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1. Dataset Statistics

Here we first summarize the detailed train/test image and
text numbers of our pre-training and downstream datasets
in Table 9. Then we provide a detailed comparisons of pre-
training dataset usage of recent VLPT works in Table 10.

We follow UNITER [1] to classify pre-training datasets
into two classes of “in-domain” and “out-of-domain”.
MSCOCO Captions (MSCOCO)[7] and Visual Genome
Dense Captions (VG) [4] are typical in-domain datasets
for many VL downstream tasks (e.g., image-text retrieval).
In contrast, Conceptual Captions [10] and SBU Cap-
tions [9] are out-of-domain datasets which are noisier than
in-domain datasets. We show the dataset usage of recent
VLPT works in Table 10. For example, VisualBERT [6],
LXMERT [12] and UNITER [!] pre-train with in-domain
datasets. Among them, UNITER [1] additionally use out-
of-domain data for model training. The ablation study of
UNITER [!] shows that the additional usage of out-of-
domain further improves performance.

In our work, we focus on in-domain datasets as they
are commonly used in many VL tasks (e.g., image-text re-
trieval) and adopted by many VLPT works (e.g., Visual-
BERT [6], LXMERT [12] and UNITER [1]). When com-
paring with UNITER, we fairly compare with its in-domain
pre-training results if they are provided. Otherwise, our “in-
domain” dataset setting is inferior to the “in-domain+out-
of-domain” pre-training setting of UNITER, and our results
are not directly comparable.

We plan to include out-of-domain data in our pre-
training data as a future work.
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Table 9: Statistics of different datasets. Notation “*” de-
notes Karpathy split [3].

Dataset Split #Image (K) | #Text (K)
VG train 105.9 472.7
train 82.8 414.1
restval* 30.5 152.6
coco val val* 5.0 25.0
test* 5.0 25.0
train 82.8 443.8
val 40.5 2144
VQA2.0 test-dev
test-std 81.4 447.8
test-challenge
train 103.2 86.4
NLVR? dev 8.2 7.0
test-P 8.1 7.0
train® 29.0 145.0
Flickr30K val* 1.0 5.0
test* 1.0 5.0
train 29.8 529.5
SNLI-VE val 1.0 17.9
test 1.0 17.9

2. Implementation Details

We adopt two strategies to speed up the training pro-
cedure. First, we adopt mixed-precision training to reduce
memory cost and speed up training procedure. Second, we
re-organize the input data in one mini-batch Within a mini-
batch, we only forward an image once to the visual back-
bone if it has multiple corresponding texts, while concate-
nating it with each text into cross-modal transformers. For
example, an image will be paired with four texts in each
batch during pre-training, including two positive pairs and
two negative pairs. We only apply MLM and MVM on the
positive image-text pairs.



Table 10: Statistics on the datasets used in recent vision-and-language pre-training works.

In-domain Out-of-domain
Dataset Visual Genome [4] MSCOCO [7]  Conceptual Captions [10] SBU [9]
Caption/Image Num 5,060K/101K 533K/106K 3,000K/3,000K 990K/990K
Unified VLP [13] v
VIiLBERT [8] v
VLBERT [11] v
Unicoder-VL [5] v v
VisualBERT [6] v
LXMERT [12] v v
UNITER [1] v v v v
Ours v v

3. Visualization of Visual Dictionary

To show the semantic of visual dictionary (VD) items,
we visualize the image patches that are grouped in each in-
dices. We have shown two examples in the paper, and in
the supplementary material, we randomly select ten more
indices from the VD. From the visualization shown in Fig-
ure 4, we can find that each item in VD has meaningful and
consistent semantics. In other words, our model is able to
learn unified representations to represent different seman-
tics of the image even though we do not have object bound-
ing box annotations for supervision.

4. Discussion

For image-text retrieval task, the traditional ap-
proaches [2] first project an image and a text to a com-
mon representation space and then correlate their represen-
tations by late fusion. For example, the widely-used late
fusion method is calculating cosine similarity based on a
dot-product operation, which is simple and fast. In con-
trast, Transformer-based approaches early fuse the image
and text by a multi-layer Transformer to get an united rep-
resentation. The unified representation captures the deep re-
lation between an image and a text with self-attention mech-
anism, thus is able to achieve a better result than the late fu-
sion representation. However, the early fusion Transformer-
based approaches cannot produce separate representation
for images and texts, thus suffers from slow speed due to
exhaustive computation of each possible image-text com-
bination. Our model as well as other vision-language pre-
training models are based on Transformers, and the infer-
ence speed has become a bottleneck for applying these mod-
els to real-world search engines. For future works, we are
curious about how we could speedup the Transformer-based
approaches in image-text retrieval task.
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Figure 4: Visualization of visual dictionary (VD) we have learned by SOHO. Apart from the two indices we have shown in
the paper, we randomly select another ten indices in the visual dictionary to present in this supplementary material. From
the above results we can find that, our visual dictionary is learned to group meaningful and consistent semantics of image
patches into different indices. Thus, each index can reflect an abstraction of visual semantics. [Best viewed in color.]
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