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A Appendix

A.1 Model Details

In the experiments, we use the top-down model in [1] as the original model. Image features
are extracted with a Faster R-CNN [9] trained with attribute labels from the Visual Genome
dataset [5]. The polishing network consists of a top-down model and an encoder for the input
raw descriptions. The embedding vector of raw descriptions has a dimension of 512.
During training. The hyperparameters o and 3 in the sampling modules of the original
model is set to 0.7 and 0.1 respectively, chosen according to the studies in Tab. 4 in the
paper. Models are trained with Adam algorithm [4] with a learning rate starting from Se — 4,
batch size 32. The original model is trained with 100 epochs and polishing networks are
trained with 50 epochs. Both the original model and the polishing networks are trained on a
GeForce RTX 2080 GPU.

During inference. The polishing network is decoded using beam search with a small beam
size of 2.

A.2 Statistics of the Error Endings

Discussion. We count the number of descriptions ending with words (‘of’, ‘on’ , ‘in’, ‘with’,
‘a’) from different encoding methods on the m-RNN test split [7] on MS COCO dataset [6]
in Tab. 5 in the paper. Here we will discuss the statistics in more detail. In a normal
image caption generation process, we can manually filter these bad ending words through an
additional post-processing process. However, this post-processing requires a lot of manual
work. First, bad ending words are not limited to those we count. Moreover, similar errors
in descriptions do not only appear at the end of sentences. Repeated descriptions such as
“there is a cat and a cat” are common errors. It is intractable to deal with all these errors with
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manually defined rules. Therefore, in this paper, we forbid the post-processing and leave
this work to PN. We use the statistics of bad ending words as a probe to show the effect of
PN. To a certain extent this result can reflect the role of PN in correcting errors of generated
descriptions.

A.3 More Examples of Generated Descriptions

More examples on the m-RNN test split of MS COCO dataset generated by random sampling
methods (RS with temperature ¢, = 0.7, top-s [2, 8] and top-p [3]) and corresponding refined
descriptions by applying PN are shown in Fig. Al and A2. Sample size is 5.
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RS 0.7

a plate of pizza sitting on a table next to a beverage
people standing at a table with a pizza and a glass
a plate of a pizza on a table with a fork

a pizza sitting on a table with a glass of water

a plate of pizza sitting on top of a table

Top-s

a plate of pizza on a table with a glass of water

a plate of pizza on a table with a person

a table topped with pizza and plates on a table
two slices of pizza are on on a table table

a pizza is sitting on the plate on a table with a fork
Top-p

a couple of plates on pizza on a table

a white pizza is on a table next to a glass

a plate with a large pizzas on it

a slice of pizza sitting on a table in front of a table
a pizza on a white table with forks and a glass of water

RS 0.7 + PN

a slice of pizza sitting on a table next to a glass of water
someone sitting at a table with a pizza and a drink

a plate with a pizza on a table with a fork

a pizza sitting on a table with a glass of water

a plate of pizza sitting on top of a table

Top-s + PN

a plate of pizza on a table with a glass of water

a plate of pizza on a table with a person

a table topped with pizza and drinks on a table

two plates of pizza are sitting on a wooden table

a pizza is sitting on a plate on a table

Top-p + PN

a couple of plates of pizza on a table

a large pizza sitting on a table next to a glass of water

a table with two different pizzas on it

a slice of pizza sitting on a table in front of a table

a pizza on a wooden table with glasses and a glass of water

RS 0.7

atrain is traveling on the track near a mountain

an old train is coming down the tracks

atrain passing country road with a rock with rocks
atrain is traveling on a mountain trail

a train is coming the tracks at a mountain

Top-s

atrain on a train track near a mountain

atrain is on a tracks near a mountain

a train traveling down the tracks in a mountainous area
a train traveling down train tracks near a mountain
atrain is going down the track near a mountain
Top-p

atrain is traveling along a side walk by mountains
atrain traveling down a train track near a mountain
a train going past a rock mountain in the fog

atrain train going down a mountain in a mountains
atrain is a track with a mountain in the background

RS 0.7 +P
atrain is sitting on a track near a cliff

an old train is coming down the tracks

atrain on a track near a cliff

atrain is traveling down a rocky mountain

atrain is on the tracks near a cliff

Top-s + PN

atrain on a train track near a cliff

a train traveling down train tracks near a mountain

a train going down the tracks in a mountainous area

a train traveling down train tracks near a mountain
atrain is going down the tracks near a cliff

