Training A Better Visual Detector With ... - Semantic Scholar












[image: Efficiently Training A Better Visual Detector With ... - Semantic Scholar]
Efficiently Training A Better Visual Detector With ... - Semantic Scholar












[image: Efficiently Training A Better Visual Detector With ... - Semantic Scholar]
Efficiently Training A Better Visual Detector With ... - Semantic Scholar












[image: Spotlight mounted motion detector]
Spotlight mounted motion detector












[image: Cheap USD-EURO Money Detector Portable Bill Detector LCD ...]
Cheap USD-EURO Money Detector Portable Bill Detector LCD ...












[image: SSD: Single Shot MultiBox Detector]
SSD: Single Shot MultiBox Detector












[image: Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar]
Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar












[image: A cross-cultural study of reference point adaptation - Semantic Scholar]
A cross-cultural study of reference point adaptation - Semantic Scholar












[image: The Feuerbach Point and Euler lines - Semantic Scholar]
The Feuerbach Point and Euler lines - Semantic Scholar












[image: Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar]
Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar












[image: GEO600 Detector Status]
GEO600 Detector Status












[image: Two-phase, Switching, Change-point regressions ... - Semantic Scholar]
Two-phase, Switching, Change-point regressions ... - Semantic Scholar












[image: Some Properties of the Lemoine Point - Semantic Scholar]
Some Properties of the Lemoine Point - Semantic Scholar












[image: A cross-cultural study of reference point adaptation - Semantic Scholar]
A cross-cultural study of reference point adaptation - Semantic Scholar












[image: The IBM System/360 Model 91: Floating-point ... - Semantic Scholar]
The IBM System/360 Model 91: Floating-point ... - Semantic Scholar












[image: The Feuerbach Point and Euler lines - Semantic Scholar]
The Feuerbach Point and Euler lines - Semantic Scholar












[image: The IBM System/360 Model 91: Floating-point ... - Semantic Scholar]
The IBM System/360 Model 91: Floating-point ... - Semantic Scholar












[image: Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar]
Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar












[image: Some Properties of the Lemoine Point - Semantic Scholar]
Some Properties of the Lemoine Point - Semantic Scholar















Semantic Point Detector






Dec 1, 2011 - class C class 1 â€¦ Figure 1: Schematic illustration of the proposed method. We use a set of images from C categories (a) to train a set of linear ... 






 Download PDF 



















 836KB Sizes
 0 Downloads
 455 Views








 Report























Recommend Documents







[image: alt]





Semantic Point Detector 

Center. No. 5 Danling Street. Beijing, 100080 China [email protected] ..... subsets: training data (2501 images), validation data (2510 images), and test ...














[image: alt]





talking point - Semantic Scholar 

oxford, uK: oxford university press. Singer p (1979) Practical Ethics. cambridge, uK: cambridge university press. Solter D, Beyleveld D, Friele MB, Holwka J, lilie H, lovellBadge r, Mandla c, Martin u, pardo avellaneda r, WÃ¼tscher F (2004) Embryo. R














[image: alt]





talking point - Semantic Scholar 

For example, by tracking the development of ..... even the beginnings of a nervous system. a second view ..... aW Moore (Ed),p 142. princeton, nJ, uSa: princeton ...














[image: alt]





talking point - Semantic Scholar 

a single employee of the warehouse. as a fire fighter, you are faced with a choice: either you can save the thousands of unwanted embryos or you can save the ...














[image: alt]





talking point - Semantic Scholar 

technologies. For example, by ... ers will be able to test alternative tech niques for culturing ..... tawia, 1996; royal college of obstetricians and gynaecologists ...














[image: alt]





Efficiently Training A Better Visual Detector With ... - Semantic Scholar 

balanced data information. Hence it is better than standard. AdaBoost's exponential loss for training an object detector. 2. Algorithms. In this section, we present alternative techniques to Ad-. aBoost for object detection. We start with a short exp














[image: alt]





Efficiently Training A Better Visual Detector With ... - Semantic Scholar 

Experiments in the domain of highly skewed data distri- butions, e.g. ...... NICTA is funded by the Australian Government as represented by the. Department of ... the Australian Research Council through the ICT Centre of Excellence program.














[image: alt]





Efficiently Training A Better Visual Detector With ... - Semantic Scholar 

[4] proposed Float-. Boost for a better detection accuracy by introducing a back- ward feature elimination step into the AdaBoost training procedure. Wu et al. [5] used forward feature selection for fast training by ignoring the re-weighting scheme i














[image: alt]





Spotlight mounted motion detector 

Jun 22, 2006 - communication with an audio generator that is operative to receive a signal ... frequency of the electrical signal is not such that it would interfere ...














