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Figure 5: Results of Ask&Confirm based on S-SCAN. The horizontal axis represents the query turn. Q denotes the number
of queries and A denotes the action number in each round.
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Figure 6: Results of different policies.The horizontal axis represents the query turn. The vertical axis represents R@10. The
proposed RL-based policy learning approach outperforms others.

Method R@1 R@5 R@10 MR Q A
T-CMPL+AC +1.9 +9.9 +10.7 -279.6 1 10
S-SCAN+AC +4.1 +20.3 +39.4 -320.0 1 10
T-CMPL+AC +1.3 +7.4 +8.9 -72.0 2 5
S-SCAN+AC +2.1 +11.5 +26.0 -96.0 2 5
T-CMPL+AC +0.6 +5.1 +15.5 -19.5 4 3
S-SCAN+AC +0.6 +15.2 +14.2 -21.1 4 3

Table 4: Results of Ask&Confirm on different basic re-
trieval models after 10 rounds.

tion, we compare Ask&Confirm (AC) with Drill-Down
(DD) [29] and WhittleSearch (WS) [13] where DD is a
description-based method and WS is a tag-based method.
To make a fair comparison of interactive mode, we re-
implement DD and WS based on S-SCAN and adopt their
interactive mode. 50 images are sampled from the test set.
For each image, 4 different users (details in supplementary)
are required to retrieve it in 5 rounds with 3 different meth-
ods. The retrieval performance in terms of R@1, R@5,
R@10 and Mean Rank (Mean) are shown in Figure 7 (a).

To evaluate users’ effort on different methods, we record
the average time users take to retrieve each image. AC costs
37.67s, DD costs 53.60s and WS costs 35.18s.

Conclusion on Performance: Ask&Confirm achieves
similar R@k accuracy and much better Mean Rank com-
pared to DD. Ask&Confirm significantly outperforms WS.

Conclusion on User Effort: Ask&Confirm takes signif-
icantly less time to complete the retrieval compared to DD
and takes similar time compared to WS.

Overall, Ask&Confirm achieves similar performance
with description-based interaction and similar retrieval time
with tag-based interaction. It examines that Ask&Confirm
not only achieves a friendly user experience, but also
achieves excellent retrieval performance. Furthermore, Fig-
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Figure 7: (a) User study. AC denotes Ask&Confirm. (b)
Object distribution during the user study.
ure 7 (b) shows the percentage of objects provided by
Ask&Confirm in the user study. It demonstrates what the
RL-based policy learns from the image gallery.

5. Conclusion
We firstly introduce the partial-query problem that easily

makes cross-modal retrieval models collapsed and propose
Ask&Confirm, an interactive retrieval framework, to tackle
this problem. Ask&Confirm heuristically guides users to
enrich details of images by actively searching for discrim-
inative objects of the target image for users to confirm. A
weakly-supervised RL-based policy is proposed to conduct
the active search, which leverages the characteristics of the
image gallery. Experimental results demonstrate the ef-
fectiveness and robustness of Ask&Confirm. The weakly-
supervised training procedure also makes it more practical
than other dialog-based retrieval models.
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