Top-p + PN

atrain is going down the side surrounded by rocks

a train traveling down a train track near a mountain
atrain traveling along a rocky mountain in the mountains
a passenger train traveling down a track near some rocks
a train on a track with a mountain in the background

RS 0.7

a bathroom with a sink and a toilet

a bathroom with a toilet a mirror and a sink

a small bathroom with a sink and a dog in it

a toilet bathroom with a sink and a toilet

a bathroom with a green mirror and white toilet next to a sink
Top-s

a bathroom with a sink and toilet and a mirror

a small bathroom with a toilet a toilet and a sink

the bathroom has a green sink and a mirror

a bathroom with a white toilet and a sink in it

a bathroom has a sink and a toilet

Top-p

a bathroom with a vanity and and a toilet

a bathroom with a mirror sink and mirror

a white toilet sitting next to a sink

a white bathroom with a shower and toilet and mirror
a white toilet sitting in to a sink

RS 0.7 + PN

a bathroom with a sink and a toilet

a bathroom with a toilet a sink and a mirror

a small bathroom with a sink and a toilet

a small bathroom with a sink and a toilet

a bathroom with a white sink and a toilet next to a sink
Top-s + PN

a bathroom with a sink a toilet and a mirror

a small bathroom with a sink a toilet and a mirror
a bathroom with a toilet sink and a mirror

a bathroom with a white toilet and a sink

a bathroom with a sink and a toilet

Top-p + PN

a bathroom with a toilet sink and a mirror

a bathroom with a toilet sink and mirror

a white toilet sitting next to a sink

a small bathroom with a sink a toilet and mirror

a white toilet sitting next to a sink

RS 0.7

a train on a city street with people walking down the street
a bus and the street with a buildings busy street

a yellow train is coming down the tracks

a yellow city decker bus on a street with

atrain is at a cross walk in the city

Top-s

atrain is traveling through a busy city street

a yellow bus on a city street

a yellow double decker bus on a city street

the train is traveling down the busy street

a yellow bus traveling down the street in the middle of a city
Top-p

a train is traveling through a busy city

a bus on the street in front city

a bus stops for the street to the people

a city road with buses parked in it

a yellow train is going through a street

RS 0.7+ PN

atrain on a city street with people walking down the street
atrain on a street near a busy city street

ayellow train is coming down the tracks

ayellow double decker train on a city street

a train stopped at a cross walk in a city

Top-s + PN

atrain is traveling down a busy city street

a yellow train on a city street

a yellow double decker train on a city street

the train is going down the city street

a yellow train traveling down a street in the middle of a city
Top-p + PN

atrain is traveling down a busy street

atrain on the tracks in a city

a train waiting on the street with many people

a city street with people walking on it

a yellow train is traveling down the street

Figure Al: Examples of raw descriptions generated by random sampling (z, = 0.7), top-s,
top-p and refined descriptions by PN on the m-RNN test split of MS COCO dataset.
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RS 0.7

a giraffe standing next to a pile of rocks and a large tree
a giraffe standing in a fenced in area with to a tree
there is a giraffe and a giraffe in a zoo

a giraffe standing on a tree next to a tree

a giraffe eating leaves from a tree and another giraffe is standing

in the background

Top-s
a giraffe is standing in a zoo exhibit
a giraffe standing in front of a stone wall and a fence

a giraffe standing in a zoo exhibit with a zoo in the background

the giraffe standing next to a large giraffe
two giraffes are standing near a large rock

Top-p
a giraffe and a zebra are in a zoo exhibit

a giraffe standing in an enclosed area next to a wooden fence
a giraffe stands in an enclosure with a fenced enclosure in the

background
a giraffe is walking near a large giraffe
a giraffe walking standing the ground near a rocks

RS 0.7+ PN

a giraffe standing next to a pile of rocks

a giraffe standing in a fenced in area next to a tree

there is a giraffe and a zebra at the zoo

a giraffe standing by a tree next to a tree

a giraffe eating leaves from a tree while another giraffe is
standing in the background

