


Figure 3: The effects of dense annotation fine-tuning in
our VD-BERT for two examples. GT: ground truth.

dicates that dense relevance scores might be anno-
tated with less consideration of dialog history. If
we remove the visual cues from the “Full history”
model, we see a drop in all metrics, especially, on
NDCG. However, this version still obtains compa-
rable results to the “No history” variant, revealing
that textual information dominates the VisDial task.

In Table 3(c), we compare Cross Entropy (CE)
training with a bunch of other listwise ranking op-
timization methods: ListNet (Cao et al., 2007),
ListMLE (Xia et al., 2008), and approxNDCG (Qin
et al., 2010). Among these methods, ListNet yields
the best NDCG and Mean Rank, while the approx-
NDCG achieves the best MRR and Recall on Vis-
Dial v1.0 test-std. Therefore, we employ the List-
Net as our ranking module.

We also explore ways to achieve the best en-
semble performance with various model selection
criteria in Table 3(d). We consider three criteria,
EPOCH, LENGTH, and RANK that respectively re-
fer to predictions from different epochs of a single
model, from different models trained with varying
context lengths and with different ranking methods
in Table 3(b)-(c). We use four predictions from
each criterion and combine their diverse predic-
tions (DIVERSE) by summing up their normalized
ranking scores. We observe that EPOCH contributes
the least to the ensemble performance while RANK
models are more helpful than LENGTH models. The
diverse set of them leads to the best performance.

5.3 Fine-tuning on Dense Annotations

In this section, we focus on the effect of dense an-
notation fine-tuning and try to analyze the reason of
the inconsistency issue between NDCG and other
ranking metrics (see Table 1) in the following.

Case Study. We provide two examples to qual-
itatively demonstrate how dense annotation fine-
tuning results in better NDCG scores in Figure 3.
For the example at the top, fine-tuning helps our
model to assign higher ranks to the answers that

share similar semantics with the ground truth an-
swer and should also be regarded as correct (“yes,
itis” and “yep” vs. “yes”). In the example at the
bottom, we spot a mismatch between the sparse and
dense annotations: the ground truth answer “no, it’s
empty” is only given a 0.4 relevance score, while
uncertain answers like “i don’t know” are consid-
ered to be more relevant. In this case, fine-tuning
instead makes our model fail to predict the correct
answer despite the increase of NDCG score.

Relevance Score and Question Type Analysis.
We first show how various metrics change for fine-
tuning in Figure 4. For this experiment, we ran-
domly sample 200 instances from VisDial v1.0 val
as the test data and use the rest for fine-tuning
with the ListNet ranking method. We observe
that NDCG keeps increasing with more epochs of
fine-tuning, while other metrics such as Recall@K
and MRR) drop. For further analysis, we clas-
sify the 2,064 instances in VisDial v1.0 val set
based on the ground-truth’s relevance score and
question type (Table 4). We consider four bins
{0.0,0.2 ~ 0.4,0.6 ~ 0.8,1.0} for the relevance
score and four question types: Yes/no, Number,
Color, and Others. We then analyze the NDCG
scores assigned by DAN (Kang et al., 2019) and
our VD-BERT with and without dense annotation
fine-tuning. We choose DAN as it achieves good
NDCG scores (Table 1) and provides the source
code to reproduce their predictions.

By examining the distribution of the relevance
scores, we find that only 31% of them are aligned
well with the sparse annotations and 9% are totally
misaligned. As the degree of such mismatch in-
creases (relevance score changes 1.0 — 0.0), both
DAN and our model witness a plunge in NDCG
(63.29 — 43.86 and 70.25 — 48.07), while dense
annotation fine-tuning significantly boosts NDCG
scores for all groups, especially for the most mis-
aligned one (48.07 — 82.84 for our model). These
results validate that the misalignment of the sparse
and dense annotations is the key reason for the
inconsistency between NDCG and other metrics.

For question types, we observe that Yes/no is the
major type (76%) and also the easiest one, while
Number is the most challenging and least frequent
one (3%). Our model outperforms DAN by over
10% in most of the question types except Color.
Fine-tuning on dense annotations gives our model
huge improvements across all the question types,
especially for Others with over 30% absolute gain.
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Figure 4: Dense annotation fine-tuning on
various metrics with the ListNet method.
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[SEP] -

Figure 5: Attention weight visualization in our VD-BERT for a sampled image-dialog example.

