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Appendix

Figure 1 gives a full-sized illustration of our proposed
model for phrase localization without paired examples.

Table 1 shows the complete phrase localization accura-
cies on the Flickr30kEntities dataset, for different detector
combinations, semantic similarities and localization strate-
gies. The upper-bounds for each are also provided (the
best possible achievable accuracy before performing the
phrase localization step). The upper-bound variant +union
includes the minimal bounding box encompassing all
candidates as a candidate bounding box, while -union
does not. Note that the places365 detector is equivalent to
a baseline that always localizes a phrase to the whole image.

Table 2 shows the complete accuracies on the Refer-
ItGame test dataset, again for different combinations of
detectors, concept selection measure and localization
strategies.

Figures 2 and 3 show some example output from our
model on Flickr30kEntities and ReferltGame respectively,
where we compare the effects of combining a tfoid detector
with a tfcoco detector.

Figures 4 and 5 show some example output from our
model on Flickr30kEntities and ReferltGame respectively,
where we compare the effects of combining a colour
detector with a tfcoco+tfoid+places365 detector.

Figures 6 and 7 show some example output from our
model on Flickr30kEntities and ReferltGame respectively,
where we compare the effects of using our proposed con-
sensus localization strategy against a union strategy.



Upperbound

Localization strategy

Detector Similarity . . .
-union +union random largest conﬁdence union consensus
no filter 51.67 5883 | 1462  32.89 30.23 30.93 .
feoc020 w2v-max | 4528  51.54 | 2221 3598 32.62 36.33 -
w2v-last 4492 5116 | 2152 3572 32.40 36.13 .
W2v-avg 4549 5181 | 2226  36.13 32.79 36.49 .
no filter 5822 6531 | 1137  32.53 30.08 29.81 -
w2v-max | 4532 5122 | 24.10 37.03 34.20 37.57 .
tfeoco w2v-last 4530 5121 | 2451  37.03 34.18 37.70 -
w2v-avg 4517 5129 | 2406  37.03 34.11 37.81 -
no filter 5426 6326 | 1728 2895 21.86 30.90 .
foid w2v-max | 43.83 5004 | 3827  40.59 39.77 44.69 -
w2v-last 4369 4998 | 3830 4047 39.69 44.54 .
W2v-avg 4324 4956 | 37.86  40.04 39.22 44.31 .
no filter 2494 3625 6.97 1820 11.82 2237 -
40109000 w2v-max | 15.14 2085 | 11.82  13.74 12.51 17.79 .
w2v-last 15.10 2069 | 1153  13.76 12.57 17.72 -
w2v-avg 1514 2099 | 11.50 13.76 12.53 17.89 -
no filter 2199 2199 | 2199  21.99 21.99 21.99 .
laces365 w2v-max | 21.99 2199 | 21.99  21.99 21.99 21.99 -
w2v-last 2199 2199 | 2199  21.99 21.99 21.99 .
W2v-avg 2199 2199 | 2199  21.99 21.99 21.99 .
no filter 3171 43.64 1.06 1391 432 2226 -
w2v-max | 10.19  23.11 3.67 8.51 5.13 18.51 .
color w2v-last 653  18.67 2.23 5.50 2.88 15.87 .
w2v-avg 1026 2323 3.85 8.62 5.19 18.65 -
no filter 6724  73.00 | 1339  30.32 30.32 27.47 .
feocortioid w2v-max | 48.84 5585 | 38.62  44.00 41.95 4820 4791
w2v-last 4870 5580 | 38.63  43.92 41.83 48.14 .
W2v-avg 4831 5537 | 3821  43.53 41.44 4786  47.63
no filter 67.98 7320 | 1177 2842 30.32 23.09 -
tfcoco+tfoid+ w2v-max | 46.68 5334 | 3738 4241 40.70 4636  46.03
0109000 w2v-last 4676 5344 | 3743 4255 40.81 46.36 -
w2v-avg 4522 5199 | 3658 4121 39.74 4537 4522
no filter 7263 7337 | 1385 2297 30.34 22.73 .
tfcoco+tfoid+ w2v-max | 51.56 57.81 | 41.70  46.96 45.00 5049  50.29
places365 w2v-last 5145 5781 | 4178  46.87 44.90 50.46 .
w2v-avg 5121 5751 | 4170  46.63 44.71 5027  50.11
no filter 7331 7399 | 1201 2279 30.34 19.12 .
tfcoco+tfoid+ w2v-max | 49.52 5559 | 4071 4535 4374 4873 4851
places365+y0l09000  w2v-last 4957 5571 | 40.73  45.40 43.77 48.79 -
w2v-avg 48.17 5436 | 39.81 4420 42.86 4784 4779
no filter 78.64  78.98 545 2251 30.34 21.96 .
tfcoco+tfoid+ w2v-max | 5024  57.88 | 38.19 4575 43.09 48.69 4891
places365+color w2v-last 5093  57.81 | 41.04 4641 44.13 50.36 .
w2v-avg 5047  58.10 | 3933  45.78 42.93 49.61 4951
_ no filter 79.10  79.44 560 2253 30.34 18.63 .
tfooco+tfoid-+ w2v-max | 4859  56.05 | 37.09 4444 42.10 47.21 47.45
places365+yolo9000+  (h0 ot | 49.17 5581 | 39.97 4500  43.08  48.74 )
color w2v-avg | 48.01 5553 | 37.86  43.81 4152 4763 4761