Top-s + PN

a giraffe is standing in a zoo enclosure

a giraffe standing in front of a stone wall

a giraffe standing in a zoo enclosure at a zoo
a giraffe standing next to a tall building

two giraffes are standing near a large tree

Top-p + PN

a giraffe and a zebra standing in a zoo enclosure

a giraffe standing in an enclosed area next to a stone wall
a giraffe standing in an enclosure in a zoo

a giraffe is standing near a large giraffe

a giraffe is on the grass near some rocks

RS 0.7

a couple of birds with a long bill beak

two white birds stand in a shallow stream

two colorful birds standing in the grass near water
two ducks standing in front of a marsh of one

two birds standing in the water next to each other

Top-s

two birds standing in the water looking for food
two white and red birds standing on a water

a white bird standing next to a bird

two birds standing in a water of water

a couple of birds that on top of a body of water

Top-p

a close up of two birds on the water

a couple of long red birds standing next to each other
a pelican and a duck are in the water

a close up of a bird standing on some water

a pair of birds birds standing in the water

RS 0.7+PN

a couple of birds with a long red beak

two white birds standing in a small pond

two white birds standing in the water near water
two birds standing in front of a pond

two birds standing in the water next to each other

Top-s + PN

two birds standing in the water looking for food

a white and red birds standing in the water

a white bird standing next to a bird

two birds standing in the body of water

a couple of birds standing on top of a body of water

Top-p + PN

a close up of two birds in the water

a couple of white white birds standing next to each other
a bird and a bird standing in the water

a close up of a bird standing in the water

a couple of white birds standing in the water

RS 0.7

ared fire hydrant in front of a bunch of trees
ared fire hydrant in a wooded area

ared fire hydrant in the middle of the woods
ared fire hydrant by a a lush forest

ared fire hydrant in front of a park and trees

Top-s

afire hydrant is sitting in the middle of a forest

ared fire hydrant in a forest of a forest

ared fire hydrant sitting in a forest next to a tree
ared fire hydrant sitting in the middle of a forest
afire hydrant sitting in the middle of a forest

Top-p

ared fire hydrant in a rural area

ared fire hydrant in a forest in front of trees

a fire hydrant on the side of the woods with the UNK
ared fire hydrant in the middle of a forest

ared fire hydrant sitting in a forest surrounded by trees

RS 0.7+ PN

ared fire hydrant in front of a group of trees
ared fire hydrant in a wooded area

ared fire hydrant in the middle of the woods
a red fire hydrant sitting in a forest

ared fire hydrant in front of a forest

Top-s + PN

a fire hydrant is sitting in the middle of a forest
ared fire hydrant in the middle of a forest

a red fire hydrant sitting in a forest next to a forest
a red fire hydrant sitting in the middle of a forest
a fire hydrant sitting in the middle of a forest

Top-p + PN

ared fire hydrant in a wooded area

ared fire hydrant in a forest in front of trees

afire hydrant on the side of the road

ared fire hydrant in the middle of a forest

ared fire hydrant sitting in a forest surrounded by trees

RS 0.7

a small dog is sitting by a pot with a toy
a dog dog is sitting next to a pot

a little dog standing on a stone tile floor
a dog that is standing next to a pot

a small dog sits on a brick floor

Top-s

a small dog is standing in a planter

a white dog standing on a brick walkway

a dog dog sitting in front of a planter

a dog dog standing on a sidewalk next to a pot
a small white dog sitting next to an orange pot

Top-p

a small dog standing next to a pot

adog isinayard near a bow!

a small dog standing on the ground next to a bow!
a dog that is standing by a tree

a white dog standing next to a bow!

RS 0.7+ PN

asmall dog is standing in a garden

a small dog is standing next to a plant

a small dog standing on a hard wood floor
a dog that is standing next to a plant

a small dog sitting on a brick floor

Top-s + PN

asmall dog is standing in a garden

a small dog standing on a brick wall

a small dog standing in front of a wall

a small dog standing on a sidewalk next to a plant
a small white dog standing next to an orange pot

Top-p

a small dog standing next to a plant

a dog standing in a garden near a plant

a small dog sitting on the ground next to a plant
a dog that is standing near a plant

a small dog standing next to a plant

Figure A2: Examples of raw descriptions generated by random sampling (¢, = 0.7), top-s,
top-p and refined descriptions by PN on the m-RNN test split of MS COCO dataset.
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