
A: sandwich (34) B: sandwich (15), basket
(6), food (5), burger (2),
hamburger (2), meal (2)

C: food (10), sandwich (8),
toast (5), french toast (4),
dessert (2), breakfast (2)

D: hotdog (14), food (7), bun
(4), sandwich (3), bread (2)

E: bridge (35) F: bridge (20), building
(11)

G: street (16), road (15),
bridge (3)

H: pier (6), railing (5), dock
(5), bridge (5), fence (4), rail
(3), boardwalk (3)

I: bed (36) J: bed (16), bench (6), crib
(5)

K: bed (17), book (6), table
(4), toy (3), bible (2), doll (2)

L: bed (12), sleeping bag (9),
blanket (7), bed sheet (5)

Figure 6: VG images labeled sandwich, bridge, and bed (top to bottom row) with high to low agreement in ManyNames.

Figure 7: Cumulative histograms for number of types in
ManyNames, with frequency thresholds

and see below). Hence, in our data, objects tend to have
a preferred name, as expected from work in Psychology
(Rosch et al., 1976; Jolicoeur, 1984), but at the same time
there is variation.
To further assess agreement on the object names, we check
the following measures, computed with t=2, with results in
Table 3:

� N: the average number of types in the response set.

� % top: the average relative frequency of the most
frequent response (shown in percent).

� H : the H agreement measure from (Snodgrass and
Vanderwart, 1980), where 0 is perfect agreement:
H =

P k
i =1 pi log2

1
pi

, where k denotes the number of

Domain N %top (std) H (std) t=VG %VG

all 2.9 75.2 (21.9) 0.9 (0.7) 72.8 62.8

people 4.3 59.0 (20.4) 1.5 (0.7) 49.8 36.3
clothing 3.2 70.1 (18.5) 1.1 (0.6) 70.2 57.4
home 3.1 72.6 (20.7) 1.0 (0.7) 78.5 64.1
buildings 3.0 74.7 (20.7) 1.0 (0.7) 72.6 61.6
food 2.9 76.4 (20.7) 0.9 (0.7) 62.9 55.2
vehicles 2.4 76.6 (19.8) 0.8 (0.6) 71.1 63.9
animal plants 1.5 94.5 (12.1) 0.2 (0.4) 93.8 91.0

Table 3: Agreement in object naming, with a frequency
threshold of 2.

name types and pi is the proportion of type i in the
responses.

� t=VG: the percentage of items where the top response
in ManyNames is the VG name.

� % VG: the average relative frequency of the VG name
in the response set.

Apart from the trends mentioned above, it is remarkable
that only in 73% of the cases the most frequent response
coincides with the VG name, and the VG name accounts
for 63% of the responses on average. Our dataset can be
expected to yield a more robust estimate for so-called entry-
point names (Jolicoeur, 1984), that is, the name that most
naturally comes to mind for a given object. The H mea-
sures indicate a fair amount of agreement, a bit lower than
in picture norming studies on artificial idealized images
(e.g. Snodgrass and Vanderwart (1980) report an average H
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of 0.55), which can be expected when using real images.
If we check agreement by domain, two domains stand out:
the ANIMALS PLANTS domain, which is often discussed in
the literature and where we find almost perfect agreement
(H = 0.2), and the PEOPLE domain with a particularly low
agreement. Across domains, however, we find a large stan-
dard deviation for both %top and H , of around 20% for
all domains except PEOPLE. This indicates that agreement
varies quite a bit across instances, with factors that cannot
be attributed to domain only. The qualitative examples in
Figure 6 illustrate this, showing instances with very high
or low agreement. These suggest that instances which are
more prototypical of a category trigger higher agreement, al-
though further research is necessary to examine the relevant
factors. The following section will examine other sources of
variation in object naming.

