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1. Gradient Flow
Note that our recurrent model optimization process in-

volves a gradient update step (see Eq. 9), which may need
to compute the second derivative when minimizing the meta
loss. Specifically, we show the computation graph of the
offline training process of our framework in Fig. 1, where
the gradients flow backwards along the solid lines and ig-
nores the dashed lines. For the initial frame (Fig. 1 left), we
aim to learn a conducive tracking network θ(0) and learn-
ing rates λ(0) that can fast adapt to different videos with
one gradient step, which is correlated closely with the track-
ing model θ(1). Therefore, we back-propagate through both
the gradient update step and the gradient of the update loss
(i.e. computing the second derivative). For the subsequent
frames, our goal is to learn the online neural optimizer O,
which is independent of the tracking model θ(t) that is being
optimized. Hence, we choose to ignore the gradient paths
along the update loss gradient Oθ(t−1)`(t−1), and the neural
optimizer inputs I(t−1), which are composed of historical
context vectors computed from the tracking model. The ef-
fect of this simplification is to focus the training more on
improving the neural optimizer to reduce the loss, rather
than on secondary items, such as the LSTM input or loss
gradient.

Figure 1. Computation graph of the recurrent neural opti-
mizer.Dashed lines are ignored during backpropagation of the gra-
dient.

2. Speed analysis
We further investigate the speed gain obtained by our

recurrent neural optimizer and bounding box regression.

To make a fair speed comparison, we use the same fea-
ture backbone (VGG16) and tracking model (two stacked
convolutional layers) to build the tracker. We compare our
ROAM and ROAM++ with trackers using traditional SGD
for model updating under different number of gradient steps
in Table 1. ROAM++ runs faster than ROAM because it
does not need to compute multi-scale features. With similar
run time, our ROAM achieves much better results compared
with SGD-2, showing the effectiveness of our recurrent neu-
ral optimizer. Note that ROAM and SGD-2, which both
uses two gradient steps, obtain similar speed demonstrating
that our recurrent neural optimizer has negligible computa-
tional cost. Furthermore, using vanilla SGD requires more
number of iterations to converge the model, thus leading to
slower running speed.

Speed (fps) AUC

ROAM++ 20.6 0.680
ROAM 13.4 0.681

SGD-2 13.7 0.593
SGD-4 12.5 0.597
SGD-8 10.6 0.621

SGD-16 8.0 0.645
SGD-32 5.5 0.644

Table 1. Speed comparison results on OTB2015 datasets. SGD-n
means n gradient steps. SGD uses a learning rate of 7e-7. Note
both ROAM and ROAM++ uses two gradient steps.

3. Update Loss and Meta Loss Comparison
We show the update loss `(t) and meta loss L(t) compar-

ison over time between ROAM and SGD after two gradient
steps for all videos of OTB-2015 in Figure 2 and Figure 3
respectively. Our ROAM demonstrates better optimization
ability on minimizing tracking loss.

4. Impact of Training Data.
We also train the variants of our ROAM++ and ROAM

with ImageNet VID training data, which are denoted aas
VID-ROAM++ and VID-ROAM, respectively. Table 2



shows the comparison results on VOT datasets. With
only VID dataset for training, our ROAM++ still outper-
forms our preliminary tracker ROAM. Furthermore, both
our VID-ROAM++ and VID-ROAM outperform the base-
line MetaTracker [1] by a large margin.

VOT-2016 VOT-2017
EAO A R EAO A R

ROAM++ 0.4414 0.5987 0.1743 0.3803 0.5433 0.1945
VID-ROAM++ 0.4147 0.5886 0.1749 0.3330 0.5513 0.2366

ROAM 0.3842 0.5558 0.1833 0.3313 0.5048 0.2263
VID-ROAM 0.3568 0.5468 0.2091 0.2971 0.5098 0.2491

MetaTracker 0.317 0.519 - - - -

Table 2. Comparison results on VOT-2016 and VOT-2017 datasets
with different training datasets

5. More Ablations
We investigate the impact of removing scale smoothen

and multi-scale search for ROAM tracker. We also present
a variant of ROAM++ which does not resize tracking model
to demonstrate the effectiveness of our resizable model. Ta-
ble 3 shows the comparison results on OTB dataset. We can
see that removing multi-scale search or filter resizing de-
crease the performance a lot while removing scale smooth
has relative small affect.

Trackers AUC

ROAM 0.681
ROAM++ 0.680

ROAM w/o scalesmooth 0.667
ROAM w/o multiscale 0.590
ROAM++ w/o filter resizing 0.553

Table 3. Performance comparison of different variants on OTB
dataset

6. Bounding Box Parametrization
We follow the way of bounding box parameterization in

[2] when computing smooth L1 loss in (7). Let (x, y, w, h)
be the center coordinate, width and height of the ground
truth box, and (x∗, y∗, w∗, h∗) be the predicted box. The
parametrization of the bounding boxes are:

B = (tx, ty, tw, th) = (x−xa

aw
, y−ya

ah
, log w

ah
, log h

ah
),

B∗ = (t∗x, t
∗
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∗
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∗
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where the anchor size (aw, ah) is defined in (6) and this
anchor is used on each spatial location on the feature map.

(xa, ya) is the center of each anchor. R(F ;θreg) (in Eq.7)
corresponds to B∗, which is the parametrized predicted
bbox, and B is the parameterized ground truth bbox. After
getting R(F ;θreg), we compute the predicted object box
(x∗, y∗, w∗, h∗).
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Figure 2. Update loss comparison between ROAM and SGD.
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Figure 3. Meta loss comparison between ROAM and SGD.


