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Abstract

How do we refer to scene entities in visual
scenes? We explore reference and re-reference
in two vision and language tasks and link them
to a model of attention. We discuss our find-
ings in relation to modelling situated interac-
tion in grounded language models and situated
dialogue systems.

1 Introduction

In this paper we examine how conversational part-
ners refer to scene entities in two language-and-
vision tasks. Knowing the strategies and models
of referring is crucial for natural language process-
ing of situated interaction, both interpretation and
generation of referring expressions. In natural lan-
guage generation, the task is relevant for content
selection (Deemter, 2016): a scene may include
several entities with different features and spatial
relations between them but only some are selected
and included in the generated expression. In natu-
ral language understanding, referring expressions
have to be resolved to scene entities, their attributes
and spatial relations between them: similarly, refer-
ring expressions are ambiguous and they may be
resolved to several potential candidates. In situated
interaction involving several conversational part-
ners several aspects of referring are relevant (Byron,
2003). Firstly, elements in the scenes are described
to and referred to in a particular order which is
reflected in the discourse model (Grosz and Sid-
ner, 1986; Ilinykh and Dobnik, 2020; Takmaz et al.,
2020). The same discourse elements may be re-
referred during the discourse which is described
by co-reference (Stede, 2011; Poesio et al., 2018;
Loáiciga et al., 2021). When referring to discourse
entities conversational participants may also take
different spatial perspectives (Maillat, 2003). Our
hope is that this investigation will shed light on
strategies that need to be taken into consideration
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in modelling situated discourse. This is particu-
larly relevant for multi-modal neural networks as
understanding the properties of visual interaction
will help us to evaluate and study these models for
such properties (Ilinykh and Dobnik, 2022).

The mechanisms driving linguistic reference,
connecting words with the physical properties of
the scene, are driven by the notion of attention.
Attention can be of two different kinds: linguistic
and perceptual (visual) attention. Objects attain lin-
guistic salience (i) if they have been mentioned in
the conversation before, and (ii) depending on how
thematically they are relevant to the topic of conver-
sation and the task that the participants are engaged
in. Objects attain visual salience by attention on
the visual properties of the scene such as colour,
size, shape and geometric arrangement. In resolv-
ing the reference of objects both kind of attention
interact. Furthermore, in dynamic environments as
the conversation progresses the attention on objects
changes based on object visibility and recency of it
being added to the common ground (for discussion
see (Kelleher and Dobnik, 2020)). In this paper
we examine attention on objects by inspecting how
they are referred to in two different tasks using two
corpora: the Cups corpus (Dobnik et al., 2020) and
the Tell-me-more corpus (Ilinykh et al., 2019).

2 Tasks and corpora

The Cups corpus contains longer English and
Swedish dialogues where participants have to iden-
tify missing cups on a large table that are hidden
to them but these are visible to their conversational
partner. The cups differ in features such as type,
colour and location. Participants are located at the
opposite sides of the table and they see each other
as an avatar. Each participant sees the same table
scene from their own point of view as shown in
Figure 2 in Appendix. In addition, there is also
a passive observer Katie on the side of the table.
Participants are instructed to interact over a chat



interface to find the cups each is missing. Beyond
this information they are not specifically told how
they should approach the task, the aim is that they
negotiate the strategies through their linguistic in-
teraction and engage in a longer dialogue. The
data has been annotated to study different conver-
sational phenomena including spatial perspective
taking (Dobnik et al., 2020), dialogue games (Stor-
ckenfeldt, 2018; Dobnik and Storckenfeldt, 2018)
and reference and coreference (Dobnik and Loái-
ciga, 2019; Silfversparre, 2021; Dobnik and Sil-
fversparre, 2021). The results reported in this paper
are based on these annotations1.

The Tell-me-more corpus (Ilinykh et al., 2019)
contains descriptions of images of house envi-
ronments where participants (via crowd-sourcing)
were encouraged to provide multi-sentence descrip-
tions of them as shown in Figure 3 in Appendix.
The task can be considered as a simplified form
of dialogue with fixed conversational roles of par-
ticipants. It involves incremental updates of scene
descriptions from a describer to an imaginary in-
teractive partner requesting additional information
over five turns. The goal of the task is to study incre-
mental referring which is reflected in the discourse
structure of the generated text. While reference
in Cups was annotated by human annotators, for
Tell-me more we perform this by automatic linking
of noun phrases from sequences of image descrip-
tions to object descriptions detected by an object
detector. For details see (Dobnik et al., 2022).

We choose these datasets because they provide
different scenarios for the study of attention pat-
terns being relevant for the resolution of reference.
The Cups scene is known and is identical for all
the dialogues. It contains objects of restricted kind,
namely the cups, but these vary in terms of their
properties such as colour and location. This al-
lows us to study referring over longer sequences
of dialogue as well as how participants visually
segment larger scenes into smaller regions and how
such structuring of a task is reflected in their in-
teraction. Both participants are human, they each
have the same goal and by default they do not have
pre-determined roles. Instead, these are negoti-
ated between them as the conversation unfolds so
that they both can complete the task. The Tell-me-
more images are are real-world images different
for each discourse where the view of the scene

1https://github.com/sdobnik/
cups-corpus

has been determined by the author of the photo.
The conversational roles and the view are fixed
and consequently interactions are short. However,
in this fixed view a variety of scene entities are
available that can be potentially referred to. There-
fore, the Tell-me-more corpus allows us to study
reference and re-reference at a thematic and scene-
topological level whereas Cups allows us to study
them at the interaction level. Since each involves a
different task, a comparison of referring also sheds
light on the effect of the task on referring.

