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ABSTRACT

When tracking objects, humans rely on a memory mech-
anism, memorize the track of an object then look for it in
the current scene. In this paper, we propose Memory-based
Multi-object Tracking with Transformers (MMTT) to mimic
human behavior in multi-object tracking. Unlike Re-ID-based
methods, MMTT solves multi-object tracking in an explicit
way, with a Track Encoder to extract track memory, a De-
tection Encoder to extract detection interactions, and a Mem-
ory Decoder to simulate the “look™ process. The design of
MMTT has the ability to model both spatial and temporal in-
formation of a single track. We evaluate on commonly used
MOT datasets and the experimental results demonstrate its su-
perior effectiveness. We hope this paper can provide a novel
direction for the MOT task. The code and models will be
made publicly available upon acceptance.

Index Terms— Multi-object tracking, Transformer, Hu-
man memory modeling, Deep learning

1. INTRODUCTION

Multi-object tracking (MOT) in videos is one of the most
fundamental computer vision tasks and has witnessed large
advancement in recent years. Most state-of-the-art (SOTA)
work adopts the tracking-by-detection method[1, 2, 3, 4, 5,
6] in which the algorithm first detects objects, then matches
the objects across different frames. Despite its effectiveness
and high performance, however, tracking-by-detection usu-
ally solves the association by Re-ID techniques, with separate
models or jointly trained branches to extract Re-ID features,
which is not consistent with the human visual system.

When tracking objects in video or real life, humans rely
not on Re-ID-like methods but a memory mechanism. That is,
humans do not compare an object in the current frame with all
other objects in the last frame. Instead, humans memorize the
track of an object, model its motion and then locate its further
movement, then look for objects in the current scene as shown
in Fig.1. For example, a Re-ID-based method gives similar re-
sults if the current frame is horizontally flipped or all objects
are randomly located, which is completely different from the
human visual system. Even if some methods use spatial in-
formation as constraints, they solely use it as regularization
for better performance in an unnatural way. Therefore, mim-
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Fig. 1. Humans track object based on memory of the mo-
tion, appearance and location instead of trying to match every
object in current scene.

icking the human brain, modeling MOT with memory and
sequential information is a crucial issue.

There are a few works that build an end-to-end system
for MOT, which is very close to the human vision system
described above. For example, [7] builds a 3D convolution
model and models tracks as tubes. However, it cannot uti-
lize pre-trained detection models and thus requires additional
training data, which is extremely expensive to collect for the
MOT task. [8, 9, 10] use query-based methods rather than di-
rectly Re-ID, but they only use adjacent two frames and lack
memorized temporal information. The main contribution of
this paper is to build a MOT system that explicitly models hu-
man memory and can utilize pre-trained detection results at
the same time.

In this paper, we propose Memory-based Multi-object
Tracking with Transformers (MMTT) to explicitly model the
human brain when tracking multiple objects. When tracking
multiple objects, humans first keep tracks in memory as a fu-
ture reference, then observe current objects, and finally look
at objects to locate objects based on tracks. We model those
three steps with three parts: the Track Encoder, the Detection
Encoder, and the Memory Decoder. The Track Encoder mod-
els track memory, i.e., the motion, appearance, and location
of previous tracks. The Detection Encoder models detec-
tion memory, i.e., the appearance, location, and interaction
of current objects. The Memory Decoder plays a role as the
“look” process, i.e., based on track memory, the module looks
at detection memory and then predicts the status of tracks.
We also propose another two techniques to further ensure
the consistency with human memory mechanism. First, we
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Fig. 2. The architecture of MMTT. Using the same feature extractor, the appearance feature F' and bounding box B are
extracted. The dashed line indicates that there can be missing part in a track. With the time embedding Pos, the Track Encoder
extracts track memory M. The Detection Encoder extracts detection memory M p. The Memory Decoder simulates the “look”

process and makes final predictions.

design Memory Keeping, to make sure that a track will not
be forgotten if not seen in the short term. Second, we propose
Track Dropping, to make sure a track can be modeled even if
part of the track cannot be seen.

