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it would be redundant in addition to our classification loss
that serves the same purpose. A detailed study examining
the impact of centerness is available in the supplementary.
Training Details: We train our tracker on the training splits
of the LaSOT [14], GOT10k [21], Trackingnet [32] and
MS-COCO [27] datasets. We sample 40k sub-sequences
and train for 300 epochs on two Nvidia Titan RTX GPUs.
We use ADAMW [28] with a learning rate of 0.0001 that we
decay by a factor of 0.2 after 150 and 250 epochs and weight
decay of 0.0001. We set �cls = 100 and �giou = 1. We con-
struct a training sub-sequence by randomly sampling two
training frames and a test frame from a 200 frame window
within a video sequence. We then extract the image patches
after randomly translating and scaling the image relative to
the target bounding box. Moreover, we use random image
flipping and color jittering for data augmentation. We set
the spatial resolution of the target scores to 18 ⇥ 18 and
set the search area scale factor to 5.0. Further training and
architecture details are provided in the supplementary.

3.5. Online Tracking

During tracking, we use the annotated first frame, as
well as previously tracked frames as our training set Strain.
While we always keep the initial frame and its annotation,
we include one previously tracked frame and replace it with
the most recent frame that achieves a target classifier confi-
dence higher than a threshold. Hence, the training set Strain

contains at most two frames.
We observed that incorporating previous tracking re-

sults in Strain improves the target localization considerably.
However, including predicted bounding box estimations de-
grades the bounding box regression performance due to in-
accurate predictions, see Sec. 4.1. Hence, we run the model
predictor twice. First, we include intermediate predictions
in Strain to obtain the classifier weights. In the second pass,
we only use the annotated initial frame to predict the bound-
ing box. Note that for efficiency both steps can be per-
formed in parallel in a single forward pass. In particular,
we reshape the feature map corresponding to two training
and one test frame to a sequence and duplicate it. Then, we
stack both in the batch dimension to process them jointly
with the model predictor. To only allow attention between
the initial frame with ground truth annotation and the test
frame when predicting the model for bounding box regres-
sion, we make use of the so-called key padding mask that
allows us to ignore certain keys when computing attention.

4. Experiments

We evaluate our proposed tracking architecture ToMP on
seven benchmarks. Our approach is based on PyTorch 1.7
and is developed within the PyTracking [8] framework. Py-
Tracking is available under the GNU GPL 3.0 license. On a
single Nvidia RTX 2080Ti GPU, ToMP-101 and ToMP-50

achieve 19.6 and 24.8 FPS and use a ResNet-101 [19] and
ResNet-50 [19] as backbone respectively.

4.1. Ablation Study

We perform a comprehensive analysis of the proposed
tracker. First, we analyze the contribution of the different
proposed target state encodings and then examine the effect
of different inference settings. Finally, we report the perfor-
mance achieved when replacing the target classifier or the
bounding box regressor of SuperDiMP with ours. All abla-
tion experiments in this part use a ResNet-50 as backbone.
Target State Encoding: In order to analyze the effect of
the different target state encodings we train different vari-
ants of our network and evaluate them on multiple datasets.
The first five rows of Tab. 1 correspond to versions with dif-
ferent target location encodings. All other settings are kept
the same. In addition to the foreground and test embedding,
we include a learned background embedding (instead of set-
ting ebg = 0) to our analysis as follows:  (yi, efg, ebg) =
yi · efg + (1 � yi) · ebg. However, Tab. 1 shows (4th vs. 5th

row) that adding such a learned background embedding de-
creases the tracking performance. We further observe that
setting the foreground embedding efg = 0 (1st row) and
only relying on the target extent encoding �(·) still achieves
high tracking performance but clearly lacks behind all other
versions that include the foreground embedding. We con-
clude that using only the foreground encoding efg and the
test encoding etest leads to the best performance (4th row).

