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This is a supplementary material for the main paper. Section 1 shows our implementa-
tion details. Section 2 presents additional ablation studies on the multi-scale self-attention.
Section 3 demonstrates qualitative examples of attended image instances, sentence retrieval
for give image queries, and image retrieval for given sentence queries.

1. Implementation Details

For both datasets, input images are resized to 224 x 224 with a random crop, and we use
the 152-layer ResNet He et al. (2016) pre-trained on ImageNet Jia et al. (2009) to extract
visual features. Different scales of feature maps (28 x 28,14 x 14,7 x 7) are captured by
the last residual blocks in different stages (conv3_z, convj_x, convs_x) of ResNet. For the
adaptive self-attention (ASA), we follow Wang et al. (2018) to initialize the weight layers.
Note that BatchNorm Ioffe and Szegedy (2015) is crucial to the convergence of ASA. We
set the dimensionality of instance candidates and instance-level features as C' = 2048 and
D = 1024 respectively. For sentences, the dimensionality of word embeddings is set as
d = 300, and the pre-trained GloVe Jeffrey et al. (2014) is taken to initialize the word
embedding matrix W,. We set the number of hidden units in the bi-directional GRU and
the dimensionality of joint embedding space to 1024.

We follow [Lee et al. (2018); Faghri et al. (2018)] to set the margin m of triplet loss
to 0.2 and threshold of maximum gradient norm to 2.0 for gradient clipping. The Adam
optimizer Kingma and Ba (2015) is leveraged to train all models with a mini-batch size of
128. Besides, two training stages are applied to each model, where we freeze ResNet in the
first 20 epochs with an initial learning rate of 5e=4, and the whole network is fine-tuned in
the next 15 epochs with an initial learning rate of 2e=>. We follow Lee et al. (2018) to set
the hyper-parameters.
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RQ@QK (K =1,5,10) is commonly used to evaluate the retrieval performance, which is
defined as the percentage of queries where at least one ground-truth is retrieved among the
top K results. Med r is another metric, which denotes the median rank of the top-ranked
ground-truth. We also compute Sum to evaluate the overall performance of cross-modal
retrieval, where

Sum = RQ1 4+ RQ5 4+ RQ10+ RQ1 + RQ5 4+ RQ10.

Sentence Retrieval Image Retrieval

2. Ablation Studies

For all experiments, we report results under four different settings of similarity measure-
ment Lee et al. (2018), i.e. -t AVG, i-t LSE, t-{ AVG and ¢-i LSE. i-t denotes Image-Text. t-i
denotes Text-Image. AVG and LSE refer to average and LogSumExp pooling respectively.

We perform extended ablation studies in terms of the following two aspects:

1) Effect of different numbers of instance candidates. As is introduced in the
main paper, different scales of feature maps correspond to different numbers of instance
candidates. Since we aggregate instance-level visual semantics for each instance candidate,
the number of these candidates directly decides the number of image instances captured
by our model (duplicates exist). To evaluate its effect on cross-modal retrieval, we apply
self-attention (ASA) to 2 scales of feature maps (14 x 14, 7 x 7), which obtain 289 and 49
instance candidates respectively.

Table 1 presents results on Flickr30K. Compared to 7 x 7 feature maps, serious drops
are observed in retrieval performance by all measures for 14 x 14 feature maps, which yield
excessive instance candidates for the retrieval task.

2) Effect of different down-sampling approaches. To verify the effect of different
down-sampling approaches, we compare max and average pooling in the fusion of 2 scales
of instance-level features (14 x 14, 7 x 7) by down-sampling feature maps of scale 14 x 14
to 7 x 7 and then concatenating them together for cross-modal retrieval.

Table 2 shows retrieval results on Flickr30K. We observe that max pooling is better
than average pooling in most measures under three different settings (i-¢t LSE, i-t AVG and
t-i LSE). However, the overall performance of average pooling is similar to that of max
pooling.

3. Qualitative Results

3.1. Retrieval Examples

Figure 1 and Figure 2 show the qualitative results of sentence retrieval given image queries
on Flickr30K and MS-COCO respectively. Figure 3 and Figure 4 illustrate the qualitative
results of image retrieval given sentence queries on Flickr30K and MS-COCO respectively.
Each sentence corresponds to one ground-truth image. For each image or sentence query,
we showcase the top-5 retrieved results.
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Scale Sentence Retrieval Image Retrieval
R@l R@5 R@10 R@1 R@5 RQ10

i-t LSE:

14 x 14 19.6 48.1 62.1 16 41.1  53.6

TxT 59.1 86.5 91.3 45.1 74.9 83

i-t AVG:

14 x 14 19.7 446 56.8 152 39.8 524

Tx7 61.7 85.7 90.6 45.6 74.5 83.1

t-i LSE:

14 x 14 4.4 154 245 3.1 11.8 194
TxT7 60.9 844 90 44.1 73.9 82.2

t-1 AVG:
14 x 14 13.2 36.1 49.1 7.6 24.1 34.4
7T 61.1 86.2 91.3 46.7 75.2 83.3

Table 1: Comparison of self-attention applied to two scales of feature maps on Flickr30K.
Results are reported in terms of Recall@ K (RQK).

