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SIFT (Scale Invariant Feature Transform)
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SIFT (Scale Invariant Feature Transform)

0 KESEN

- BESIREEBSHETERES
— BN RBEEAN R
o FIRESEEEN S

o BRI TRENNG S

True Extrema

)

Detected Extrema

ot +++*++++* e
+¢++ iy # ..u-++

3

JRIGIRIE = FFREXTELE =




SIFT (Scale Invariant Feature Transform)
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SIFT (Scale Invariant Feature Transform)
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SIFT (Scale Invariant Feature Transform)
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HOG (Histogram of Oriented Gradient)
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LBP (Local Binary Pattern)
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LBP (Local Binary Pattern)
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Bag—of—-Visual-Words (BoW)
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Fig.2: DETR uses a conventional CNN backbone to learn a 2D representation of an
input image. The model flattens it and supplements it with a positional encoding before
passing it into a transformer encoder. A transformer decoder then takes as input a
small fixed number of learned positional embeddings, which we call object queries, and
additionally attends to the encoder output. We pass each output embedding of the
decoder to a shared feed forward network (FFN) that predicts either a detection (class
and bounding box) or a “no object” class.
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(a) Current object detection pipeline outputs, predicting all possible ob-
jects in the image. This extensive annotation is essential to multi-modal

understanding systems that treat detection as a black box.
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(b) MDETR predicts boxes relevant to the caption and labels them with the

corresponding spans from the text. Here we use the caption: “blond boy
wearing blue shorts. a black surf-board.”
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