[image: alt]





Cheap USD-EURO Money Detector Portable Bill Detector LCD ... 

Cheap USD-EURO Money Detector Portable Bill Detector LCD Display Counterfeit Money Machine SM-V60.pdf. Cheap USD-EURO Money Detector Portable ...














[image: alt]





SSD: Single Shot MultiBox Detector 

Nov 8, 2016 - can broaden the range of settings where computer vision is useful. We summarize our ..... For conv4 3, conv10 2 and conv11 2, we only associate 4 default boxes at each feature map location ..... laptop: 0.99 keyboard: 0.99.














[image: alt]





Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar 

Embedded Systems Conference ... The source of these signals can be audio, image-based or ... elements. Figure 1 shows a typical DSP system implementation.














[image: alt]





A cross-cultural study of reference point adaptation - Semantic Scholar 

Mar 25, 2010 - b Paul Merage School of Business, University of California, Irvine, CA, United ... Mental accounting .... seeking, in that a further loss will cause only a small decrease on ... equal to the reference point, and showed that assuming a 














[image: alt]





The Feuerbach Point and Euler lines - Semantic Scholar 

Jun 4, 2006 - If A is the midpoint of BC, it is well known that AH = 2 Â· OA. Consider the excircle (Ia) on the side BC, with radius ra. The midpoint of IIa.














[image: alt]





Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar 

Developing an understanding of which applications are appropriate for floating point ... The code development process is also less architecture aware. Thus,.














[image: alt]





GEO600 Detector Status 

Start of GEOHF: Sequential upgrades. Squeezing (tuned SR with DCreadout). OMC. Adv. Ligo CDS system for SQZ, OMC, GEOcontrols. Circulating light power increase ~factor 8 new IMC mirrors, new EOMs ?, shadowsensors fix, thermal compensation for BS, 35W














[image: alt]





Two-phase, Switching, Change-point regressions ... - Semantic Scholar 

of the American Statistical Association 67(338): 306 â€“ 310 ... Bayesian and Non-Bayesian analysis of ... Fitting bent lines to data, with applications to allometry. J.














[image: alt]





Some Properties of the Lemoine Point - Semantic Scholar 

Jun 21, 2001 - Let A B C be the pedal triangle of an arbitrary point Z in the plane of a triangle. ABC, and consider the vector field F defined by F(Z) = ZA + ZB + ...














[image: alt]





A cross-cultural study of reference point adaptation - Semantic Scholar 

Mar 25, 2010 - the value function is concave in the domain of gains and convex in the domain of ... peak price to be the reference point best explained subjects' will- ingness to sell ..... to about 2â€“3 h of math tutoring services or 2â€“4 McDonald














[image: alt]





The IBM System/360 Model 91: Floating-point ... - Semantic Scholar 

J. G. Earle. R. E. Goldschmidt. D. M. Powers ..... COMMON R. PT. ET%:. RES STAT 1 ...... as soon as R X D is gated into CSA-C, the next multiply,. R X N, can be ...














[image: alt]





The Feuerbach Point and Euler lines - Semantic Scholar 

Jun 4, 2006 - Bogdan SuceavË˜a: Department of Mathematics, California State University, Fullerton, CA 92834-. 6850, USA. E-mail address: [email protected]. Paul Yiu: Department of Mathematical Sciences, Florida Atlantic University, Boca Raton, F














[image: alt]





The IBM System/360 Model 91: Floating-point ... - Semantic Scholar 

execution of instructions has led to the design of multiple execution units linked .... complex; the data flow path has fewer logic levels and re- requires less ...














[image: alt]





Fixed-Point DSP Algorithm Implementation, SF 2002 - Semantic Scholar 

Digital Signal Processors are a natural choice for cost-sensitive, computationally intensive .... analog domain and digital domain in a fixed length binary word.














[image: alt]





Some Properties of the Lemoine Point - Semantic Scholar 

21 Jun 2001 - system about K gives the system x = âˆ’Î»1x, y = âˆ’Î»2y. Let us call the axes of this coordinate system the principal axes of the Lemoine field. Note that if â–³ABC is a right triangle or an isosceles triangle (cf. conditions. (5)), th


























×
Report Semantic Point Detector





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