In the second part of Tab. 1 we choose the best settings
for the target location encoding and remove either the target
extent encoding �(·) or decouple the Transformer Decoder
query from the foreground embedding efg. We observe that
using a separate query (6th row) decreases the overall per-
formance. Similarly, we notice that incorporating target ex-
tent information via the proposed encoding is crucial. Oth-
erwise, the performance drops significantly (7th row).
Model Predictor: Since our model predictor estimates two
different model weights, it seems natural to use two differ-
ent Transformer queries: one to produce the target model

efg ebg etest �(·) qdec = efg LaSOT NFS OTB

1 7 7 7 X n.a. 66.0 64.8 68.2
2 X 7 7 X X 67.1 66.6 70.0

3 X X 7 X X 67.1 66.3 69.4
4 X 7 X X X 67.6 66.9 70.1

5 X X X X X 67.4 66.0 69.5

6 X 7 X X 7 66.0 66.2 69.9
7 X 7 X 7 X 63.1 64.2 64.0

Table 1. For efg, ebg and etest learning the embedding is denoted
by X whereas 7 means setting it to zero. Using the encoding �(·)
is denoted by X whereas 7 refers to omitting it. For qdec = efg the
symbol X means sharing the learned embedding efg for encoding
and querying the Decoder wheres 7 means learning two separate
embeddings for both tasks. (Our final model is in the 4th row).

Number of Decoder
Decoder queries Linear Layer query qdec LaSOT NFS OTB

1 X qdec = efg 67.6 66.9 70.1

2 7 qdec 6= efg 63.7 62.8 67.9

Table 2. Analysis of different model predictor architectures and its
impact on the tracking performance in terms of success AUC.

Two Stage Previous
Model Prediction Tracking Results LaSOT NFS OTB

n.a. 7 65.7 65.3 67.8
X X 67.6 66.9 70.1

7 X 62.0 64.8 62.8

Table 3. Analysis of different inference settings an of their impact
on the tracking performance in terms of success AUC.

Model Bounding Box LaSOT
Predictor Regressor LaSOT NFS UAV ExtSub

DiMP [1] Prob. IoUNet [12] 63.1 64.8 67.7 43.7
ToMP Prob. IoUNet [12] 64.7 65.2 65.0 45.2

ToMP ToMP 67.6 66.9 69.0 45.4

Table 4. Impact of replacing DiMP [1] and the probabilistic
IoUNet [12] with ToMP for localization and box regression.

weights and the other to obtain the bounding box regressor
weights. However, this involves decoupling the query from
the foreground embedding efg and the experiments in Tab. 2
show a significant performance drop for this case.
Inference Settings: During online tracking, we use the
initial frame and its annotation as training frames. In addi-
tion, we include the most recent frame and its target predic-
tion if the classifier confidence is above a certain threshold.
Tab. 3 shows that including previous tracking results leads
to higher tracking performance than using only the initial
frame. Disabling the described two stage model prediction
approach and predicting the weights of the target model and
bounding box regressor at once decreases the tracking per-
formance drastically (-5.6 AUC on LaSOT). The reason is
the sensitivity of the bounding box predictor to inaccurate
predicted boxes that are encoded and used for training.
Transforming Model Prediction Step-by-Step: Our
model predictor can estimate model weights for the target
model and bounding box regressor. In this part, we will
transform an optimization based tracker step-by-step to as-
sess the impact of each transformation step. Tab. 4 shows
that replacing the model optimizer in SuperDiMP (1st row)
with our proposed model predictor to only predict the tar-
get model (2nd row) outperforms SuperDiMP on three out
of four datasets. Our tracker ToMP that jointly predicts
model weights for target localization and bounding box re-
gression (3rd row) achieves the best performance on all four
datasets. We conclude that predicting the weights of the tar-
get model improves the performance and likewise predict-
ing the weights of the bounding box regressor. Note that we
report the average over five runs for all trackers based on
the probabilistic IoUNet due to its stochasticity.

