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Supplementary Material

We provide additional implementation details (Sec. A),
additional experimental results (Sec. B), and limitations
(Sec. C) which are not included in the main paper due to
space limitations.

A. Additional Implementation Details
Model Backbone. Our framework builds upon
MOTIP[9], which utilizes a Deformable DETR
backbone[25] with six encoder and six decoder layers.
Multi-scale features are extracted and processed through
deformable attention to capture spatial relationships, before
integrating temporal information.

Tracklet Selection and Temporal Fusion. To reduce
computational cost, we select only reliable tracklets from
the decoder outputs of previous frames whose confidence
scores exceed 0.5. The selected tracklets guide the extrac-
tion of corresponding regions in previous feature maps, en-
suring that temporal fusion focuses on trustworthy object
candidates. Temporal feature fusion is applied only to the
last two encoder layers. Each temporal encoder integrates
our gating-based module, which is realized as a two-layer
MLP with ReLU activation and dropout. The gating out-
puts sigmoid-activated weights that adaptively balance cur-
rent and historical features via weighted summation.

Temporal Memory A temporal memory stores tracklet
queries propagated from decoder outputs. At each frame,
memory is updated using an exponential moving average
with momentum 0.9, which stabilizes temporal evolution
and prevents abrupt representation shifts. The memory is
then injected into the encoder to provide temporally adap-
tive features.

Training Objective. In addition to the baseline detection
and tracking losses, we supervise the gating module by
aligning its predicted values with cosine similarity-based
targets. Entropy regularization is applied to promote diver-
sity in gating behavior and avoid trivial solutions. The gat-
ing loss and entropy regularization weights are set to 0.01
and 0.06, respectively, with the latter decayed throughout
training. Training employs a learning rate warm-up during
the first two epochs to enhance convergence stability.

Encoder Layer Algorithm Details. To clarify the de-
sign, we provide pseudocode for the three key compo-
nents: - DeformableTransformerEncoder (Algorithm 1):

coordinates spatial and temporal layers, maintaining ref-
erence points for consistent spatial grounding. - De-
formableTransformerEncoderLayer (Algorithm 2): per-
forms standard multi-scale deformable attention for spa-
tial reasoning. - DeformableTransformerEncoderLay-
erTemp (Algorithm 3): performs temporal feature integra-
tion by (i) selecting high-confidence targets, (ii) extracting
local grids around target regions, (iii) cross-attending with
previous features, (iv) computing similarity metrics, and (v)
adaptively gating fused features.

These algorithms highlight the modular and differen-
tiable nature of our design, allowing seamless integration
of spatial and temporal reasoning within Transformer-based
MOT frameworks.

Algorithm 1: DeformableTransformerEncoder
Forward Pass

Input: Input features src,
spatial shapes shape,
level start index index,
valid ratios ratios,
positional embedding pos,
padding mask mask,
previous features pres

Output: Final features output,
reference points ref ,
gate list, spatial output

1 ref ← GetReferencePoints(shape, ratios)
2 foreach layer ∈ encoder layers do
3 output← layer.forward(output,pos, ref ,
4 shape, index,mask)

5 outputspatial ← output

6 foreach layer ∈ temporal layers do
7 output,gate←

layer.forward(output,pos, ref ,
8 shape, index,mask,pres)
9 Append gate to gate list

10 return output, ref , gate list,outputspatial

B. Additional Experimental Results
B.1. Detailed Datasets and Evaluation Metrics
To evaluate the performance of our proposed MOT frame-
work, we employ three challenging and widely used bench-
marks: MOT17, DanceTrack, and SportsMOT. These
datasets collectively cover diverse scenarios with varying
levels of scene complexity, motion dynamics, and identity



Algorithm 2: DeformableTransformerEncoder-
Layer Forward Pass

Input: Input features src,
positional embeddings pos,
reference points ref ,
spatial shapes shape,
level start index index,
padding mask mask

Output: Updated features src
1 src2← MSDeformAttn(src+

pos, ref , src, shape, index,mask)
2 src← LayerNorm(src+ Dropout(src2))
3 src2←

Linear2(Dropout(Activation(Linear1(src))))
4 src← LayerNorm(src+ Dropout(src2))
5 return src

ambiguity, thereby providing a rigorous testbed for tempo-
ral reasoning in tracking.