5.4 Attention Visualization

To interpret our VD-BERT, we visualize the atten-
tion weights on the top 10 detected objects from its
caption in Figure 5(a). We observe that many heads
at different layers can correctly ground some enti-
ties like person and motorcycle in the image,
and even reveal some high-level semantic correla-
tions such as person<rmotorcycle (at L8H2)
and motorcyclesrstreet (at L1IHI1). Be-
sides, heads at higher layers tend to have a sharper
focus on specific objects like the man and the mo-
torcycles in the image.

Next, we examine how our VD-BERT captures
the interactions between image and multi-turn di-
alog. In contrast to other vision-language tasks,
visual dialog has a more complex multi-turn struc-
ture, thereby posing a hurdle for effective fusion.
As shown in Figure 5(b), VD-BERT can ground
entities and discover some object relations, e.g.,
helmet is precisely related to the man and the mo-
torcycle in the image (see the rightmost red box).
More interestingly, it can even resolve visual pro-
noun coreference of he in the question to the man
in the image (see the middle red box). We provide
more qualitative examples in Figure 6 and 7.

6 Conclusion

We have presented VD-BERT, a unified vision-
dialog Transformer model that exploits the pre-
trained BERT language models for visual dialog.
VD-BERT is capable of modeling all the interac-
tions between an image and a multi-turn dialog
within a single-stream Transformer encoder and
enables the effective fusion of features from both
modalities via simple visually grounded training.
Besides, it can either rank or generate answers
seamlessly. Without pretraining on external vision-
language datasets, our model establishes new state-
of-the-art performance in the discriminative setting
and shows promising results in the generative set-
ting on the visual dialog benchmarks.
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Figure 6: More attention visualization examples showing that VD-BERT achieves the effective fusion of vision
and dialog contents. LzHy: Layer x Head y (1 < z,y < 12). (a) It learns three apparent attention patterns for
the example in Figure 5: attentions that a token puts to its previous token, to itself, and to the next token. Besides,
some of its attention heads can precisely ground some entities between image and caption/multi-turn dialog: (b)
pizza,beer,and table; (c) horse,wild, and giraffe; (d) teenage girl, hair, and phone.
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Image + Caption

GT Dialog

DAN

VD-BERT

VD-BERT (w/ft)

a brown building stands at the
corner of a street on a sunny day

Q: is there any people in the photo?
AL yes far away
Q2: are there any streets visible in the photo?
A2:yes

Q3: are there cars parked along the streets?
A

Q4: what kind of buildings appear in the photo?
Ad: older architectural building like a library
Qs: i there any signs visible in the photo?

AS: there is a no entry sign

Qs: are there traffic lights visible?

A6: no

n
Q7: can you see the sidewalk?

A7: yes

Q8: are the sidewalks clean?

A8: immaculate

Q9: are there any trees planted near the building?
A9: there is a tree next to the building

Q10: is the tree short or tall?

AL0: tall

Q: s there any people in the photo?
AL yes
Q2: are there any streets visible in the photo?
no on the street

3: are there cars parked along the streets?

ZRE

Q- what kind of buildings appear in the photo?
Ad: yes shops

:is there any signs visible in the photo?

ves

7R

Q6: are there traffic lights visible?
A6: 1 light pole
Q7: can you see the sidewalk?

AZ: yes

Q8: are the sidewalks clean?

A8: yes very clean

Q9: are there any trees planted near the building?
A9:yes

Q10: is the tree short or tall?

AL0: tall

Q1: is there any people in the photo?
Al yes

Q2: are there any streets visible in the photo?
ves

: are there cars parked along the streets?

: what kind of buildings appear in the photo?

: older architectural building like a library
is there any signs visible in the photo?
es

- are there traffic lights visible?
6:
Q7: can you see the sidewalk?

A7: yes

Q8: are the sidewalks clean?

AB: yes

Q9: are there any trees planted near the building?
A9: there is a tree next to the building

Q10: is the tree short or tall?

