


Queries

(a) People standing on a rock near a river

- [People]_ Agent standing [on a rock near a river]_ Location

(b) A woman and her son sitting atop a big rock looking tired
- [A woman and her son]_ Agent sitting [atop a big
rock]_ Location looking tired
- [A woman and her son]_ Agent sitting atop a big rock looking
[tired]_

(c) A boy ties his shoe while a woman carrying straw hats looks
on atop a rock in front of a body of water
-[Aboy]_ Agent ties [his shoe]_  Patient [while a woman
carrying straw hats looks on atop a rock in front of a body of
water]_ Temporal
-...[awoman]_  Agent carrying [straw hats]_ Patient
-..[awoman]_  Agent carrying straw hats looks on [atop a
rock in front of a body of water]_ Location

Top Retrieved Image

(@) (b) ©

Figure 4: Fine grained text-to-image retrieval by
RARE. From top to bottom, the descriptions are more
informative, with an increasing number of proposi-
tions. Verbs for each proposition are shown in bold. All
three captions correspond to image (c) in the ground
truth, but the other retrieved images also reflect the
queries.

An example is shown in Figure ] The query sentences
(a,b,c) have increasingly complex structure. The third,
most precise query, correctly retrieves the ground truth
image, while the other queries retrieve other relevant
top results.

Errors made by RARE are reasonable. Figure [3] de-
picts some examples for text retrieval. Figure[3h shows
examples where the system retrieved the ground truth
caption. Figure Bp depicts the quality of retrieved
captions in unsuccessful retrievals. Despite the mis-
matches, retrieval results for these images are coher-
ent with the query images. Specifically for the bottom
right example, RARE is able to match the semantics
of play and location  although it misidentifies the
game.

5. Future Work

A crucial next step is implementation of a fully auto-
matic visual SRL detector for previously unseen im-
ages, to enable multimodal retrieval without human an-
notation. For example, using a visual SRL detector to-
gether with the text SRL parser used in this work, one
could use a dataset which lacks any SRL annotations,
e.g. the MSCOCO dataset, as an additional benchmark
for RARE. To address infrequent SRLs, we will fur-
ther investigate the applicability of a memory network
in RARE. We would also like to explore application of
SRL in more advanced architectures

[Wehrmann et al., 2020) for richer representations.

6. Conclusion

In this paper, we propose role aware retrieval (RARE)
for cross-modal retrieval. This work demonstrates that

~FEET

Temporal

Patient
Agent!

Agent] instrument

nstrument

Retrieved caption:
A man with glasses is sitting in a chair playing the oboe while a
man in a purple shirt plays percussion and spectators look on.

Parsed SRLs for retrieved caption:

1. [A man with glasses]_Agent is sittingin [a
chair]_Instrument [playing the oboe]_Adverb [while a man in
a purple shirt plays percussion and spectators look on]_Temporal

2. [A man with glasses]_Agent is sitting in a chair playing
[the oboe]_Instrument [while a man in a purple shirt plays
percussion and spectators look on]_Temporal

3. ... [a man in a purple shirt]_Agent plays
[percussion]_Patient ...

Retrieved caption:
A man playing a musical instrument

Parsed SRLs for retrieved caption:
[A man]_Agent playing [a musical
instrument]_Instrument

Figure 5: Semantic role aware text retrieval by RARE.
In Query 1, RARE uses three sets of SRL annota-
tions on the image as the query. A caption is retrieved
that contains three propositions. In Query 2, a simpler
query on the same image uses a single set of SRL an-
notations. The retrieved caption is likewise simpler and
contains a single proposition.

incorporating semantic role labeling can improve the
performance of cross-modal retrieval. When we eval-
uate RARE on Flickr30k, RARE achieves competi-
tive performance for the image retrieval task against the
best non-transformer based system. Although trans-
former based methods are the current state-of-the-art
for the retrieval task, they do not allow explicit con-
trol signals to diversify their recommendations. The
incorporation of semantic roles into those architectures
could provide that benefit, but will require automatic
annotation of large amounts of silver standard train-
ing data which is one of our goals. Our qualitative re-
sults presented here have shown the potential of RARE
for fine-grained retrieval achieved by injecting seman-
tic role labels into the retrieval query, to guide the re-
trieved caption or image to the desired focus. The se-
mantic roles allow the system to choose more concise
salient descriptions, or alternatively, to retrieve long
complex multi-predicate descriptions. Humans can ef-
fortlessly generate a large variety of descriptions for
images. Now, RARE provides an automated solution
for retrieving more varied and fine-grained retrieval re-
sults.
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