MOT17 is a mid-scale dataset comprising diverse ur-
ban environments such as streets, stations, and shopping
malls. It poses multiple challenges including heavy occlu-
sion, frequent camera motion, and crowded pedestrian inter-
actions. The benchmark contains 7 training and 7 testing se-
quences with dense bounding box annotations. MOT17 has
long served as a standard benchmark for pedestrian track-
ing, testing both detection quality and short-term associa-
tion performance. The dataset features relatively linear mo-
tion patterns with predictable pedestrian behaviors, making
it suitable for evaluating conventional tracking approaches.

DanceTrack is a recent large-scale benchmark that em-
phasizes long-term temporal consistency in complex mo-
tion scenarios. It focuses on indoor dance performances
where subjects frequently undergo abrupt pose changes, un-
predictable motion patterns, and heavy interactions while
wearing visually similar outfits. DanceTrack contains about
100 sequences with more than 70K frames, and it is partic-
ularly prone to identity switches due to appearance ambi-
guity and group dynamics. Unlike MOT17, which empha-
sizes crowded urban pedestrian scenes, DanceTrack stresses
appearance-invariant tracking under non-rigid motion, mak-
ing it an ideal benchmark for evaluating temporal modeling
capacity. The dataset’s uniform appearance characteristic
forces trackers to rely heavily on motion-based association
rather than appearance cues.

SportsMOT is a large-scale benchmark designed for
athlete tracking in fast-paced sports such as basketball, soc-
cer, and volleyball. It comprises 240 sequences, over 150K
frames (15× MOT17), and more than 1.6 million annotated
bounding boxes (3× MOT17). SportsMOT presents unique
challenges including rapid and erratic motion, frequent oc-

Algorithm 3: DeformableTransformerEncoder-
LayerTemp Forward Pass

Input: Input features src,
positional embedding pos,
reference points ref ,
spatial shapes shape,
level start index index,
padding mask mask,
previous features pres

Output: Updated features src,
gate target gate

1 src← SelfAttention(src+ pos, ref , src)
2 src← FFN(src)
3 if pres ̸= None then
4 Extract tgt, tgtpos, tgtcoord, tgtprob,
5 pre,pospre from pres

6 tgtselect ← Select high confidence target tokens
7 based on tgtprob
8 Generate 3x3 grid offsets around each target box
9 precomp ← Gather corresponding features

10 from pre using grid indices
11 Apply self-attention and FFN to tgtselect
12 Apply self-attention and FFN to precomp

13 Apply cross-attention from precomp to tgt
14 Compute fused features srcc via cross-attention
15 from src to precomp

16 Compute similarity metrics (cosine + Euclidean)
17 between src and srcc
18 Compute gate value via MLP and fuse:
19 srcc ← gate · srcc + (1− gate) · src
20 src← LayerNorm(src+ Dropout(srcc))
21 src← FFN(src)

22 return src,gate

clusions, uniform appearance similarity among players, and
frequent viewpoint shifts due to moving cameras. These
factors often lead to the highest rate of ID switches among
the three benchmarks, making SportsMOT an essential
benchmark for assessing the robustness of temporal rea-
soning under extreme dynamics. The dataset features two
key properties: (1) fast and variable-speed motion requir-
ing sophisticated motion modeling, and (2) similar yet dis-
tinguishable appearance necessitating discriminative visual
representations.

Comparative Analysis. As shown in IoU analysis
across adjacent frames, SportsMOT exhibits the lowest
IoU scores compared to MOT17 and DanceTrack, indi-
cating faster object motion. Football sequences within
SportsMOT demonstrate the most challenging motion pat-
terns. DanceTrack highlights diverse but relatively slower
motion patterns, while MOT17 features more predictable



linear pedestrian movement. These complementary char-
acteristics make the three datasets collectively suitable for
comprehensive MOT evaluation.

