
• To compute the matching of target candidates with distractors and the target, a 
set of features is extracted for each candidate       at location       

1. The score 

2. The spatial location in the picture   

3. The backbone features 

• The features are encoded with an MLP and enhanced using a GNN. The refined 
features are then used to compute the optimal assignment probability matrix  
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Generic Object Tracking

Distractor Objects

Generic object tracking is the task of localizing any given object in every frame of a 
video.
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Standard Tracking Architecture
• SOTA trackers (Siamese or DCF) perform appearance matching.

• Regions similar to the target achieve a high score in the produced score map.

Problem Defintion
Distractors are very common in practice because visually similar objects often co-
occur.

• Distractors are object that are 
visually similar to the target and 
achieve high values in the score 
map. 

• Distractors cause tracking failure 
if they achieve higher scores than 
the target. 

One of the main challenges in tracking is handling distractor objects.
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Contributions and Conclusion

Experiments and Results

(a) LaSOT [24] (b) LaSOTExtSub [23]
Figure 4. Success plots, showing OPT , on LaSOT [24] and LaSO-
TExtSub [23]. Our approach outperforms all other methods by a
large margin in AUC, reported in the legend.

KeepTrack KeepTrack AlphaRefine LTMU TrDiMP KYS SuperDiMP
Fast [62] [12] [57] [4] [18]

Precision 70.2 70.0 68.0 66.5 61.4 64.0 65.3
Norm. Prec. 77.2 77.0 73.2 73.7 – 70.7 72.2
Success (AUC) 67.1 66.8 65.3 64.7 63.9 61.9 63.1

Table 5. Results on the LaSOT [24] test set. All trackers use the
same base tracker SuperDiMP [13].

recently published extension subset of LaSOT. LaSO-
TExtSub is meant for testing only and consists of 15 new
classes with 10 sequences each. The sequences are long
(2500 frames on average), rendering substantial challenges.
Fig. 4b shows the success plot, that is averaged over 5
runs. All results, except ours and SuperDiMP, are obtained
from [23], e.g., DaSiamRPN [73], SiamRPN++ [42] and
SiamMask [58]. Our method achieves superior results, out-
performing LTMU by 6.8% and SuperDiMP by 3.5%.
OxUvALT [54]: The OxUvA long-term dataset contains
166 test videos with average length 3300 frames. Trackers
are required to predict whether the target is present or absent
in addition to the bounding box for each frame. Trackers
are ranked by the maximum geometric mean (MaxGM) of
the true positive (TPR) and true negative rate (TNR). We
use the proposed confidence score and set the threshold for
target presence using the separate dev. set. Tab. 6 shows
the results on the test set, which are obtained through the
evaluation server. KeepTrack sets the new state-of-the-art
in terms of MaxGM by achieving an improvement of 5.8%

compared to the previous best method and exceed the result
of the base tracker SuperDiMP by 6.1%.
VOT2019LT [40]/VOT2020LT [38]: The dataset for both
VOT [41] long-term tracking challenges contains 215,294
frames divided in 50 sequences. Trackers need to predict
a confidence score that the target is present and the bound-
ing box for each frame. Trackers are ranked by the F-score,
evaluated for a range of confidence thresholds. We com-
pare with the top methods in the challenge [40, 38], as well
as more recent methods. As shown in Tab. 7, our tracker
achieves the best result in terms of F-score and outperforms
the base tracker SuperDiMP by 4.0% in F-score.
UAV123 [49]: This dataset contains 123 videos and is de-
signed to assess trackers for UAV applications. It contains
small objects, fast motions, and distractor objects. Tab. 8

Keep Keep Super Siam DM Global Siam
Track Track LTMU DiMP R-CNN TACT Track SPLT Track MBMD FC+R TLD

Fast [12] [13] [55] [9] [71] [63] [35] [69] [54] [36]

TPR 80.6 82.7 74.9 79.7 70.1 80.9 68.6 49.8 57.4 60.9 42.7 20.8
TNR 81.2 77.2 75.4 70.2 74.5 62.2 69.4 77.6 63.3 48.5 48.1 89.5

MaxGM 80.9 79.9 75.1 74.8 72.3 70.9 68.8 62.2 60.3 54.4 45.4 43.1

Table 6. Results on the OxUvALT [54] test set in terms of TPR,
TNR, and the max geometric mean (MaxGM) of TPR and TNR.

Keep Keep Mega RLT Super Siam
Track Track LT DSE LTMU B track CLGS DiMP DiMP DW LT ltMBNet

Fast [40, 38] [12, 38] [38] [40, 38] [38] [13] [40, 38] [38]

Precision 72.3 70.6 71.5 70.1 70.3 73.9 65.7 67.6 69.7 64.9
Recall 69.7 68.0 67.7 68.1 67.1 61.9 68.4 66.3 63.6 51.4
F-Score 70.9 69.3 69.5 69.1 68.7 67.4 67.0 66.9 66.5 57.4

Table 7. Results on the VOT2019LT [40]/VOT2020LT [38] dataset
in terms of F-Score, Precision and Recall.

