
Supplementary Material: Neural Data Server: A Large-Scale Search Engine for
Transfer Learning Data

Xi Yan1,2∗ David Acuna1,2,3∗ Sanja Fidler1,2,3
1University of Toronto 2Vector Institute 3NVIDIA

xi.yan@mail.utoronto.ca, {davidj, fidler}@cs.toronto.edu

1. Appendix
In the Appendix, we provide additional details and results for our Neural Data Server.

1.1. Web Interface

Our NDS is running as a web-service at http://aidemos.cs.toronto.edu/nds/. We are inviting interested
readers to try it and give us feedback. A snapshot of the website is provided in Figure 1.

aidemos.cs.toronto.edu/nds/ Dataset Registry Adapt Experts Download Recommended Data

Figure 1: Our Neural Data Server web-service. Note that NDS does not host datasets, but rather links to datasets hosted by original providers.

1.2. Additional Results

We visually assess domain confusion in Figures 2, 3, 4. We randomly select 9 images per cluster and display the top 8
clusters corresponding to the experts with the highest proxy task performance in miniModaNet, Cityscapes, and VOC-Pascal.
We can observe that the images from the top clusters do indeed reflect the types of objects one encounters for autonomous
driving, fashion, and general scenes corresponding to the respective target (client) datasets, showcasing the plausibility of our
NDS.

We further extend Table 2 and 3 in the main paper by showing detailed instance segmentation results for fine-tuning on
the Cityscapes dataset. We report the performance measured by the COCO-style mask AP (averaged over IoU thresholds)
for the 8 object categories. Table 4 reports the mask AP by sampling 23K, 47K, and 59K images from COCO to be used
for pre-training for Cityscapes, and Table 5 reports the mask AP by sampling 118K, 200K images from OpenImages for
pre-training.
Self-Supervised Pretraining: We evaluate NDS in a scenario where a client uses self-supervised learning to pretrain on
the selected server data. We follow the same setup as described in Section 4.2, except that rather than pretraining using
classification labels, clients ignore the availability of the labels and pretrain using two self-supervised learning approaches:
MoCo [5] and RotNet [4]. In Table 1, we pretrain on the selected data subset using MoCo, an approach recently proposed
by He et al., where the model is trained on the pretext task of instance discrimination. In Table 2, we use [4] to pretrain our
model on the pretext task of predicting image rotation. We observe that in the case of MoCo, pretraining on NDS selected
subset does not always yield better performance than pretraining on a randomly sampled subset of the same size. In the case
of RotNet, pretraining on NDS selected subset has a slight gain over the baseline of uniform sampling. These results suggest
that the optimal dataset for pretraining using self-supervised learning may be dependent on the pretext task. More formal
studies on the relationship connecting training data, pretraining task, and transferring performance is required.
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Pretrain. Sel. Method Target Dataset
Stanf. Dogs Stanf. Cars Oxford-IIIT Pets Flowers 102 CUB200 Birds

0% Random Init. 23.66 18.60 32.35 48.02 25.06
100% Entire Dataset 41.64 46.83 56.34 67.17 35.28

20% Uniform Sample 41.01 44.16 56.01 64.42 34.41
NDS 39.72 43.56 54.62 65.90 34.57

Table 1: MoCo Pretraining: Top-1 classification accuracy on five client
datasets (columns) pretrained on the different subsets of data (rows) on the
pretext task of instance discrimination.

Pretrain. Sel. Method Target Dataset
Stanf. Dogs Stanf. Cars Oxford-IIIT Pets Flowers 102 CUB200 Birds

0% Random Init. 23.66 18.60 32.35 48.02 25.06
100% Entire Dataset 47.83 55.87 67.54 78.99 44.25

20% Uniform Sample 42.74 42.82 60.25 72.59 39.30
NDS 43.33 43.34 61.49 72.85 40.47

Table 2: RotNet Pretraining: Top-1 classification accuracy on five client
datasets (columns) pretrained on the different subsets of data (rows) on the
pretext task of predicting image rotations.