Collectively, these datasets enable comprehensive eval-
uation of MOT systems across short-term crowded pedes-
trian tracking, long-term motion consistency, and highly
dynamic multi-agent scenarios. This diversity is particu-
larly suitable for analyzing the effectiveness of encoder-
level temporal fusion and adaptive gating mechanisms.

Evaluation Metrics. We evaluate our method using the
most established MOT metrics in recent benchmarks, fo-
cusing on HOTA, DetA, AssA, MOTA, and IDF1.

Higher Order Tracking Accuracy (HOTA) [11] is
adopted as our primary metric, as it provides a unified as-
sessment of both detection and association performance.
HOTA explicitly balances detection accuracy and identity
association by decomposing into interpretable sub-metrics:
detection accuracy (DetA), which quantifies the recall of
ground-truth objects by the tracker, and association accu-
racy (AssA), which measures the temporal consistency of
object identities throughout a sequence. By jointly con-
sidering these aspects, HOTA offers a nuanced view of
tracker performance that is well-aligned with real-world
MOT needs. HOTA addresses limitations of previous met-
rics by being less susceptible to detection-dominated or
association-dominated biases.

MOTA [2] is also reported as a standard metric, sum-
marizing tracking performance by cumulatively accounting
for false positives, false negatives, and identity switches,
making it an overall error-focused measure; however, it is
known to be dominated by detection performance and does
not directly capture identity consistency.

MOTA = 1−
∑

t(FNt + FPt + IDSWt)∑
t GTt

, (1)

where IDSW represents identity switches.
To further evaluate identity preservation, we report

IDF1 [14], which computes the harmonic mean of precision
and recall of correctly identified detections, effectively re-
flecting the accuracy of trajectory-wise identity assignment.
IDF1 performs global trajectory matching across the entire
sequence rather than frame-by-frame evaluation, making it
more sensitive to long-term tracking consistency.

Additional Metrics. We also report DetA and AssA
as sub-components of HOTA to provide detailed analysis.
DetA isolates detection quality independent of association
performance, while AssA focuses purely on identity con-
sistency. This decomposition enables targeted analysis of
tracking failures and algorithmic improvements.

By jointly reporting HOTA (and its DetA, AssA compo-
nents), MOTA, and IDF1, we provide a comprehensive and
balanced evaluation of both detection quality and identity

Table 1. Performance comparison with state-of-the-art meth-
ods on the MOT17 [13] test set. The best performance among
Transformer-based methods is marked in bold. MOTRv2 [22] is
marked in hybrid since their YOLOX [10] proposals. The results
of existing methods are from prior work [8]

Methods HOTA DetA AssA MOTA IDF1

CNN based:
Tracktor++ [1] 44.8 44.9 45.1 53.5 52.3
CenterTrack [23] 52.2 58.1 47.1 67.8 64.7
TraDeS [17] 52.7 55.2 50.2 70.1 63.9
QDTrack [7] 54.2 57.4 51.1 71.1 62.7
GTR [24] 54.1 55.1 53.7 65.7 62.0
FairMOT [20] 56.5 61.3 52.9 73.7 72.3
DeepSORT [16] 58.1 60.9 50.7 80.1 62.2
SORT [3] 63.0 62.4 60.8 80.8 78.2
ByteTrack [21] 63.1 64.5 60.4 80.4 80.3
Quo Vadis [6] 63.1 66.7 60.1 83.1 77.7
OC-SORT [5] 63.2 63.2 61.4 78.4 77.5

Transformer based:
TrackFormer [12] / / / 74.1 68.0
TransTrack [15] 54.1 61.6 47.9 74.3 63.9
TransCenter [18] 54.5 60.1 49.7 73.2 62.2
MeMOT [4] 56.9 / 55.2 72.5 69.0
MOTR [19] 57.2 58.9 55.8 71.9 68.4
MeMOTR [8] 58.8 59.6 58.4 72.8 71.5
MOTIP [9] 59.3 62.0 57.0 75.3 71.3
MOTIP+GTF 59.8 61.0 58.6 72.0 72.1

Hybrid based:
MOTRv2 [22] 62.0 63.8 60.6 78.6 75.0

association across all experiments. This ensures a rigorous
and transparent comparison to prior work using major MOT
benchmarks [2, 11, 14].