A10: tall

a1 |stheve any people in the photo?
AL

Q2 ore there any streets visible in the photo?
A2: yes
qs are there cars parked along the streets?

m What kind of buildings appear in the photo?
Ad: not sure

Qs: is there any signs visible in the photo?

AS: yes

Q6: are there traffic lights visible?
Al
Q7: can you see the sidewalk?

A7: yes

Q8: are the sidewalks clean?

AB: yes, they are clean

Q9: are there any trees planted near the building?
A9: no there isn't

Q10: is the tree short or tall?

AL0: tall

man pointing at tv display in a store

Q: s the picture in color?
Al:yes
Q2: how many people are in the picture?
A2:isee 2 people
Q3: how many tv's are in the picture?
A3: 18 screens on the display but there are some in
boxes as well
Qd: is 1 of the people a worker in the store?
Ad:no it doesn't look like it
Qs: is there an image on the tv that he is pointing
at?
AS: yes it is an cartoon
Qs: is the man standing or sitting?
A6: standing
Q7: what is the brand of tv?
A7:iam unable to tell
a8:canyou tell what store it is?
8:

: are there any other pmducts in view?

Q1: is the picture in color?
Al:yes

Q2: how many people are in the picture?

A2:2

Q3: how many tv's are in the picture?

A3:2

Q4 is 1 of the people a worker in the store?

Ad: yes, but they are taking a break

Qs: is there an image on the tv that he is pointing
at?

AS: yes itis an cartoon
Qs: is the man standing or sitting?

A6: standing

Q7: what is the brand of tv?

A7:it's in japanese

Q8: can you tell what store it is?

A8: yesitis a list of rules

Q9: are there any other products in view?

o there is papers all over the desk so i would say

Cuo wha( color is the floor?
AL0: blug

Q1 is the picture in color?
Al:yes

Q2: how many people are in the picture?

A2:2

Q3: how many tv's are in the picture?

A3: 18 screens on the display but there are some in
boxes as well

Q4 is 1 of the people a worker in the store?

Ad: there are no visible workers

Qs: is there an image on the tv that he is pointing
at?

AS: yes it is an cartoon

Q6: is the man standing o sitting?

A6: standing

Q7: what is the brand of tv?

A7:it's in japanese

Q8: can you tell what store it is?

A8: no

Q9: are there any other products in view?
A9: i just see tv's and boxes

Q10: what color is the floor?

A10: blue

Q1 is the picture in color?
Al:yesitis

Q2: how many people are in the picture?

A2:1

Q3: how many tv's are in the picture?

A3: 18 screens on the display but there are some in
boxes as well

Qa: is 1 of the people a worker in the store?

Ad: there are no visible workers

Q5: is there an image on the tv that he s pointing
at?

AS: yes.

Q6: is the man standing or sitting?

A6: standing

Q7: what is the brand of tv?

A7:ican't tell

Q8: can you tell what store it is?

A8: no

Q9: are there any other products in view?
A9: yes

Q10: what color is the floor?
A10: blue

awoman is smiling next to a
decorated microwave

Q: is there anyone in the room with the woman?
Al:no
Q2: is she young?

Q3: what color is her hair?

A3: black

Q4: s it a big microwave?
Ad:yes

Qs: s it sunny?

AS:no

Qs: is there any other appliances in the room?
A6: o

Q7: what is the woman wearing?
A7:a shirt

Q8: is her hair long?

A8: o

Q9: what color is the microwave?
A9: white

Q10: is she wearing glasses?

A10: no

Q: is there anyone in the room with the woman?
Al: no, she is alone
Q2:is she young?
A2: no about 18
Q3: what color is her hair?
A3: brown
Q4: is it a big microwave?
Ad: normal size
Qs: is it sunny?
5:no
Q: is there any other appliances in the room?
A6: o
Q7: what is the woman wearing?
A7: brown jacket
Q8: is her hair long?
AS8: yes
Q9: what color is the microwave?
A9: silver
Q10: is she wearing glasses?
A10: no

Q1: is there anyone in the room with the woman?
1:no
: is she young?

es
: what color is her hair?