Table 1. Non-paired phrase localization accuracies for Flickr30kEntities.



Detector

Similarity

Upperbound

Localization strategy

-union  +union | random largest confidence union consensus
no filter 2721 3033 8.22 13.20 11.93 12.91 .
w2v-max | 2435 2682 | 11.01  14.97 14.31 13.97 -
tfeoco20 wov-last | 19.48 2182 | 983 1326 1239 1326 ;
w2v-avg 2420 2664 | 1077  14.92 14.24 13.92 .
no filter 31.84  35.18 7.15 13.35 11.79 13.00 -
w2v-max | 25.00 27.16 | 1149  15.40 14.73 13.85 .
tfcoco w2v-last 1713 19.08 9.55 12.57 11.73 12.51 -
w2v-avg 2443 2654 | 1125 1524 14.55 13.73 -
no filter 3275 3685 | 1055  14.82 12.93 14.61 .
_ w2v-max | 2546  28.03 | 1848  19.82 19.87 18.88 -
tfoid wov-last | 19.98 2236 | 1523 1649 1624 1652 ;
w2v-avg 25.13 2773 | 1835  19.68 19.71 18.89 .
no filter 975 1322 6.71 8.37 7.09 10.34 -
5109000 W2v-max 7.93 9.56 7.32 7.64 7.45 8.95 .
y w2v-last 7.76 9.30 7.24 7.50 7.34 8.78 -
w2v-avg 7.93 9.57 7.32 7.63 7.44 8.95 -
no filter 14.64 1464 | 1464 1464 14.64 14.64 .
laces365 w2v-max | 14.64 1464 | 14.64  14.64 14.64 14.64 -
w2v-last 1464 1464 | 1464  14.64 14.64 14.64 .
w2v-avg 14.64 1464 | 1464 1464 14.64 14.64 .
no filter 4043 45.83 204  14.74 7.92 14.52 -
w2v-max | 13.92  20.52 582  11.08 8.49 13.99 .
color w2v-last 1069  16.85 4.70 8.78 6.79 12.41 .
w2v-avg 13.82  20.58 5.93 11.05 8.61 14.10 -
no filter 4273 4633 776 15.00 12.36 14.39 .
_ w2v-max | 3035  33.10 | 18.06 2121 20.69 19.45 20.10
tfcoco+tfoid wav-last | 2095 2339 | 1377 1653 1549 1644 ;
w2v-avg 2999 3270 | 17.78 2121 20.55 19.38 19.68
no filter 43.00  46.63 7.13 14.01 12.24 13.15 -
tfcoco+tfoid+ w2v-max | 2844  31.13 | 17.04  19.88 19.54 18.40 19.30
0109000 w2v-last 18.87 2129 | 12.80 1521 14.35 15.48 -
w2v-avg 2699 2970 | 1656  19.46 19.15 18.14 18.53
no filter 4880  49.14 876  14.65 12.53 14.58 .
tfcoco+tfoid+ w2v-max | 33.00 3545 | 2085  23.93 23.57 2197 2264
places365 w2v-last 22084 2498 | 1640 1881 17.85 18.67 .
w2v-avg 3261 3504 | 2093  23.95 23.43 2195 2225
no filter 49.08  49.42 8.03 14.53 12.50 13.52 .
tfcoco+tfoid+ w2v-max | 31.07 3355 | 1977  22.55 22.34 2094  21.83
places365+y0l09000  w2v-last 2098  23.16 | 1541  17.57 16.77 17.76 -
w2v-avg 2953 3203 | 1950  22.08 21.87 20.64 2101
no filter 69.78  70.00 421 14.81 12.58 14.49 .
tfcoco+tfoid+ w2v-max | 35.57 3950 | 2122 2648 25.36 2452 2552
places365+color w2v-last 2382 2724 | 1595  20.05 18.36 20.49 .
w2v-avg 3491 3897 | 2096 2645 24.92 24.66  25.11
_ no filter 69.93  70.13 402 1478 12.58 13.43 .
tfooco+tfoid-+ w2v-max | 34.19  38.07 | 2045  25.44 24.51 23.69 24.86
places365+yolo9000+ (1ot | 2276 2613 | 1557  19.23 1776 19.82 ;
color w2v-avg 3251 3652 | 2001 2498 23.78 2357 2408