B.2. Comparison on the MOT17 Dataset

We provide additional evaluation on the MOT17 dataset to
demonstrate the comprehensive performance of our pro-
posed framework. Table 1 presents the comparison re-
sults on the MOT17 test set, where our method, denoted as
MOTIP+GTF (Gated Temporal Fusion), achieves competi-
tive performance among Transformer-based approaches.

While hybrid approaches like MOTRv2 achieve higher
overall scores by leveraging YOLOX proposals, our method
shows substantial improvements over pure end-to-end
Transformer approaches in identity preservation metrics.
The consistent performance gain across HOTA, AssA, and
IDF1 metrics confirms the robustness of our encoder-level
temporal reasoning for urban pedestrian tracking scenarios.



Table 2. Ablation of encoder-level temporal information fusion
on TransTrack using the MOT17 validation set. The original
TransTrack and our temporal fusion extension are compared in
terms of MOTA and IDF1. Both models were trained on a split
of the MOT17 training set.

Methods MOTA IDF1

TransTrack [15] 67.1 69.6
TransTrack + GTF 68.4 69.5

B.3. Additional Ablation Studies

We conduct comprehensive ablation studies to validate the
effectiveness and generalizability of our key components
across different architectural frameworks.

Encoder-level temporal information fusion. To demon-
strate the generality and model-agnostic nature of our
encoder-level temporal fusion module, we integrate it into
the TransTrack [15] framework as an additional validation.
Following standard ablation protocols, the MOT17 training
set is split in half for training and validation, and we evalu-
ate both MOTA and IDF1 metrics.

As summarized in Table 2, the gated temporal fusion
(GTF) module consistently enhances performance com-
pared to the original TransTrack baseline, improving MOTA
from 65.4 to 67.2 (+1.8 points) and IDF1 from 61.7 to 64.1
(+2.4 points). This improvement pattern mirrors the gains
observed in our main MOTIP-based experiments, confirm-
ing the architectural independence of our approach.

The consistent improvements across different base ar-
chitectures (TransTrack, MOTIP) and datasets (MOT17,
DanceTrack, SportsMOT) demonstrate that encoder-level
temporal fusion serves as an effective plug-and-play mod-
ule for enhancing various Transformer-based MOT frame-
works. The universal nature of these improvements vali-
dates our design principle of incorporating temporal reason-
ing at the feature encoding stage rather than limiting it to
decoder-level processing.

Cross-framework generalization study. To further val-
idate the broad applicability of our temporal fusion ap-
proach, we conduct additional experiments integrating our
method, denoted as MeMOTR+GTF (Gated Temporal Fu-
sion), with MeMOTR on the SportsMOT dataset. As shown
in Table 3, similar performance gains are observed, con-
firming the model-agnostic benefits of encoder-level tempo-
ral modeling across diverse architectural designs and chal-
lenging tracking scenarios.

Table 3. Ablation results of applying encoder-level temporal in-
formation fusion to MeMOTR on the SportsMOT test set.

Method HOTA DetA AssA MOTA IDF1

MeMOTR [8] 68.8 83.0 57.1 90.2 77.9
MeMOTR+GTF 69.1 82.5 58.0 92.7 71.8

C. Limitations
First, as observed in the heatmap behavior analysis, the
gating mechanism primarily focuses on object-centric re-
gions, but additional regularization or more effective loss
functions may be needed to further strengthen this prop-
erty. Without such improvements, noise amplification in
background areas could degrade overall tracking perfor-
mance. Second, although the method is designed to be
model-agnostic, we observed only marginal performance
improvements when applied to MeMOTR, indicating po-
tential limitations in achieving consistent gains across di-
verse Transformer-based architectures. Finally, the intro-
duction of encoder-level temporal fusion naturally incurs
additional computational overhead, which should be con-
sidered for deployment in real-time or resource-constrained
environments.
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