Keep Keep Super Pr STM Siam Siam
Track Track CRACT TrDiMP TransT DiMP DiMP Track AttN R-CNN KYS DiMP

Fast [25] [57] [7] [13] [18] [26] [66] [55] [4] [3]

UAV123 69.7 69.5 66.4 67.5 69.1 68.1 68.0 64.7 65.0 64.9 – 65.3
OTB-100 70.9 71.2 72.6 71.1 69.4 70.1 69.6 71.9 71.2 70.1 69.5 68.4
NFS 66.4 65.3 62.5 66.2 65.7 64.7 63.5 – – 63.9 63.5 62.0

Table 8. Comparison with state-of-the-art on the OTB-100 [59],
NFS [27] and UAV123 [49] datasets in terms of AUC score.

shows the results, where the entries correspond to AUC for
OPT over IoU thresholds T . Our method sets a new state-
of-the-art with an AUC of 69.7%, exceeding the perfor-
mance of the recent trackers TransT [7] and TrDiMP [57]
by 0.6% and 2.2% in AUC.
OTB-100 [59]: For reference, we also evaluate our tracker
on the OTB-100 dataset consisting of 100 sequences. Sev-
eral trackers achieve tracking results over 70% in AUC, as
shown in Tab. 8. So do KeepTrack and KeepTrackFast that
perform similarly to the top methods, with a 0.8% and 1.1%

AUC gain over the SuperDiMP baseline.
NFS [27]: Lastly, we report results on the 30 FPS ver-
sion of the Need for Speed (NFS) dataset. It contains fast
motions and challenging distractors. Tab. 8 shows that our
approach sets a new state-of-the-art on NFS.

5. Conclusion

We propose a novel tracking pipeline employing a
learned target candidate association network in order to
track both the target and distractor objects. This approach
allows us to propagate the identities of all target candidates
throughout the sequence. In addition, we propose a train-
ing strategy that combines partial annotations with self-
supervision. We do so to compensate for lacking ground-
truth correspondences between distractor objects in visual
tracking. We conduct comprehensive experimental valida-
tion and analysis of our approach on seven generic object
tracking benchmarks and set a new state-of-the-art on six.
Acknowledgments: This work was partly supported by the
ETH Zürich Fund (OK), Siemens Smart Infrastructure, the
ETH Future Computing Laboratory (EFCL) financed by a
gift from Huawei Technologies, an Amazon AWS grant,
and an Nvidia hardware grant.
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learned target candidate association network in order to
track both the target and distractor objects. This approach
allows us to propagate the identities of all target candidates
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A set of target candidates 
is retrieved by using the local maxima of the 
score map.

• The idea is to match the 
previously predicted 
target in order to find the 
best fitting target 
candidate in the current 
frame.


• Matching distractors 
eliminates potential 
matches for the target 
and thus simplifies the 
problem.

V = {vi}Ni=1

si = s(ci)

fi = f(ci)

vi ci

ci

Feature 
encoding

 

 

Optimal 
Matching

'

Self-
Aggregation

Cross-
Aggregation

Repeated N times

Graph Neural Network

z0i

zi

Ai,j

hi

h0
i

Generic objet tracking 
dataset provide only a 
single annotation per frame.


Thus, we use in addition to 
the partial supervision of the 
target self-supervision to 
train the association 
between distractors by 
augmenting the features of 
each distractor.

Data Mining
• Data mining is used to find informative frames for partial- and self-supervision.

• Preferred are: Cluttered scenes or with partial or full occlusion of the target or 

where many or strong distractors appear.


4. Experiments

We evaluate our proposed tracking architecture on seven
benchmarks. Our approach is implemented in Python using
PyTorch. On a single Nvidia GTX 2080Ti GPU, KeepTrack

and KeepTrackFast achieve 18.3 and 29.6 FPS, respectively.

4.1. Ablation Study

We perform an extensive analysis of the proposed
tracker, memory sample confidence, and training losses.
Online tracking components: We study the importance of
memory sample confidence, the search area protocol, and
target candidate association of our final method KeepTrack.
In Tab. 1 we analyze the impact of successively adding
each component, and report the average of five runs on the
NFS [27], UAV123 [49] and LaSOT [24] datasets. The first
row reports the results of the employed base tracker. First,
we add the memory sample confidence approach (Sec. 3.8),
observe similar performance on NFS and UAV but a sig-
nificant improvement of 1.5% on LaSOT, demonstrating its
potential for long-term tracking. With the added robustness,
we next employ a larger search area and increase it if it was
drastically shrank before the target was lost. This leads to
a fair improvement on all datasets. Finally, we add the tar-
get candidate association network, which provides substan-
tial performance improvements on all three datasets, with a
+1.3% AUC on LaSOT. These results clearly demonstrate
the power of the target candidate association network.
Training: In order to study the effect of the proposed
training losses, we retrain the target candidate association
network either with only the partially supervised loss or
only the self-supervised loss. We report the performance on
LaSOT [24] in Tab. 2. The results show that each loss indi-
vidually allows to train the network and to outperform the
baseline without the target candidate association network
(no TCA), whereas, combining both losses leads to the best
tracking results. In addition, training the network with the
combined loss but without data-mining decreases the track-
ing performance.
Memory management: We not only use the sample con-

Memory Sample Search area Target Candidate
Confidence Adaptation Association Network NFS UAV123 LaSOT

X – – 64.7 68.0 65.0
X X – 65.2 69.1 65.8
X X X 66.4 69.7 67.1

Table 1. Impact of each component in terms of AUC (%) on three
datasets. The first row corresponds to our SuperDiMP baseline.