Table 2. Non-paired phrase localization accuracies for ReferltGame.
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Figure 1. The three stages of the proposed model for unsupervised phrase localization. The instance detection phase detects instances of
various concepts using pre-trained detectors. The concept selection stage ranks these detected concepts against the query phrase (using
pre-trained word embeddings) and forwards the best candidate concept instance(s) to the localization phase, where the model predicts the
final bounding box for the query phrase.
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Figure 2. Example localization output for Flickr30kEntities. We compare the effects of adding a tfoid detector (red bounding box) to tfcoco
(blue) (w2v-max, union). The ground truth is indicated in green. The first row shows examples of where adding a tfoid detector improves
localization, while the last row provides examples where it hurts localization.



hotel door front right tire

Figure 3. Example localization output for Refer[tGame. We compare the effects of adding a tfoid detector (red bounding box) to tfcoco
(blue) (w2v-max, union). The ground truth is indicated in green. The first row shows examples of where adding a tfoid detector improves
localization, while the last row provides examples where it hurts localization.
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Figure 4. Example localization output for Flickr30kEntities. We compare the effects of adding a colour detector (red bounding box) to
tfcoco+tfoid+places365 (blue) (w2v-avg, union). The ground truth is indicated in green. The first row shows examples of where adding a
colour detector improves localization, while the last row provides examples where it hurts localization.
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Figure 5. Example localization output for ReferltGame. We compare the effects of adding a colour detector (red bounding box) to
tfcoco+tfoid+places365 (blue) (w2v-avg, union). The ground truth is indicated in green. The first row shows examples of where adding a
colour detector improves localization, while the last row provides examples where it hurts localization.
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Figure 6. Example localization output for Flickr30kEntities. We compare the effects of using a consensus (red bounding box) against a
union (blue) localization strategy (with tfcoco+tfoid+places365+color, w2v-avg). The ground truth is indicated in green. The first row
shows examples of where using consensus improves localization, while the last row provides examples where it hurts localization.



red book yellow chair black truck on rode next to motorcycle yellow / orange thing right of boy

Figure 7. Example localization output for ReferltGame. We compare the effects of using a consensus (red bounding box) against a union
(blue) localization strategy (with tfcoco+tfoid+places365+color, w2v-avg). The ground truth is indicated in green. The first row shows
examples of where using consensus improves localization, while the last row provides examples where it hurts localization.



