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Pair Supervision: A pizza with a lot of toppings on it.

No Transfer: A plate of food with a glass of wine.

DCC (in): A pizza sitting on a wooden table with a glass of wine behind it.
DCC (out): A pizza sitting on top of a wooden table.

Pair Supervision: A white microwave oven sitting on top of a counter.
No Transfer: A white and black cat is sitting on a toilet.

DCC (in): A white microwave sitting on a brick wall.

DCC (out): A white microwave sitting next to a white oven.

Pair Supervision: A car with a suitcase on the seat in the back seat of a car.
No Transfer: A car with a bag of bananas in the back.

DCC (in): A car with a suitcase and a plastic suitcase behind it.

DCC (out): A car with a suitcase inside of it * s back.

Pair Supervision: A zebra is grazing in a grassy area.

Ne Transfer: Two giraffes are eating grass in the field.

o DCC (in): Two zebra grazing in a green grass field.

~ DCC (out): Two zebra standing in a field with grass in the background.

Pair Supervision: A dog laying on a couch with a large brown dog.
No Transfer: A dog laying on a bed with a large brown dog.
DCC (in): A dog laying on a couch with a large window in the background.

DCC (out): A dog laying on a couch in a room.

&l Pair Supervision: A boy is holding a tennis racket on a court.

No Transfer: A boy is playing tennis on a court.
1 DCC (in): A boy is playing with a racket on a court.
88 DcC (out): A young boy is playing racket on a racket.

Pair Supervision: A group of three different colored vases with different designs.
™ No Transfer: A table with many different types of wine.
DCC (in): A table with many bottle of bottle of bottle.

2 = DCc (out): A counter with a lot of bottle and boettle of bottle.

Pair Supervision: A bus is driving down the street in front of a bus stop.
No Transfer: A green and white street sign on a city street.

DCC (in): A green and white bus parked on the side of the street.

DCC (out): A green and white bus driving down the street.

Jad NERY Jde ijl o J:Jj:» LSLWJ:’ Wu.a 0 Jth
) o S35l b (MSCOCO) awls J&1s (35541 L DCC

o 0305 3 9o Jls G 5 (ImageNet, WebCorpus) casls
Ll e DCC MSCOCO .ebudl plas gl dhor — oSe i b
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