Loss no TCA Lsup Lself Lsup + Lself Lsup + Lself

Data-mining n.a. X X - X
LaSOT, AUC (%) 65.8 66.0 66.9 66.8 67.1

Table 2. Analysis on LaSOT of association learning using different
loss functions with and without data-mining.

Sample Replacement Online updating Conf. score LaSOT
with conf. score with conf. score threshold AUC (%)

– – – 63.5
X – – 64.1
X X 0.0 64.6
X X 0.5 65.0

Table 3. Analysis of our memory weighting component on LaSOT.

fidence to manage the memory but also to control the im-
pact of samples when learning the target classifier online.
In Tab. 3, we study the importance of each component by
adding one after the other and report the results on La-
SOT [24]. First, we use the sample confidence scores only
to decide which sample to remove next from the memory.
This, already improves the tracking performance. Reusing
these weights when learning the target classifier as de-
scribed in Eq. (4) increases the performance again. To
suppress the impact of poor-quality samples during online
learning, we ignore samples with a confidence score bellow
0.5. This leads to an improvement on LaSOT. The last row
corresponds to the used setting in the final proposed tracker.

4.2. State-of-the-art Comparison

We compare our approach on seven tracking bench-
marks. The same settings and parameters are used for all
datasets. In order to ensure the significance of the results,
we report the average over five runs on all datasets unless
the evaluation protocol requires otherwise. We recompute
the results of all trackers using the raw predictions if avail-
able or otherwise report the results given in the paper.
LaSOT [24]: First, we compare on the large-scale La-
SOT dataset (280 test sequences with 2500 frames in av-
erage) to demonstrate the robustness and accuracy of the
proposed tracker. The success plot in Fig. 4a 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, denoted in the legend. Tab. 4 shows more results in-
cluding precision and normalized precision. KeepTrack and
KeepTrackFast outperform the recent trackers AlphaRe-
fine [62], TransT [7] and TrDiMP [57] by a large margin
and the base tracker SuperDiMP by 4.0% or 3.7% in AUC.
The improvement in OPT is most prominent for thresh-
olds T < 0.7, demonstrating the superior robustness of our
tracker. In Tab. 5, we further perform an apple-to-apple
comparison with KYS [4], LTMU [12], AlphaRefine [62]
and TrDiMP [57], where all methods use SuperDiMP as
base tracker. We outperform the best method on each met-
ric, achieving an AUC improvement of 1.8%.
LaSOTExtSub [23]: We evaluate our tracker on the

Keep Keep Alpha Siam Super STM Pr DM
Track Track Refine TransT R-CNN TrDiMP Dimp Track DiMP Track LTMU DiMP Ocean

Fast [62] [7] [55] [57] [13] [26] [18] [71] [12] [3] [70]

Precision 70.2 70.0 68.0 69.0 68.4 66.3 65.3 63.3 60.8 59.7 57.2 56.7 56.6
Norm. Prec 77.2 77.0 73.2 73.8 72.2 73.0 72.2 69.3 68.8 66.9 66.2 65.0 65.1
Success (AUC) 67.1 66.8 65.3 64.9 64.8 63.9 63.1 60.6 59.8 58.4 57.2 56.9 56.0

Table 4. State-of-the-art comparison on the LaSOT [24] test set in
terms of AUC score.
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Experiments on LaSOT show that combining data mining and partial and self-
supervision works best.

The predicted assignment probabilities are used to propagate unique objects 
identities over the full sequence to keep track of the target and the distractors.
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• We propose a method for target candidate association based on a learnable 
candidate matching network


• We develop an online object association method in order to propagate distractors 
and the target over time.


• We tackle the challenges with incomplete annotation by employing sample-
mining, partial- and self-supervised learning to train our association network.


• We perform comprehensive experiments and ablative analyses by integrating our 
approach into SuperDiMP and achieve a new SOTA on six tracking datasets.


• Out Tracker KeepTrack achieves 18.3 FPS and KeepTrackFast 29.6 FPS.

Comparison of trackers that use SuperDiMP as base tracker on LaSOT  

Comparison with SOTA on UAV123, OTB-100 and NFS in terms of AUC score 

Results on the VOTLT2019/2020 dataset in terms of F-score, Precision and Recall

Results on the OxUvALT test set in terms of TPR, TNR and Max Geometric Mean

LaSOT LaSOT Extension Subset

Code Available
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