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Figure 1: Performance on validation set as a function of
mini-batch iterations on the CUHKO3 labeled data set. In
each row of the legend, the first number is the rank-1 accu-
racy, and the second is the number of mini-batch iterations.

1. Mini-batch Iterations and Validation Perfor-
mance

Figure | shows the performance on the validation set as
a function of mini-batch iterations on the CUHKO3 labeled
data set. Each mini-batch contains 100 training samples.

We also experimented with different rates of dropout af-
ter the fully connected layer. Rank-1 accuracy on the vali-
dation set for different values of dropout rate are as follows:
46.1% (no dropout), 46.9% (10% dropout), 47.1% (20%
dropout), 47.6% (30% dropout), 51.3% (40% dropout) and
50.5% (50% dropout).

2. Disparity-wise Convolution

In Section 5 of the paper we discussed a few variations of
our architecture. In this section we give more details about
the disparity-wise convolution architecture. Initial layers
of this architecture are the same as our proposed architec-
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Figure 2: Disparity-wise Convolution: The initial layers are
the same as our proposed architecture. Only layers that
differ are shown. First, cross-input neighborhood differ-
ences are rearranged into disparity-wise groups. Each group
shows feature differences at offset d. For instance, group
1 contains the values from position (1,1) of every 5 x 5
block in the grid of cross-input neighborhood differences,
and group 25 contains the values from position (5, 5) of ev-
ery block in the grid. Convolution is then applied on each
group separately. This is then passed through a fully con-
nected layer and then softmax. Instead of explicitly summa-
rizing neighborhood differences, this architecture directly
learns across-patch relationships.

ture. As in our proposed network, this architecture performs
2 tied convolutional layers each followed by max-pooling.
Cross-input neighborhood differences are then computed
from the features from the two views. After this step the
architecture differs from the proposed architecture. Fig-
ure 2 shows the layers which differ from our proposed net-
work. The 50 neighborhood difference maps are rearranged
to give 25 groups of 50 feature maps. A convolution is then



applied to each of these groups followed by max-pooling.
This is then passed through a fully connected layer and then
softmax.

3. Qualitative Results

Figures 3, 4, and 5 show our system’s ranking results
on 15 randomly selected identities from the CUHKO3 la-
beled, CUHKO1 (100 identities), and VIPeR data sets, re-
spectively. The top 25 results are sorted from left to right.



Figure 3: Example results on the CUHKO3 labeled data set. In each row, the left image is the probe image, and the rest are
the top 25 results sorted from left (1) to right (25). The green box indicates the correct match in each row.



Figure 4: Example results on the CUHKOI data set (100 identities). In each row, the left image is the probe image, and the
rest are the top 25 results sorted from left (1) to right (25). The green box indicates the correct match in each row.



Figure 5: Example results on the VIPeR data set. In each row, the left image is the probe image, and the rest are the top 25
results sorted from left (1) to right (25). The green box indicates the correct match in each row.