Dataset Images Class Task Evaluation Metric
Downsampled ImageNet [1] 1281167 1000 classification -

OpenImages [9] 1743042 601(bbox) / 300(mask) detection -
COCO [10] 118287 80 detection -

VOC2007 [3] 5011(trainval) / 4962(test) 20 detection mAP
miniModaNet [14] 1000(train) / 1000(val) 13 detection mAP

Cityscapes [2] 2975(train) / 500(val) 8 detection mAP
Stanford Dogs [7] 12000(train) / 8580(val) 120 classification Top-1
Stanford Cars [8] 8144(train) / 8041 (val) 196 classification Top-1

Oxford-IIIT Pets [12] 3680(train) / 3369(val) 37 classifiation Top-1
Flowers 102 [11] 2040(train) / 6149(val) 102 classification Top-1

CUB200 Birds [13] 5994(train) / 5794(val) 200 classification Top-1

Table 3: Summary of the number of images, categories, and evaluation metrics for datasets used in our experiments. We used 10 datasets (3
server datasets and 7 client datasets) to evaluate NDS.

Data (# Images) Method AP bb AP bb
50 AP AP50 car truck rider bicycle person bus mcycle train

0 ImageNet Initialization 36.2 62.3 32.0 57.6 49.9 30.8 23.2 17.1 30.0 52.4 17.9 35.2

23K
Uniform Sampling 38.1 64.9 34.3 60.0 50.0 34.2 24.7 19.4 32.8 52.0 18.9 42.1

NDS 40.7 66.0 36.1 61.0 51.3 35.4 25.9 20.4 33.9 56.9 20.8 44.0

47K
Uniform Sampling 39.8 65.5 34.4 60.0 50.7 31.8 25.4 18.3 33.3 55.2 21.2 38.9

NDS 42.2 68.1 36.7 62.3 51.8 36.9 26.4 19.8 33.8 59.2 22.1 44.0

59K
Uniform Sampling 39.5 64.9 34.9 60.4 50.8 34.8 26.3 18.9 33.2 55.5 20.8 38.7

NDS 41.7 66.6 36.7 61.9 51.7 37.2 26.9 19.6 34.2 56.7 22.5 44.5
118K Full COCO 41.8 66.5 36.5 62.3 51.5 37.2 26.6 20.0 34.0 56.0 22.3 44.2

Table 4: Transfer to instance segmentation with Mask R-CNN [6] on Cityscapes by selecting images from COCO.

Data (# Images) Method AP bb AP bb
50 AP AP50 car truck rider bicycle person bus mcycle train

0 ImageNet Initialization 36.2 62.3 32.0 57.6 49.9 30.8 23.2 17.1 30.0 52.4 17.9 35.2

118K
Uniform Sampling 37.5 62.5 32.8 57.2 49.6 33.2 23.3 18.0 30.8 52.9 17.4 37.1

NDS 39.9 65.1 35.1 59.8 51.6 36.7 24.2 18.3 32.4 56.4 18.0 42.8

200K
Uniform Sampling 37.8 63.1 32.9 57.8 49.7 31.7 23.8 17.8 31.0 51.8 18.4 38.8

NDS 40.7 65.8 36.1 61.2 51.4 38.2 24.2 17.9 32.3 57.8 19.7 47.3

Table 5: Transfer to instance segmentation with Mask R-CNN [6] on Cityscapes by selecting images from OpenImages.
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Figure 2: Top 8 clusters from COCO+OpenImages corresponding to the best performing expert adapted on miniModaNet.

Figure 3: Top 8 clusters from COCO+OpenImages corresponding to the best performing expert adapted on Cityscapes.
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Figure 4: Top 8 clusters from COCO+OpenImages corresponding to the best performing expert adapted on PASCAL VOC.
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