We conduct comprehensive experiments to reveal the ef-
fectiveness of the proposed MMTT. The results reveal that
MMTT is able to model the MOT process with competitive
performance and is consistent with the human visual sys-
tem. On popular MOT datasets MOT16 and MOT17, MMTT
achieves 56.9 and 55.5 MOTA respectively. Further ablations
show the characteristics of MMTT to model both spatial and
temporal information and the effectiveness of designed Mem-
ory Keeping and Track Dropping. We hope this work will
present a brand new perspective for the MOT community.

2. APPROACH
To formalize the MOT task, we describe a single track
T = {[FS’BS] ’ [FS+1’ BS+1] PRI [FE?BG]}

as the composition of multiple features in previous frames,
where s is the start frame of the track, which typically is
bounded by model capacity, and e is the end frame of the
track, which typically is the last seen frame. F;, B; are the
visual feature and bounding box of the track in frame ¢ re-
spectively. It should be noted that a track is not necessarily
continuous, which means some features may be lost or empty.
A detection result D consists of similar features [F, B]. Given
asetof tracks T = {1}, T5, ..., TN, }, and current detections
D ={Dy,Ds,...,Dy,}, the objective of MOT is to predict
the status of tracks in T and initialize new tracks based on the
predictions.

As shown in Fig.2, MMTT is composed of three parts:
Track Encoder, Detection Encoder, and Memory Decoder.
The Track Encoder is responsible for encoding temporal in-
formation, modeling motion, appearance, and location of a
single track. The Detection Encoder is responsible for encod-
ing spatial information, modeling appearance, location, and
interaction between multiple objects. The Memory Decoder
is considered as a “look” module, which looks at detections
based on track memory given by Track Encoder and gives
the final prediction. New tracks are formed by unmatched
detections. We choose the Transformer[11] architecture for
all three parts for its superior ability to model sequential and
variable-length data.

2.1. Track Encoder

To imitate the memory of tracks, we propose Track Encoder
to extract features of tracks individually, which is a standard
Transformer encoder.

A standard Transformer decoder layer consists of a multi-
head attention layer and a feed-forward network. For feature
[F;, B;] of track T at timestamp i, a linear projection layer
Proj first map it to input feature Proj ([F;, B;]) +Pos;, where
Pos; is the time embedding of timestamp ¢. Thus a single
track 7" is converted to n tokens such that 7' € R™*¢, where
n = e — s + 1 is the number of frames and c is the feature
dimension. In a single-head attention layer,

Q=TW? K=TWE v=1TW" (1)

where W@ WE WV € R*¢ are weight matrices. And the
result of attention operation attn () is givn by

A = Softmax (QK ") )
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attn (T, T,T) = AV 3)

In multi-head attention MHA(), T is split to M parts,
where M is the number of heads and every part is split to
dimension ¢’ = ¢/M,

T = [attny (T4, T, T"); .. ;attny (TY, T, 7] (4)

MHA (T, T,T) = LayerNorm (T + Dropout (TL))

&)
where LayerNorm is layer normalization, Dropout is dropout
operation and L € R°*¢ is a linear projection. Passing the
result to a feed-forward network which is effectively a two
layer linear projection with ReLLU activation followed also by
residual connection, Dropout and LayerNorm completes the
Transformer encoder layer. Stacking multiple layers gives us
the track memory M.

It should be noted that tracks are individually encoded,
which means, unlike detections, there is no interaction when
encoding tracks. This is consistent with the intuition of hu-
man behavior, where humans only focus on one object at
a time even if there are multiple objects in the scene. The
tracks are not necessarily complete from s to e, leading to
possible masks in attn operation. This property also results
in the Track Dropping technique described in Sec.2.3. How-
ever, there should be at least one valid timestamp in the track
to ensure the track memory is valid. The Track Encoder en-
codes both temporal, spatial, and appearance information of
tracks into track memory.

