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Abstract

We examine a pre-trained bi-directional multi-
modal transformer how it produces descriptions
of objects in images. We find that such a model
still inclines towards generating a generally
more common noun. We believe this is an es-
sential caveat for building robust models and
better multi-modal datasets.

1 Introduction

One of the most prominent tasks of representation
learning is the multi-modal one (Bisk et al., 2020;
Bender and Koller, 2020). Although recent work
shows that text-only models can capture mean-
ing by looking at the form only (Merrill et al.,
2022), the advances made by large multi-modal
architectures are not easily denied. Many language-
and-vision transformers (Tan and Bansal, 2019; Lu
et al., 2019a), datasets, tasks (Antol et al., 2015;
Das et al., 2018) and test suits targeted towards
specific phenomena (Park et al., 2020) have moved
the NLP field further. The representations captured
in these setups are different from uni-modal ones.
Multi-modal representations have also been shown
to benefit tasks such as machine translation (Elliott
et al., 2015). However, it is still hard to learn a
model that provides optimal fusion of modalities
(Elliott, 2018; Frank et al., 2021).

What makes multi-modal representations useful?
Ilinykh and Dobnik (2021) show that multi-modal
representations positively bias the model towards
more global attention patterns (unlike uni-modal
representations), allowing for higher quality gen-
eration. On the contrary, Hagström and Johans-
son (2022) have found no significant value in us-
ing language-and-vision representations compared
to text-only features when identifying common-
sense visual knowledge. However, this might not
be globally the case as the task and the dataset

Figure 1: MSCOCO image-text example: “a child hold-
ing a flowered umbrella and petting a yak”. The model
takes a description with the words in red replaced with
the MASK token and generates “a woman holding a flow-
ered plant and petting a bull goat”.

are also important to the extent they focus on gen-
eral vs context-specific knowledge which is cap-
tured differently by different models (Dobnik et al.,
2018; Storks et al., 2021). In multi-modal mod-
els visual representations are known to be often
dismissed (Agrawal et al., 2018; Thomason et al.,
2019; Ilinykh et al., 2022). In this paper we there-
fore test the ability of multi-modal language models
to establish an image-specific understanding of
words during description generation.

We examine a multi-modal bi-directional trans-
former which is expected to have both (i) a gen-
eral knowledge from large-scale pre-training and
(ii) a specific understanding of image-text situa-
tions after being fine-tuned on several downstream
tasks. Image-specific descriptions must be both ac-
curate for the image and pragmatically informative.
(Cohn-Gordon et al., 2018). We test the model
with the masked language modelling task in the
context of object descriptions. Specifically, we
mask a subset of words (nouns), which typically
describe objects in the original caption and mea-
sure the model’s perplexity. The example is shown



in Figure 1. Our results demonstrate that the model
struggles to understand specific image-text situa-
tions and focuses on common-sense knowledge
predicted from a language model.

2 Data and models

We use ViLBERT (Lu et al., 2019b) and its pub-
lic implementation in Volta (Bugliarello et al.,
2021). ViLBERT takes a set of object features
V = {v1, . . . , vN} and a sequence of words
W = {w1, . . . ,wM} as its input. Each input
modality has its own CLS token. The training ob-
jectives are identical to those of BERT (Devlin
et al., 2019). In particular, the first objective is a
standard masked word prediction: part of words
in W are replaced with a special MASK token
and the model learns to predict the correct token
from masked features. Similarly, the model is also
trained for masked region prediction: to predict ob-
ject labels from a distribution given some masked
visual features. Finally, both CLS tokens are com-
bined in the image-text matching objective: given
a caption, predict whether it describes the image.
Captions of other images are used as negative ex-
amples. We use a publicly available model1 that
has been pre-trained on the Conceptual Captions
dataset (Sharma et al., 2018) and fine-tuned for sev-
eral tasks, including the image retrieval task on the
train set of the MSCOCO dataset (Lin et al., 2014).
The benefit of the ViLBERT model is that it has
a large general knowledge about the multi-modal
world. We keep all parameters of the model fixed
as reported in Bugliarello et al. (2021) and run it on
the validation set of MSCOCO with 5,000 images
where each image has five human-produced cap-
tions. Visual features of images were pre-extracted
by the authors of the Volta framework where 36
objects per image were detected2.