: brown

: s it a big microwave?

ves

2 is it sunny?

no

: s there any other appliances in the room?
6:no

: what is the woman wearing?

black jeans and a t shirt

: s her hair long?

:no

Q9: what color is the microwave?

A9: white

Q10: is she wearing glasses?

AL0:no

a |sthere anyone in the room with the woman?

QZ is she young?

Q3 what color is her hair?

A3: brown

Qa:is it a big microwave?

Ad: yes

Q5: is it sunny?

AS: can't tell

Q: is there any other appliances in the room?
A6: not that i can see

Q7: what is the woman wearing?
A7: a black jacket

Q8: is her hair long?

A8: no

Q9: what color is the microwave?
A9: white

Q10: is she wearing glasses?

A10: no

an elephant sprays the person on its
back

Q: is the elephant large?
AL: yes, but doesn't look full grown

Q2: how many people are on the elephant?

A2:i can only see 1

Q3: are there more elephants in the picture?
A3:no

Q4: what is the person wearing;

Ad: i thinkit's shorts, hard to mn with the spray
from the elephant

Q5: where is the elephant getting the water from?
AS: it's either a large puddle or maybe a river bank,
not sure

Qs: is the water clean or dirty?

A6 it looks pretty muddy, so i would say dirty

Q7: is there grass anywhere near the water or
mainly mud?

A7: mainly mud

Q8: can you see the sky?

A8: o

Q9: are there any trees in the photo?

A9: yes

Q10: can you tell what type of trees?

A10: no

Q1: is the elephant large?
Al:yes

Q2: how many people are on the elephant?
A2: four, 1in each photo

Q3: are there more elephants in the picture?

A3: 1o, just the 2 birds

Q4: what is the person wearing?

Ad: a green button up

Qs: where is the elephant getting the water from?

AS: it's either a large puddie or maybe a river bank,

not sure
Q6: is the water clean or dirty?

A6: it looks pretty muddy, so i would say dirty

Q7: is there grass anywhere near the water or
mainly mud?

A7: there's a bit of grass, and a green reflection on
the water

Q8: can you see the sky?

A8: a very little part of if through the trees

Q9: are there any trees in the photo?

A9: yes, but there's hardly any leaves

Q10: can you tell what type of trees?

A10: i would think late spring or summer cause all
the trees are nice and green

Q1 is the elephant large?
Al yes
Q2: how many people are on the elephant?

A

Q3: are there more elephants in the picture?
A3:no

Qa: what is the person wearing?

Ad: a waterproof swimsuit thing

Qs: where is the elephant getting the water from?
AS: it's either a large puddie or maybe a river bank,
not sure

Q6: is the water clean or dirty?

AG: it looks pretty muddy, 5o i would say dirty

Q7: is there grass anywhere near the water or
mainly mud?

A7: mainly mud

Q8: can you see the sky?

A8:no.

Q9: are there any trees in the photo?

A9: yes

Q10: can you tell what type of trees?

A10: no

Q1 is the elephant large?
Al:yes
Q2: how many people are on the elephant?

A2:1

Q3: are there more elephants in the picture?
A3:no

Qa: what is the person wearing?

Ad: he is wearing a jacket

Q5: where is the elephant getting the water from?
AS: cannot tell from the picture

Q: is the water clean or dirty?

A6 it looks pretty muddy, so | would say dirty
Q7: is there grass anywhere near the water or
mainly mud?

A7: 1o, there is 0

Q8: can you see the sky?

A8:no

Q9: are there any trees in the photo?

A9: yes.

Q10: can you tell what type of trees?
A10:noi can't

a man wearing a hat holds a small
white dog

Q1: age of man?

Al: maybe 20s

Q2: type of dog?

A2: a white fluffy dog

Q3:is it small?

A3:yes

Q4: can you see the head?

Ad: i can see the dogs head and the man's head
Q5: is the mouth open on the dog?

As:ino

Q6: what else is the man wearing?
A6: eyeglasses

Q7: what color hat is it?

A7: tan hat

Q8: what color is his shirt?

A8: hard to tell, possibly a grey vest
Q9: what color is his pants?

A9: they are not shown

Q10: is the man outside?

