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A. Experiment Details for Fair Comparison

As stated in Sec.4.2 in the main paper, for fair compar-
ison to other methods (MTAN [9], Cross-Stitch [10] and
MultiNet++ [2]), we unify the backbone for all method as
Deeplab-ResNet101 [1, 5]. Note that after using Deeplab-
ResNet101, the performance for MTAN, Cross-Stitch and
MultiNet++ gets improved compared to their originally re-
ported numbers as shown in Table A. Deeplab-ResNet101
is initialized with pre-trained weights on ImageNet but de-
coders use randomly initialized weights. Then, the model is
finetuned for multi-task learning.

For implementation details, since all multi-task learn-
ing models except Cross-Stitch use shared encoder, we
pre-train a shared multi-task encoder based on Deeplab-
ResNet101 for each method (named as*“D101-MultiTask™).
For the Cross-Stitch model we pre-train a task specific en-
coder (named as “D101-SingleTask”). Using networks pre-
trained on multi-task learning shows better performances
than just directly finetuning pre-trained weights on Im-
ageNet [4]. We first train D101-SingleTask and D101-
MultiTask with Adam optimizer with learning [8] rate le=?
with a decay rate 1e~!. For our SlowFast based network, we
use the D101-MultiTask for our slow network. We also train
a D18-MultiTask for the F'ast network with the same opti-
mizer and training setting. For fair comparison with Multi-
Net++, we use the same pre-trained slow-fast network for
MultiNet++, but concatenate neighboring frames as input
to learn from videos as proposed in their paper.

Note that we also report in the main paper the perfor-
mance comparison with our pre-trained “D101-SingleTask”
and “D101-MultiTask”.

A.1. Weighting Strategies.

In the main paper, we use the equal weighting for each
task. In Table B, we show performance with different
weighting strategies for the multiple tasks: Uncertainty
Weighting [7] and Dynamic Weight Average [9]. These
weighting strategies are proposed to find a balance between

Segmentation Depth
Model mlOU 1] Acc. T | Abs. || Rel. |
MTAN-SegNet [9] 53.0 91.1 1.44 | 33.6
MTAN-ResNet101 64.2 94.5 | 1.06 | 26.3
Cross-Stitch-SegNet [9] | 50.1 90.3 1.54 | 34.5
Cross-Stitch-ResNet101 | 64.5 945 | 1.04 | 33.0

Table A: Comparison of different backbones. Using the
ResNet101 backbone improves the accuracy by a large mar-
gin.

l Backbone Weighting \ mlIOU (1) \ Depth Err. () ‘
DI101-18 Equal 64.3 1.02
D101-18 Uncertainty [7] 64.3 1.01
D101-18 DWA [9] 64.2 1.02

Table B: Different weighting strategies for MILA. MILA is
not sensitive to the weighting strategies.

different tasks, since a model can be biased to a certain
task. A desired multi-task learning model should not de-
pend on these weighting schemes, so that the model it-
self can find a proper balance between tasks. We observe
that MILA achieves the similar performance on different
weighting strategies and thus is not sensitive to the weight-
ing schemes.

B. Ablation for Slow network-only

We apply our full feature propagation method (inter-
frame local attention (ILA) + multi-frame feature propaga-
tion + task specific) on Slow network-only model. This
means that the keyframe interval is 1. Table C shows the
results on Cityscapes. In all cases, using our feature propa-
gation method shows significant improvements on the depth
estimation task.



Segmentation Depth
Model mIOU T | Acc. T | Abs. | | Rel. |
DI0I-Multi 638 | 944 | 106 | 319
DI0I-Multi+Ours | 644 | 946 | 102 | 258
D50-Multi 631 | 942 | 109 | 330
D50-Multi + Ours | 633 | 945 | 1.02 | 251
DI8-Multi 603 | 934 | 121 | 348
DIS-Multi+Ours | 6L5 | 938 | 1.07 | 258

Table C: Evaluation of a Slow-only network with our
task-specific inter-frame local attention (ILA) module on
Cityscapes.

C. Additional Comparison for Feature Propa-
gation

In Table D, we provide more detailed comparisons be-
tween our attention based feature propagation and the opti-
cal flow based feature warping method by Jain et al. [6]. We
compare the task of video semantic segmentation as in [6].
Our method outperforms [6], and is more robust to different
keyframe interval. Note that we only apply our ILA module
for fair comparison with other feature propagation methods
(i.e. without multi-frame and task-specific attention).

| Backbone | K | Feature Prop. | mIOU (%) |

D101-50 5 | Optical flow 74.2
D101-50 5 | ILA (Ours) 75.1
DI101-50 | 10 | Optical flow 72.9
D101-50 | 10 | ILA (Ours) 74.8

Table D: Supplements to Table 5 in the main paper. Com-
parison with optical-flow based feature propagation [6] for
the semantic segmentation task on Cityscapes. A keyframe
interval is denoted by K. We show detailed comparison us-
ing different backbones and keyframe intervals.

D. Additional Qualitative Results

In the main paper, we only put the qualitative results on
Cityscapes due to the limited space. We also provide the
qualitative results on NYU v2 in Figure 1. Compared to
MultNet++ [2], our method is robust to non-keyframes and
obtains similar performances as the computationally heavy
method [9]. In addition, we also provide the supplemen-
tal video of predictions of the Slow and Fast networks,
where the Flast network produces qualitatively similar per-
formances as the Slow network.

E. Discriminator Details

The discriminator D takes feature maps from the last
residual block of slow and fast network. The discrimina-

tor consists of three 3x3 convolutional layers with relu ac-
tivtaion, a global average pooling layer, and sigmoid acti-
vation, which outputs a single value. It should be noted
that the discriminator is only used during training, there-
fore it does not increase GFLOPs in inference time. [R4]
We update the encoder and discriminator jointly by using a
gradient-reversal layer [3] for Eq. 3.
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Figure 1: Qualitative results for multi-task learning on videos on the NYUd v2 dataset. We show comparison between (a)
MultiNet++, (b) MTAN and (c) ours. MultiNet++ performs worse on the non-keyframe.