2.2. Detection Encoder

The Detection Encoder serves a similar purpose as the Track
Encoder. Unlike Track Encoder, which only encodes one sin-
gle track at a time, the Detection Encoder also aims at sim-
ulating the interactions between detections, such as occlu-
sions and relative positions. Given current detections D =
{D1,Da,...,Dn,}, the i-th detection is converted to input
space using Proj shared with Track Encoder. By using the
same projection layer, the consistency of the input features is
preserved between tracks and detection.

The detection memory Mp is also extracted by a stan-
dard Transformer encoder, which consists of multiple encoder
layers, and each layer is composed of a multi-head attention
MHA (D, D, D) and a feed-forward network.

2.3. Memory Decoder

The Memory Decoder is designed to mimic the “look™ pro-
cess of the human brain. That is, with the memory of
each track, humans look at the detections and track each
object. The Memory Decoder is designed as a standard
Transformer decoder. To simulate the “look™ process, we
use track memory My as query input and detection mem-
ory Mp as key and value inputs. Compared to an encoder

layer, a decoder layer has an extra multi-head attention layer
MHA (M7, M}, M},), where M, is the result of first multi-
head self-attention. The decoder is formed by stacking multi-
ple decoder layers.

The Transformer decoder gives a result feature R for each
qurey track 7T'. To get the final prediction, a linear predictor
P,ox predicts the bounding box b and another linear predictor
P4 predicts the end flag §. Based on [12], the bounding box
loss is given by GloU loss [13] and L1 loss

Loox = NowLion (0:0) + 201 08  ©

where Lo, is GIoU loss, Aoy and Ap; are coefficients for
GIoU loss and L1 loss respectively, b is the ground truth
bounding box for track 7" at current frame if the track is not
ended. The classification loss is given by Binary Cross En-
tropy Las = ylogg+(1—y)log (1 — §), in which y € {0, 1}
is the end flag of track 7" in current frame. The final loss is
given by

L= ['box + /\cls‘ccls @)

where A5 1s the coefficients for classification loss.

To further improve the consistency with the human visual
system, we propose two techniques named Memory Keeping
and Track Dropping. Despite that our design should endow
the model with the ability to distinguish between “missing”
(occluded or not detected) and ”gone” with spatial and tem-
poral information, we can still keep those ended tracks and
see if they will appear in the future and we call this Mem-
ory Keeping. Note that methods that use Re-ID can also use
Memory Keeping by maintaining a feature pool, while our
model conducts it in a much more natural way due to the
ability to handle variable-length input and the design of time
embedding Pos. MMTT does not simply keep the features
of missing tracks but also is aware of the temporal informa-
tion of the missing part. And thanks to this characteristic,
we propose another technique called Track Dropping, which
randomly drops part of tracks for data augmentation. Track
Dropping is beyond the reach of methods that do not learn
temporal information or can only read fixed-length input.

3. EXPERIMENTS

3.1. Settings

Dataset We evaluate our MMTT on three popular MOT
benchmarks, MOT16, MOT17 and MOT20[16, 17]. MOT16
and MOT17 consist of the same videos but different pub-
lic detections including 7 training videos and 7 test videos.
For the test set, MOT16 has 5919 frames, 759 tracks, and
182326 boxes in total while MOT17 has 564228 boxes in to-
tal. MOT20 is a dense dataset, including 4 training videos and
4 test videos, 4479 frames, and 765465 boxes, with a density
of 170.9 per frame. MMTT requires processing all detections
in a frame at a time and this requirement increases linearly
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Table 1. Results of the online state-of-the-art models on MOT-16 and MOT-17 datasets using public detection. Our model does
not adopt any other additional datasets such as dense detection or matching techniques such as Re-ID.