3 Experimental setup

We identify nouns in image descriptions, mask
them and retrieve the model’s predictions for masks.
ViLBERT is using the BERT-based WordPiece to-
keniser (Devlin et al., 2019) which may split a noun
into two or more sub-words. It is hard to manu-
ally build a set of rules that correctly map nouns
to original descriptions with sub-words produced

1https://github.com/e-bug/volta/blob/
main/MODELS.md

2https://github.com/e-bug/volta/blob/
main/data/README.md

by BERT since the number of words changes after
the tokenisation step. To overcome this problem,
we employ a BERT tokeniser fine-tuned for part-
of-speech tagging3. This tokeniser produces a POS
tag per each output item.

ViLBERT takes a caption W, consisting of M
words {w1, . . . ,wM}, where some of the words
are replaced with the MASK token. We replace
only words that have NOUN as the POS tag. On
the vision side, we keep the original input to the
model which includes random masking scheme
for object features. We set M = 20, each word
wm ∈ R1×D, where D = 512 and every object
feature vn ∈ R1×F where F = 2048. The model
outputs a probability distribution over the entire
vocabulary V = 30522 on the language side. At
each step m we sample the most probable word
and reconstruct the caption. We evaluate the model
only on the first caption from a set of 5.

4 Evaluation

As our evaluation measure we use perplexity. Per-
plexity allows us to examine the model’s confi-
dence in predicting tokens of the text, and it is
defined either either a normalised inverse probabil-
ity of the test set or an exponential of cross-entropy.
We use the second definition and first compute a
cross-entropy loss L over a full dataset of size T as
follows:

L = − 1
T

T∑
t=1

|M |∑
m=1

yt,m logb(ŷt,m), (1)

where b is the base of the log (either 2 or exp4),
y and ŷ are the two probability distributions, the
ground-truth and the predicted probability distribu-
tion respectively. The perplexity is computed as
a base of the logarithm used in the loss function
computation to the power of the loss, PPL = b L;
we set b = exp. We calculate loss and perplexity
over the masked tokens only.

5 Results

Figure 2 shows some examples where perplexity
of the model is the highest and when it is the low-
est. The mean perplexity of the model (on the
word level) across all examples is 371.78, while the

3https://huggingface.co/vblagoje/
bert-english-uncased-finetuned-pos

4The choice of the log base is not essential because differ-
ences are scaled by a constant factor.
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(a) G: a young boy holding a
set of nintendo wii game con-
trollers
H: a young boy holding a bag
of water in a gym

(b) G: a fire hydrant is painted
to look like a dalmation
H: a red street that is painted
to look like a lighthouse

(c) G: two brown grizzly bears
are rearing up and fighting
H: two brown grizzly bears are
rearing up and fighting

(d) G: a surfer is riding on a
big wave
H: a surfer is riding on a big
wave

Figure 2: Examples of images, ground-truth (G) texts and texts with predicted nouns (H) for cases with high
perplexity (a, b) and low perplexity (c, d).
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Figure 3: Summed proportions of sub-words per item
per bin. The examples and bins are sorted from the ones
with the highest perplexity scores (left) to the ones with
the smallest perplexity score (right).

standard deviation is 2660.35 and the variance is
7077511.33. One interpretation of these numbers
is that the model performs very differently on many
examples in the test set and its performance also
largely varies from item to item. For example, the
highest perplexity we observe is 97078.98, while
the lowest is 1.01. This indicates that the model is
confused by a large variety of visual situations and
descriptions in the data. This is a positive charac-
teristic of the dataset but also a very challenging
one for the model.

Sub-word tokenisation increases perplexity
One reason for the model’s confusion could be the
tokenisation scheme: input words are split into sub-
words by a WordPiece tokeniser which increases
the complexity of mapping between texts and im-
ages as more words may correspond to a scene. The
model is now required to establish a link between

a visual representation of the object and multiple
sub-words which constitute a noun that describes
an object. Unlike nouns its sub-words do not imme-
diately correspond to visual semantic information
and extra reasoning over sub-words is necessary to
make a correct prediction.