3 Reference in the Cups corpus

Referring in general Referring expressions refer
to more than one object, on average two objects
per referring expression. There are between 1.5
and 3 referring expressions per turn and there is a
considerable variation between different dialogues.
There are between 2 and 5 (pre-annotated) objects
referred to per turn or between 3 to 7 objects re-
ferred to per turn when we also consider annotator-
created objects. Some referring expressions are
referring to uniquely identified objects while others
are referring to groups of varies sizes.

Objects referred to What objects are referred to?
A χ2 test of independence found a significant rela-
tionship between language and reference to scene
entities: χ2(df=30, N=4344)=60.5756, p=0.0008.
However, it is hard to say whether this is an ef-
fect of a language or dialogue style between dyads.
Participants (1, 2) most frequently refer to them-
selves. Katie (3), a passive observer, and table (4)
are rarely referred to, less than objects or regions.
This indicates the effect of the task on referring
which focuses on locating objects. Corner regions
(11, 13, 17, 19) are more most frequently referred
to whereas the central region (18) is the least. The
former are more proximal to each participant and
on their left and right which indicates that they
might be used as landmarks, locating other objects.
Objects are even more frequently referred to than
regions. The most frequent reference is made to
task-related objects, the missing cups and close-by
distractor objects that might be confused as miss-
ing cups, and landmark objects close to the missing
cups. Overall, the results indicate that attention is
determined as a combination of visual (distractors,
landmarks) and task-related salience (the way the
scene was structured through the introduction of
the missing cups).

https://github.com/sdobnik/cups-corpus
https://github.com/sdobnik/cups-corpus


Referring across dialogues A χ2 test of indepen-
dence comparing reference to scene entities across
pairs of dialogues indicates that the English dia-
logues en-1 and en2 do not differ in references to
objects. The en-1 dialogue is more similar to the
Swedish dialogues than en-2 which is interesting
since the speakers of en-1 are native speakers of
Swedish. Among the Swedish dialogues sv-1 and
sv-7 stand out as the reference in them differs to
reference in all other dialogues. Reference in sv-2,
sv-4, sv-5 and sv-6 is more similar (sv-4 and sv-
6 are different to each other). This indicates that
there are similarities in referring (given a common
task) but effect of individual preferences/choices
taken by dyads and possibly language.

Re-reference to objects In this experiment we
measure the mean distance between turns that re-
peat reference to an entity for English and Swedish
dialogues. The average distance of re-reference is
slightly greater for English than Swedish, except
for table (4). Low re-reference distance is associ-
ated with high frequency, e.g. participants (1, 2)
and objects (24). High re-reference distance is asso-
ciated with low frequency, e.g. Katie (3), table (4)
and objects (18). Regions are re-referred to after
a greater number of turns than objects presumably
because they serve as landmarks for identifying
objects under discussion as governed by the task.

The Swedish dialogues have been annotated for
dialogue games with tags indicating the scope of
the games over turns and types of games (Storck-
enfeldt, 2018). We also measure to what degree
objects referred to in one dialogue game overlap
with objects referred to in adjacent dialogue games
with a Sørensen–Dice coefficient which is ≈ 0.3
but has a high standard deviation. This indicates
that there are sections of dialogue where there is
either a high or a low degree of reference over-
lap between adjacent games. Re-reference is thus
local, restricted to a couple of objects at a time.
Structuring scenes into sub-scenes makes referring
more efficient in the sense that it is less ambigu-
ous as there are fewer distractor objects. Refer-
ring also does not progress in a liner order given a
scene. The same objects may be re-referred to in
non-consecutive games. Identified targets can now
become contextually salient landmarks.

4 Reference in the Tell-me-more corpus

The location of objects referred to Where in
the image frame are the objects located? We track

attention to objects in images by representing the
overlap of the bounding boxes of objects referred
to in each of the five (5) sentences that constitute
a single image description. Figure 1 shows five
attention heat-maps with darker areas indicating
attention to objects being referred to. In general,
the first sentence refers to the most of the scene,
there is a high overlap between object bounding
boxes, changing their attention on specific parts
and objects later in the sequence. There is also
evidence of spatial inference in the left-right axis.
This finding shows the sequential nature of image
description sequences and aligns with the idea that
humans structure scene discourse and mention ob-
jects in some order (Grosz and Sidner, 1986).