4.2. Comparison to the State of the Art

We compare our tracker ToMP on seven tracking bench-
marks. The same settings and parameters are used for all
datasets. We recompute the metrics of all trackers using the
raw predictions if available or otherwise report the results
given in the respective paper.
LaSOT [14]: First, we compare ToMP on the large-scale
LaSOT dataset (280 test sequences with 2500 frames on
average). The success plot in Fig. 5a shows the overlap
precision OPT as a function of the threshold T . Trackers
are ranked w.r.t. their area-under-the-curve (AUC) score,
shown in the legend. Tab. 5 shows more results including
precision and normalized precision for each tracker. Both
versions of ToMP with different backbones outperform the
recent trackers STARK [43], TransT [6], TrDiMP [40] and
DTT [45] in AUC and sets a new state-of-the-art result.
Note that even ToMP with ResNet-50 outperforms STARK-
ST101 with ResNet-101 (67.6 vs 67.1). Fig. 4 shows the
success AUC gain of ToMP compared to recent Trans-
former based trackers for different attributes annotated in
LaSOT [14]. We want to highlight that ToMP outper-
forms TransT [6] and TrDiMP [40] on each attribute by
more than one percent point. Similarly, ToMP achieves
higher performance than STARK-ST101 for every attribute.
It achieves the highest gain over STARK for Background

Clutter, showing the disadvantage of using small templates
instead of training frames with a large field of view that
allow not only to leverage target, but also background in-
formation.
LaSOTExtSub [13]: This dataset is an extension of La-
SOT. It only contains test sequences assigned to 15 new
classes with 10 videos each. The sequences contain 2500
frames on average showing challenging tracking scenar-
ios of small, fast moving objects with distractors present.

ToMP ToMP STARK Keep STARK Alpha Siam Tr Super STM Pr
101 50 ST101 Track ST50 Refine TransT R-CNN DiMP DiMP SAOT Track DTT DiMP

[43] [30] [43] [44] [6] [38] [40] [8] [48] [16] [45] [12]

Precision 73.5 72.2 72.2 70.2 71.2 68.0 69.0 68.4 66.3 65.3 - 63.3 - 60.8
Norm. Prec 79.2 78.0 76.9 77.2 76.3 73.2 73.8 72.2 73.0 72.2 70.8 69.3 - 68.8
Success (AUC) 68.5 67.6 67.1 67.1 66.4 65.3 64.9 64.8 63.9 63.1 61.6 60.6 60.1 59.8

Table 5. Comparison on the LaSOT [14] test set ordered by AUC.

Figure 4. Per attribute analysis on LaSOT [14] between ToMP and
recent Transformer based trackers. The bar heights correspond to
the gain of our tracker and the legend shows the average gain.

Discriminative Correlation Filter based Tracking 
+ Global reasoning

+ Possible to update the model online

- Unable to integrate priors into the target model

- Non-Transductive

Results

LaSOT UAV NFS OTB TrackingNet

ToMP-101 68.5 66.9 66.7 70.1 81.5
ToMP-50 67.6 69.0 66.9 70.1 81.2

STARK-ST101 67.1 68.2 66.2 68.1 82.0
STARK-ST50 66.4 69.1 65.2 68.5 81.3

TransT 64.9 69.1 65.7 69.4 81.4
TrDiMP 63.9 67.5 66.2 71.1 78.4

KeepTrack 67.1 69.7 66.4 70.9 78.1
Siam R-CNN 64.8 64.9 63.9 70.1 81.2
SuperDiMP 63.1 67.7 64.8 70.1 78.1
STM Track 60.6 64.7 - 71.9 80.3

PrDiMP 59.8 68.0 63.5 69.6 75.8

Success plot for LaSOT

Effect of Target State Encoding Two Stage Model Prediction
• Foreground and background encoding 

integrates the location of the target object

• Foreground encoding improves robustness 
• Fixing the background encoding to zero works equally well

• Bounding box encoding         increases the accuracy 
• Sharing the foreground encoding and decoder query helps

• Test frame encoding can help but is not crucial
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 (yi, efg, ebg) = yi · efg + (1� yi) · ebg • Good performance when using only the initial frame + box

• More robust when including previous frames + predicted box 

as training frame

• Inaccurate bounding box regression if the predicted boxes 

used for training are imprecise

• Solution: Use previous frames only to predict classification 

weights and only the initial frame when producing the 
regression weights.

Visual Results

Videos of more visual results are available here
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Query
Transformer-based Model Predictor 
+ Global reasoning even across multiple frames using self attention

+ Can integrate learned priors into the target model

+ Transductive: model weights depend on the current test frame
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1. Training feature extraction and target state encoding

2. Test feature extraction and test frame encoding 
3. Predicting weights for target classifier and box regressor 
4. Refining the extracted test features 
5. Two stage model prediction for increased robustness without 

decreasing the box accuracy 