Model MOTAT  IDFIT _ MT{ MLJ _ FPJ FNJ DSY
—  MMTT(Ours) 355 56.6 82 288 6,537 237498 62825
= MTP[14] 515 549 205 355 29623 241,618 2,563
g Tracktor [2] 535 523 195 363 12201 248,047 2,072
GSM Tracktor[15] 56.4 578 222 345 14379 230,174 1,485
o MMTT(Ours) 56.9 575 100 266 2,541 73,43 2,260
Z  MTP[14] 483 535 170 387 9799 83712 733
% Tracktor [2] 545 525 190 369 3280 79,149 682
GMS Tracktor[15] 57.0 582 220 345 4332 73573 475
with the length of tracks. Therefore, we are not able to train § 1100 A
s 1000
MMTT on MOT20 due to the limitation of GPU memory. As 1000 /
" "
& 900

a result, we use the training set 01 and 02 in MOT20 for ab-
lations. For fair comparison, we use refined public detections
and standard MOT metrics[18] for evaluation.

Hyber-Paramters We use a pre-trained Faster RCNN[19]
to extract appearance feature F'. Note this detector is a uni-
versal detector and not trained for Re-ID purpose. For input,
we use a maximum length of 8 for each track and the proba-
bility for Track Dropping is set to 0.1. For model details, we
adopt 1-layer Transformer with 4 heads for Track Encoder,
Detection Encoder, and Memory Decoder. The dimension
c is set to 64 and the hidden dimension in the feed-forward
layer is set to 256. For optimization, we use an AdamW[20]
optimizer with a batch size of 8 and an initial learning rate
of 1 x 10~%. The model is trained for 150 epochs and the
learning rate is decayed to 1 x 1072 at the 120th epoch. The
loss coefficients are set to Apox = 2.0, A\jou = 5.0, A = 1.0
and the length for Memory Keeping is set to 3.

3.2. Main Results

We report main results in Tab.l1 and compare with SOTA
results. We only show online algorithms that are peer-
reviewed and adopt the public detections. As we can see,
on the MOT17 dataset, MMTT achieves results compara-
ble to SOTA with a MOTA of 55.5. Similarly, on MOT16,
our MMTT model also achieves competitive results, with a
MOTA of 56.9. It is worth noting that our model has high
ID switches, which is the main reason affecting the perfor-
mance. This is acceptable considering we are not using any
Re-ID technique, any additional data, or a pre-trained feature
extractor.

3.3. Ablation Study

Due to the submitting restriction of MOT Challenge, we con-
duct ablation study on the 01 and 02 training sequences of
MOT?20, with the model trained on MOT17. We are only re-
porting ID switches as it is the only metric that changes sig-
nificantly.

On the length of tracks We study the length of tracks in
the Track Encoder and the results are shown in Fig.3. As we

\ 2 900{—"
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2 4 6 8 0 1 2 3 4 5
Track Length Duration

Fig. 3. Left: IDs for different length of tracks. Right: IDs for
different duration of Memory Keeping.

can see, the number of ID switches decreases along with the
length of tracks increasing. Despite we are not able to afford
a longer length of tracks, it can be seen that our MMTT model
has the ability to encode temporal information and the ability
improves with longer input. This demonstrates the effective-
ness of our design using the Transformer.

On Memory Keeping To show the effectiveness of Mem-
ory Keeping, we test different duration shown in Fig.3. As
expected, the number of ID switches decreases with a longer
keeping duration. However, further increasing the duration
of memory will degrade the performance. We believe this is
attributed to that longer duration results in accumulation in
tracks, thus making it harder for Memory Decoder. We also
notice that the number of ID switches increases at first, this is
because a too short duration is not enough to handle missing
tracks but leads to more noise.

On Track Dropping We also check the effective design
of Track Dropping. Using a Track Dropping Probability of
0.1 gives us 717 ID Switches while without Track Dropping,
the number of ID Switches is increased to 916.

4. CONCLUSION

In this paper, we present Memory based Multi-object Track-
ing with Transformers (MMTT) to solve the challenging
MOT task. MMTT is composed of Track Encoder, Detection
Encoder, and Memory Decoder. By imitating human behav-
ior, MMTT has the ability to learn both spatial and temporal
features with the help of a memory-like mechanism flexibly
and naturally. The experimental results on widely used MOT
datasets demonstrate the effectiveness of MMTT. We hope
our design can provide the community with a new perspective
and motivate future research.
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