Thematic associations between objects To in-
vestigate how thematic relations between objects
drive attention as expressed through reference we
examine and compare (i) how objects appear in
situational contexts and (ii) how these objects are
referred to in descriptive discourses. For this we
build vector space models (Turney et al., 2010)
of object co-occurrences where context counts are
either determined by (i) scene co-occurrence and
(ii) scene and referential co-occurrence. The scene
vector space captures the number of times each
object appears in the scene with other objects. The
referential vector space captures for each object
the frequency of it being mentioned together with
other referentially linked objects. What are the dif-
ferences and similarities between the two vector
spaces? The referential vector space captures also
thematic relations between objects: “stainless steel
oven” is similar to “blender” and “silver coffee
maker” which fit into a thematic cluster of kitchen
appliances. On the other hand, the scene vector
space captures similarities of co-occuring objects:
it predicts “brown pot” and “white floor” similar
to “stainless steel oven”. Referential vector space
therefore also encodes information about how hu-
mans group objects in scenes and describe them
within a depiction of same event or a task. Other
words show similar trends: “marble counter” is
similar to bowls, knobs, food, bananas and hair
dryers indicating other objects that interact with
marble counters. On the other hand, shelves, win-
dows, refrigerators and ceiling predicted by the
scene vector space are co-occuring objects in the
same rooms. This shows that the task and subse-
quent human communicative intents are important
factors of what gets included in a description: ob-



(a) Sentence 1 (b) Sentence 2 (c) Sentence 3 (d) Sentence 4 (e) Sentence 5

Figure 1: Attention maps of bounding boxes of objects referred to determined through automatic linking. The
results are averaged per sentences and across all images and discourses.

jects are not only described because they are there,
but because they are thematically connected with
each other at a higher task-related level.

Attention to objects through reference We esti-
mate thematic attention for the objects referred to
in the Tell-me-more dataset. Specifically, from ob-
jects appearing in a scene, what objects (i) are likely
to be referred to, (ii) are likely to be re-referred in
the same discourse, and (iii) are likely not to be re-
ferred to? To answer these questions, we compute
attention as a ratio between a vector in the reference
space and the scene space. An attention score > 1
indicates that an object is likely to be re-referred,
while an attention score < 1 indicates that an ob-
ject is referred to less frequently than it occurs. We
observe that, for example, “painted wall” is likely
to be referred to (attention score 2.375) but “wall”
has a score of 0.210848. While “black horse” is
highly attended (ranked 13 among 1,686 objects),
“black faucet” is ranked 1,672. This could be an
artefact of using phrase similarity to match descrip-
tions with object names containing attributes. It
could be that the colour of the faucets is less likely
to be described than the colour of horses and there-
fore an object label “black faucet” is less likely to
be matched with a description “faucet”. Similarly,
“orange flower” and “white freezer” are unlikely
to be referred to with these attributes while “blue
flowers” are more likely with an attention score of
0.524193. The attribute salience described here is
common-sense thematic salience which is different
from visual salience (Kelleher et al., 2005). It is
important to note that both kinds of salience inter-
act. For example, a “white freezer” is more likely
to be referred to in the context of all black freezers.

5 Discussion and conclusion

Our comparison of reference in the Cups and Tell-
me-more corpora reveals several factors that affect
what objects are referred to and when. Referring
is highly influenced by the nature of the conver-

sational tasks which shapes the goals of partici-
pants and is reflected in conversational interaction.
Participants in the Cups dialogues have identical
conversational roles and are free to structure their
interactions. On the other hand the task of referring
in the Tell-me-more corpus and the roles of partici-
pants is highly restricted but so are the patterns of
reference produced. Furthermore, we can observe
differences in referring to scene entities as the dis-
course progresses. Therefore, it is wrong to assume
that Tell-me-more and image captioning in general
represent a task-neutral setting. Previously, refer-
ring expressions have been studied only within a
particular corpus or a task but our findings indicate
that this is by no means sufficient to understand
referring. Further examination of the task struc-
ture which is reflected in discourse, for example
in conversational games, might point to common
referring patterns between tasks and make the no-
tion of the task less elusive. We have also identified
other factors relevant for referring: visual proper-
ties of the scene, geometric arrangements of scene
objects and patterns of spatial reasoning. There are
thematic relations between objects that go beyond
the presence of objects in the scene and are related
to description of coherent events.

Referring is a complex phenomenon that is hard
for computational modelling. As it is context and
task dependent this means that large corpora will
have to be available to capture all the tasks, that
involve referring. Focusing on simple tasks such
as image captioning or dialogues with a single di-
alogue game is not enough. The task dependence
has implications for transfer learning as this should
be difficult between tasks that differ considerably.
This could be the reason why using language-
independent object detection in multi-modal NLP
tasks with language-based transformers is better
than utilising pre-trained visual embeddings which
have been trained together with language. This way
an interaction model can be trained separately and
specifically for each task.
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A Appendix

(a) The view of P1

(b) The view of P2

(c) Ground truth view of the scene

Figure 2: The scene as seen by P1 (a) and P2 (b). (c)
shows a top-down view of the scene with all objects
included and their object IDs. Objects marked with
coloured circles cannot be seen by a participant marked
with the same colour. P3 is a passive observer Katie.
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Figure 3: The image and the corresponding paragraph
from the Tell-me-more corpus.
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