Method Sentence Retrieval Image Retrieval
R@1 R@5 R@10 R@l R@5 RQ10

i-t LSE:

max 63.6 87.7 93.4 462 76.4 84.8

avg 63.3 86.6 93.2 46.6 76.1 84.2

i-t AVG:

max 61.3 88.6 93.8 46.8 75.9 84.3

avg 59.9 86.1 921 46.1 75.2 84

t-i LSE:

max 61.1 86.2 91.8 44.3 735 82.2

avg 61.4 85 91.4 435 74.6 83

t-i AVG:

max 62.6 86.5 922 46.3 748 839

avg 64 864 92.6 46.9 75.9 84.2

Table 2: Comparison of max and average pooling for down-sampling instance-level features
on Flickr30K. Results are reported in terms of RecallQK (RQK).
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1: A skinny woman spikes a volleyball over the net. J

2: A female volleyball player wearing a bikini jumps and spikes the ball. q/
Query 1: 3: A woman is playing volleyball. q/
4: A woman plays volleyball. J

5: A woman playing volleyball at the beach. J

1: Two adults and two children sitting on rocks for a picture J
2: A family sitting on rocks posing for the camera. J

Query 2: 3: The four people sit on a pile of rocks. J

4: Two adults and two children pose on a pile of rocks. J

5: The couple have children sitting in their laps on the rocky hillside. J

1: A big black poodle running on the grass with a toy in its mouth. J
2: A curly brown dog runs across the lawn carrying a toy in its mouth. J
Query 3: 3: A black dog runs on green grass with a toy in his mouth. I

4: The black dog is running on the grass with a toy in its mouth. J

5: A black dog runs along the green grass carrying a toy in its mouth. 3

1: A man holding a dog sitting on a bench overlooking a lake. :f
2: A man and a dog sit on a bench near a body of water. q/
Query 4: 3: A man and his dog watch the sunset from a bench. J

4: A man sits on a bench holding his dog and looking at the water. J

5: Two people silhouetted against a lake at sunset. X

Figure 1: Additional qualitative examples of text retrieval for given image queries on
Flickr30K. Incorrect results are highlighted in red and marked with red x. Reasonable
mismatches are in black but still marked with red x. For query 4, words such as “people”,
“lake” and “sunset” in the incorrect sentence increase the matching score with target im-
age. On the other hand, it is still challenging to handle counting issues for existing retrieval
models.
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1: A boy holds two small dogs each in a large sneaker. qf

2: A boy smiles while two little dogs are inside of two tennis shoes. qf
Query 1: 3: A smiling boy has dogs in tennis shoes. J

4: a young boy looking at two little dogs sitting in tennis shoes J

5: Two small chihuahua dogs sitting in side a boys shoes. J

1: The table is full of wooden spoons and utensils. qf
2: A wood table holding an assortment of wood cooking utensils. J
Query 2: 3: Wooden spoons are lined up on a table J

4: Multiple wooden spoons are shown on a table top. X

5: Wooden spoons and forks are all over a table. q/

1: a cow stands in the grassy area of a yard J
2: A cow that is standing in the grass. X
Query 3: 3: a cow is standing in a grassy field ¢

4: A black and white cow standing in a field. X

5: a cow in a field near trees and bushes J

1: Two bowls of creamy soup and broccoli on a wood table. q/
2: There are two bowls of Broccoli soup on the table. q/
3: Two bowls filled with broccoli soup on top of a table. q/

4: There are two bowls of broccoli and cheese soup on the table. qf

5: A bowl with broccoli and carrot soup on a table. X

Figure 2: Additional qualitative examples of text retrieval for given image queries on MS-
COCO 5K test set. Incorrect results are highlighted in red and marked with red x. Rea-
sonable mismatches are in black but still marked with red x. For query 4, words such as
“bowl”, “broccoli” and “table” in the incorrect sentence increase the matching score with
target image.
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Query1: 2 blond girls are sitting on a ledge in a crowded plaza.

Figure 3: Additional qualitative results of image retrieval for given sentence queries on
Flickr30K. Each sentence description corresponds to one ground-truth image. For each
sentence query, we show the top-5 ranked images, ranking from left to right. We outline the
true matches in green and false matches in red. For query 4, our model ranks one reasonable
mismatch before the ground-truth.
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Query1: A bathroom featuring a walk in shower, mirror, sink and toilet.

Figure 4: Additional qualitative results of image retrieval for given sentence queries on
MS-COCO 5K test set. Each sentence description corresponds to one ground-truth image.
For each sentence query, we show the top-5 ranked images, ranking from left to right. We
outline the true matches in green and false matches in red. For query 4, our model ranks
one reasonable mismatch before the ground-truth.
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