We evaluate whether there is a correlation be-
tween the number of sub-words in tokenised input
texts and perplexity scores. We focus on sub-words
extracted from nouns and use the method to iden-
tify nouns described in Section 3. We calculate the
proportion of sub-words per item by dividing the
number of nouns with (any number of) sub-words
by the total number of detected nouns. For exam-
ple, if a caption has two nouns and one has been
split into multiple sub-words the proportion is 0.5.
Next, we sort image-text pairs by their perplexity
score from the highest to the lowest and split all
5,000 examples to 50 bins. We sum the scores in
each bin. The results in Figure 3 show that bins
with high perplexity also have a high proportion
of sub-words and bins with low perplexity have a
low properties of sub-words. There is a significant
correlation between perplexity and the proportion
of sub-words (Pearson’s, r = 0.64, p = 4.4e− 07).
The result demonstrates how a design choice im-
pacts the model’s confusion which directly affects
image-specific noun prediction.

Perplexity, general and specific knowledge
Next, we ask if the model predicts more frequent
nouns across the data when its perplexity is high.
We believe that the commonality of the noun is
related to its frequency in the data: for example, it
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Figure 4: Relation between the commonality ranking
of nouns in ground-truth descriptions and perplexity for
humans (red) and model (purple). Average FR stands
for average frequency rank (high value = low rank!)
and bins represent items grouped by perplexity scores
from high to low. For better visualisation we divide the
frequency ranks by 1,000.

is simpler to predict “wall” rather than “window”
in “a person is standing next to the MASK” when (i)
the dataset contains more images of people stand-
ing next to something, and (ii) such images are
described with the mention of the wall. This is a
data-related bias that the model captures. To get
the frequency ranks of nouns we count them in the
ground-truth test set and sort them in a descending
order which gives us a noun commonality ranking
C. Words that are common are assigned high ranks.
Next, for each predicted noun we look-up its rank
from C and compute an average frequency rank of
nouns in the predicted caption. The 5,000 items
are sorted in a descending order from high to low
perplexity. For visualisation purposes we group
items into 10 bins. We also calculate an average
frequency ranking of nouns in the ground-truth de-
scriptions to compare the model with the human
performance. The results in Figure 4 demonstrate
the lower the perplexity (the later bins), the more
likely the model is to pick common words (low
value = high rank, closer to the top of C). This
indicates that a lot can be predicted from common-
sense knowledge captured in a language model.
Humans follow the same trend. This may be con-
nected to a low “surprisal” of visual scenes, their
typicality and the way they can be described with
common, general nouns instead of specific ones.
The model is less confused by picking a more com-
mon noun which guarantees a better fit with the
ground-truth produced by a human.

To discern this question further we examine the
perplexity of the model when predicting only most
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Figure 5: Average commonality/frequency rank (low
value = high rank) when generating 100 most common
nouns distributed in bins with decreasing perplexity
from left to right.

common words, thus in situations when the model
is taking a safer choice and therefore most likely ig-
noring visual information. We consider 100 nouns
with highest ranks (low value = high rank). The re-
sults are shown in (Figure 5) and demonstrate that
when perplexity is high (the lower bins), the model
indeed tends to choose among the most common
nouns (low values). Bins with lower perplexity
contain less common nouns. This result demon-
strates that the model may be biased towards more
common nouns when it struggles to predict image-
specific nouns describing objects.

6 Conclusion

We have examined the ability of the multi-modal
bi-directional transformer to predict image-specific
object descriptions represented by nouns. Our
results indicate that the model is biased to pre-
dict more common (frequent) nouns for image-
description pairs which are hard to ground. The
vision and language transformer appears to lack
specific, contextual knowledge about the visual sit-
uation and the ability to balance between a general
language-based and vision-specific knowledge. Fu-
ture work should focus on further evaluation of
the visual transformer models which would lead
to model improvements in terms of information
fusion and grounding different modalities.
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