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.1 Model complexity

Number of parameters. As shown below, using multiple modalities does not
impact the number of parameters significantly. Interestingly, majority of the
parameters correspond to the BERT caption encoding module. We also note
that the difference in the video encoder comes from the projections. The number
of parameters of a transformer encoder is independent of the number of input
embeddings, as are the parameters of a CNN from the image size.

Our cross-modal architecture using 7 modalities has: 133.3M parameters,
including caption encoder: 112.9M, video encoder: 20.4M (Projections: 3.3M,
MMT: 17.1M). Our cross-modal architecture using 2 modalities has: 127.3M pa-
rameters, including caption encoder: 109.6M (decrease compared to 7 modalities
due to using less gated embedding modules), video encoder: 17.7M (Projections:
0.6M, MMT: 17.1M).

Training and inference times. Training our full cross-modal architecture from
scratch on MSRVTT takes about 4 hours on a single V100 16GB GPU.

If we replace our multi-modal transformer by collaborative gating [3], we
reduce the number of parameters from 133.3M to 123.9M. However, the gain
in inference time is minimal, from 1.1s to 0.8s, and is negligible compared to
feature extraction, as detailed below.

Inference time for 1k videos and 1k text queries from MSRVTT on a single
V100 GPU is as follows: approximately 3000s to extract features of 7 experts
on 1k videos (480s just for S3D motion features), 1.1s to process videos with
MMT, 0.9s to process 1k captions with BERT+gated embedding modules, 0.05s
to compute similarities and rank the video candidates for the 1k queries.

.2 Results on additional metrics

Here, we report our results for the additional metrics R@1, R@10, R@50. Table[T]
complements the results reported for the MSRVTT (8] dataset in Table ?? of
the main paper. Similarly, Table 2] and Table [3|report the additional evaluations
for Table ?? and Table ?? of the main paper on ActivityNet [2] and LSMDC [6]
datasets respectively. We observe that the results on these additional metrics are
in line with the conclusions of the main paper.
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Table 1: Retrieval performance on the MSRVTT dataset. 1k-A and 1k-B denote
test sets of 1000 randomly sampled caption-video pairs used in [9] and [4] resp.

Text — Video

Video — Text

Method Split|R@11t R@517 R@101T MdR| MnR]| |[|R@Q11T R@517 R@10t MdR| MnRJ]
Random baseline [1k-A| 0.1 0.5 1.0 500.0 500.0 0.1 0.5 1.0 500.0 500.0
JSFusion [9] 1k-A| 10.2 31.2 43.2 13 - - - - - -

HT |5] 1k-A| 12.1 35.0 48.0 12 - - - - - -

CE |[3] 1k-A| 20.941 .2 48.840.6 62.440.8 6.040.0 28.240.8| 20.610.6 50.3409.5 64.040.2 5.340.6 25.110.8
Ours 1k-A|24.610.4 54.040.2 67.110.5 4.040.0 26.740.0| 24.410. 5 56.040.9 67.810.3 4.040.0 23.641 0
HT-pretrained [5][1k-A| 14.9 40.2 52.8 9 - - - - -
Ours-pretrained |1k-A|26.641 0 57.141.0 69.640.2 4.049.0 24 040.8(27.040.6 57.540.6 69.740.8 3.740.5 21.340 6
Random baseline [1k-B| 0.1 0.5 1.0 500.0 500.0 0.1 0.5 1.0 500.0 500.0
MEE |[4] 1k-B| 13.6 37.9 51.0 10.0 - - - - - -
JPose ‘7] 1k-B| 14.3 38.1 53.0 9 - 16.4 41.3 54.4 8.7 -
MEE-COCO |4] |[1k-B| 14.2 39.2 53.8 9.0 - - - - - -

CE [3] 1k-B| 18.210.7 46.010.4 60.740.2 7.040.0 35.311.1 | 18.0s0.5 46.010.5 60.310.5 6.540.5 30.641 2
Ours 1k-B| 20.310.5 49.110.4 63.950.5 6.040.0 29.541 6| 21.110.4 49.410. 4 63.210.4 6.050.0 24.541 5
Table 2: Retrieval performance on the ActivityNet dataset.

Text — Video Video — Text
Method R@11t R@51 R@501t MdR] MnR] |R@Q11T R@51 RQ@501" MdR] MnR]
Random baseline| 0.02 0.1 1.02 2458.5 2458.5 0.02 0.1 1.02 2458.5 2458.5
FSE |11] 18.249.2 44.840.4 89.1490.3 7 16.710.8 43.141.1 884403 7
CE |3] 18.2409.3 47.740.6 91.440.4 GO:H)O 23 lto.5 | 17. 7306 46.640.7 90.9%9.2 6010(] 24 495
HSE [11] 205 49.3 B 187 48.1 B
Ours 22.740.2 54.241.0 93.240.4 5. 010 0 20 840.4]22.940.5 54.810.4 93.140.2 4. 310 21-210.5

Ours-pretrained

28.710.2 61.449.2 94.540.0 3.340.5 16.040.4

28.940.2 61.149.2 94.340.4 4.040.0 17.140.5

Table 3: Retrieval performance on the LSMDC dataset.

Text — Video

Video — Text

Method R@l11t R@517 R@10T MdR{ MnR| [R@Q11t R@51 R@10t MdRJ) MnRJ]
Random baseline 0.1 0.5 1.0 500.0 500.0 0.1 0.5 1.0 500.0 500.0
CT-SAN |[10] 5.1 16.3 25.2 46 - - = - - -
JSFusion |9] 9.1 21.2 34.1 36 - - = - - -
CCA [1] (rep. by )| 7.5 217 31.0 33 - - B} B . )
MEE [4] 93 251 334 27 - - B ) , ,
MEE-COCO [4] 101 25.6 346 27 . - - ) _ _

CE [3] 11.210.4 26.901.1 34.812.0 253131 - - ] ) . _
Ours 13.240.4 29.240.5 38.840.0 21.041 4 76.341.0|12.140.1 29.341.1 37.941.1 22.500.4 T7.Lia.g
Ours-pretrained 12.949.1 29.940.7 40.119.5 19.349.2 75.041.2[12.849.2 28.649.3 38.940.8 20.049.0 76.049.8
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