A10: no, he is inside

Q1: age of man?
Al: 40s

Q2: type of dog?

2: a white fluffy dog

Q3:is it small?

A3: average size

Q4: can you see the head?

Ad: yes

Q5: is the mouth open on the dog?
AS:

>

Q6: what else is the man wearing?
A6: a jacket and a hat
Q7: what color hat is it?

A7: brown

8: what color is his shirt?

A8: black

Q9: what color is his pants?

A9: black

Q10: is the man outside?

A10: no, he is inside

2

Q1: age of man?

AL: 405

Q2: type of dog?

A2: a white fluffy dog

Q3:is it small?

A3:yes

Q4: can you see the head?

Ad: i can see the dogs head and the man's head
Qs: is the mouth open on the dog?

AS:no

Q6: what else is the man wearing?
A6: a jacket and a hat

Q7: what color hat is it?

A7: tan hat

Q8: what color is his shirt?

AB: white

Q9: what color is his pants?

A9: they are not shown

Q10: is the man outside?

A10: no, he is inside

Q1: age of man?

Al: 40s

Q2: type of dog?

A2:ican't tell

Q3:is it small?

A3:yes

Qa: can you see the head?

Ad: yes

Q¢ is the mouth open on the dog?
AS: nope

Q6: what else is the man wearing?
AG: eyeglasses

Q7: what color hat is it?

A7:it's brown

Q8: what color is his shirt?

AB: s shirt is white

Q9: what color is his pants?
A9:ican't see it

Q10: is the man outside?

A10: no

a small bedroom with a hall with
laundry in the background

Q1: do you see any people?
Al:no

Q2: is there a bed in the bedroom?
A2:yes

Q3: i it a big pile of laundry?

A3ino

Q4: what color is the bedspread?

A4: white and light gray

Qs: s it dirty laundry or clean?

AS: clean

Qs: i the hall carpeted or hard floor?

A6: hard floor

Q7: is the laundry hanging or piled or folded?

A7: hanging

Q8: is it a light or dark wood floor?

A8: dark

Q: i the bedroom a child's room, guest room, or
adult bedroom?

A9: adult

Q10: is there any other furniture in the bedroom?
AL0: yes

Q1: do you see any people?
Al:no
Q2: is there a bed in the bedroom?

A2:no
Q3:is it a big pile of laundry?

A3:yes

Qa: what color is the bedspread?

A4: white and tan blankets

Qs: s it dirty laundry or clean?

AS: it's clean

Qs: is the hall carpeted or hard floor?

A6: oo

Q7: is the laundry hanging or piled or folded?
A7: hanging

Q8: is it a light or dark wood floor?

A8: light

Q: is the bedroom a child's room, guest room, or
adult bedroom?

A9: hard to say

Q10: is there any other furniture in the bedroom?
A10: a table and another bed

Q1: do you see any people?

Al:no

Q2: is there a bed in the bedroom?
es

Q3: s it a big pile of laundry?

o
Qa: what color is the bedspread?

A4: white

Qs: is it dirty laundry or clean?

AS: clean

Q6: is the hall carpeted or hard floor?

A6: hard floor

Q7: is the laundry hanging or piled or folded?

A7: hanging

Q8: is it a light or dark wood floor?

A8: light

Q: is the bedroom a child's room, guest room, or
adult bedroom?

A9: adult

Q10: s there any other furniture in the bedroom?
A10: a table and another bed

m do you see any people?

QZ e there a bed inthe becroom?
A2:yes

Q3:isit a big pile of laundry?

A3: yes

Qa: what color is the bedspread?

Ad: white and light gray

Qs: is it dirty laundry or clean?

AS: clean

Q6: is the hall carpeted or hard floor?

A6: hard floor

Q7: is the laundry hanging or piled or folded?

A7: hanging
8: s it a light or dark wood floor?

Q9: is the bedroom a child's room, guest room, or
adult bedroom?

A9: adult

Q10:is there any other furniture in the bedroom?
A10: yes

Figure 7: More qualitative examples in VisDial v1.0 val split for three model variants: DAN (Kang et al., 2019),
VD-BERT, and VD-BERT with dense annotation fine-tuning. The second column is for ground truth (GT) dialog.
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