5.2. Sources of Variation
Previous work on object naming has assumed that variation
is mostly along a taxonomic axis, and in particular hierarchi-
cal (see Section 2). This parameter does not seem to explain
the variation in ManyNames. Table 4 shows the distribution
of the lexical relations between ManyNames responses and
the original VG annotation, estimated from WordNet. To
obtain these data, we exploited the synset annotation in the
VG names, and added automatic linking for the additional
ManyNames names, with a simple first-sense heuristic.5 As
shown in the table, in the vast majority of cases, no hier-
archical relation between the name and the synset can be
retrieved from WordNet. Even factoring in the noise in-
troduced by referential uncertainty, it is clear that a good
portion of our data cannot be explained by variation in the
level of abstraction of the chosen name. Among the names
that do have a taxonomic relation to the synset, hypernyms
are the most frequent, meaning that our annotators often
chose a more general name than the VG annotators.
In a qualitative analysis, we found the following types
of variation in the data, illustrated with examples in Fig-
ure 6: Cross-classification: a substantial group are names
conceptualizing alternative aspects of the same object (e.g.
toast/dessert, image C). Conceptual disagreement: as we
did not filter objects for prototypicality, our data mirrors a
certain amount of disagreement between speakers as to what
an object is (bed/bench, image J). Metonymy: we find ex-
amples reminiscent of metonymy discussed in the linguistic
literature (Pustejovsky, 1991) where logically related parts
of an object stand in as its name (burger/basket, image B).
Issues with WordNet: due to WordNet’s fine-grained hi-
erarchy, it is difficult to retrieve certain loose synonyms or
hypernyms (robe/dress, image not shown).

6. Conclusion
The question of how people choose names for objects pre-
sented visually is relevant for Language and Vision, Com-
putational Linguistics, Computer Vision, Cognitive Science,

5To detect hypernyms, we use the hypernym closure of the
synset with a depth of 10; the other relations are straightforward.
The coverage of WordNet for our name data is satisfactory (90%
of the name types, accounting for 97% of the tokens).

relation % types % tokens ex: jacket

word-not-covered 10.6 2.6 outdoor vest

synonym 1.1 1.1 hoodie
hyponym 2.2 3.8 parka
co-hyponym 3.1 5.9 raincoat
hypernym 10.5 27.7 clothing
rel-not-covered 72.2 58.3 sweatshirt

Table 4: Lexical relations of naming variants in ManyNames
to annotated VG synset, averaged over synsets, with exam-
ples of variants for jacket.

and Linguistics. We have surveyed datasets that can be use-
ful to address this question, and proposed a new dataset,
ManyNames, that affords new possibilities both for analysis
and modeling of object naming.
For Computer Vision and L&V, our data highlights the fact
that bounding boxes are often ambiguous, which can af-
fect model performance on object recognition and naming.
Crucially, evaluations in these tasks assume that object iden-
tification is possible based on the box; beyond showing that
this is not always the case, our data can be used to assess
whether model mistakes are plausible (similar to those of
humans, as in the toy/book/bed case), or really off.
Moreover, standard evaluations assume that object names (or
categories) are unique. The ability to distinguish incorrect
object names from good alternatives is essential for visual
object understanding. Our data provides a first step towards
enabling model evaluation on naming variants of an instance,
checking, e.g., to what extent the top N predicted names are
valid alternatives (dog, animal, pet) or not (dog, hat, grass).
However, to fully enable this kind of analysis, a further
annotation step is needed, to account for the referential
uncertainty of bounding boxes and annotation noise. We
plan to take this step in future work, which will also enable
more robust conclusions with respect to naming variation.
Our current data supports the prediction in theoretical re-
search on object naming that there will often be a preferred
(entry-level) name for a given visually presented object. It
tentatively suggests that (a) there is also consistent variation
in naming, with an average of almost three elicited names
per instance; (b) much of this variation cannot be explained
by adopting a hierarchical view, which has been dominant in
the psycholinguistic and computational literature; (c) there
is high variability in agreement across instances within the
same domain. The latter suggests that there are specific
visual characteristics of either the object itself or the visual
context in which it appears that trigger variation. With pro-
totypical, idealized pictures of the sort used in traditional
studies (see Figure 1), this observation would not be pos-
sible. These findings also show WordNet’s limitations in
its use for visual object naming (Ordonez et al., 2016, a.o.):
while, for a particular object, synonyms and hypernyms may
be retrieved as name alternatives, hierarchically unrelated
alternatives cannot, nor does WordNet provide information
on object-specific naming preferences.
We hope that ManyNames triggers more empirical research
on object naming, a topic that has been understudied in both
computational and theoretical approaches to language.
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