XTrack: Multimodal Training Boosts RGB-X Video Object Trackers

Supplementary Material

In the supplementary material, we first provide more im-
plementation details of our work in Sec. 1. We conduct ex-
tensive ablation studies to validate the effectiveness of key
components, as detailed in Section 2. In Sec. 3, we provide
a head-to-head comparison against SOTA methods across
all datasets for ease of review. Qualitative comparison can
be found in the accompanying video.

1. Implementation Details

In the main manuscript, we focus on detailing the Mixture
of Modal Experts framework. For the implementation of
XTrack, we adopt a pipeline consistent with existing Dual-
Transformer models [1, 4]. Our model takes as input the
search and template regions from both the RGB and sub-
modality streams. The input sizes for the search and tem-
plate regions are 256256 and 128 x 128, respectively.

Patch embedding: To achieve this, our XTrack starts by
taking a pair of downstream modal features and a pair of
RGB features as input, compromising template RGB and
modal input T)! ,, T} € R¥*H+*Wt and search region input
ngb, SI ¢ R3*HsxW.  These patches are initially seg-
mented and subsequently flattened into sequences of patch
vectors, specifically ngb, TP € RN:x(3-P*) and ngb, SP e

RN=x(3P*) where P x P defines the spatial extent of each
individual patch. The quantities N; and N, , calculated as
Ny = % and N, = L ;‘}Q/S , respectively, signify the
count of patches pertaining to the template and search re-
gions from the modal input. Here,we set P as 16. Following
this transformation, a learnable linear projection layer proj
is utilized to map the patch sequences into a D-dimensional
latent space. These sequences are then concatenated, to
meet the tracking specificity, and form 7.4, and T for sub-
sequent processing and analysis:

Trgp = concat(proj(T},,), proj(Sy,,))- (1)
T, = concat(proj(T?), proj(S)). )

After passing through patch embedding projection layer
proj , we add T,.,;, with position embedding.

MeME: After patch embedding, we employ MeME to fa-
cilitate multimodal interactions. As illustrated in the Fig. A,
the process begins with a down projection that reduces the
feature dimensionality. The down-projected features are
then fed into a MoE module with shared experts. Here, the
RGB features and the features from downstream modali-
ties are integrated via a prompting mechanism. Finally, the
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Figure B. The detail architecture of our XTrack.

Table A. The influence of Laplacian init.
DepthTrack LasHeR VisEvent
F-score  Re Pr Pr Sr Pr Sr
612 615 614 | 688 548|770 60.1
v 61.5 62.0 618 | 69.1 557 | 77.5 60.9

Laplacian init

Table B. Multimodal Training Benefits.

VisEvent DepthTrack LasHeR
Pr Sr | F-score Re Pr Pr Sr
69.5 534 52.9 522 536 | 515 412
v 76.3 59.9 45.5 458 457 | 58.1 45.1

E D T

v 65.8 483 60.1 61.0 60.6 | 50.2 393

v | 67.0 484 48.8 452 469 | 684 55.0

v v 76.6  60.2 60.8 59.5 60.1 | 58.1 452
v v | 76.6 60.3 484 481 483 | 685 55.0
v v |699 525 61.0 609 610 | 69.0 555

v Vv Vv |T715 609 61.5 62.0 61.8 | 69.1 55.7

fused features undergo an up projection to restore their di-
mensionality. Notably, all these operations are performed in
a low-rank space, ensuring that the fusion process remains
highly efficient.

Box Head: After passing through multiple layers of trans-
former blocks and MeME, we sum the final layer outputs,
Tf;'bl and T'*!, and feed the tokens into the box head.
To ensure fair comparison with current multimodal track-
ers [2, 3], the box head we used is kept consistent with

theirs [14].



Table C. State-of-the-art comparison on DepthTrack[12] for RGB-Depth, LasHeR[8] for RGB-Thermal, and VisEvent[10] for RGB-Event.

The best two results are shown in red and blue fonts.

Method DepthTrack [12] VOT-RGBD2022 [5] LasHeR [8] RGBT234 [7] VisEvent [10]

F-score(t)  Re(t)  Pr(1) | EAO(T)  Acc(f)  Rob(1) | Pr(t)  Se() | MPR() MSR(1) | Pr(t)  Sr(D)
XTrack-L 64.8 64.3 65.4 74.0 82.8 88.9 73.1 58.7 87.8 65.4 80.5 63.3
XTrack-B 61.8 62.0 61.5 74.0 82.1 88.8 69.1 55.7 87.4 64.9 71.5 60.9

Current Unified Models with Modality-Specific Branches

UnTrack [11] 61.0 61.0 61.0 72.1 82.0 86.9 64.6 51.3 84.2 62.5 75.5 58.9
SDSTrack [3] 61.9 60.9 61.4 72.8 81.2 88.3 66.5 53.1 84.8 62.5 76.7 59.7
OneTracker [2] 60.9 60.4 60.7 72.7 81.9 87.2 67.2 53.8 85.7 64.2 76.7 60.8
ViPT [15] 59.4 59.6 59.2 72.1 81.5 87.1 65.1 52.5 83.5 61.7 75.8 59.2
ProTrack [13] 57.8 57.3 58.3 65.1 80.1 80.2 53.8 42.0 79.5 59.9 63.2 47.1
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Figure C. (a) and (b) depict the precision and success plots for VisEvent[10]. (c) and (d) illustrate the precision and success plots for

LasHeR[8].

2. Ablation Studies and Discussion

In this section, we present additional ablation studies on our
network design. First, in Tab. A, we evaluate the effective-
ness of Laplacian initialization for the shared expert. The
results demonstrate that this initialization improves perfor-
mance without incurring any additional computational cost.
This finding supports our decision to use edge embedding
as a common feature representation across all modalities.

Second, in Tab. B, we present a comprehensive study on
the benefits of multimodal training by evaluating different
combinations of training data. The results show that train-
ing with all modalities consistently improves performance
compared to training with only two or single modalities.

It is worth noting that this paper primarily addresses
the challenge of knowledge transfer within the multimodal
training framework. Another factor that could influence
model performance is data imbalance. For example, depth
data differs in scale compared to thermal and event data.
While addressing data imbalance is an intriguing avenue for
future exploration, it lies beyond the scope of this work and
remains a direction for our future research.

3. Comparison Against SOTA

Comparison with multimodal tracker:In the manuscript,
we present the quantitative performance of our models
across all tracking datasets, grouped by modality domains.

For clarity, we have consolidated these results to highlight
our cross-domain advantages over SOTA unified models in
Tab. C. Our models establish SOTA performance across
all modality domains with a clear and significant margin.
Specifically, XTrack-L achieves notable gains: +3% F-
score on DepthTrack, +7% Precision on LasHeR, and +4%
Precision on VisEvent.

Notably, our parameters are shared across all modali-
ties, unlike existing unified models that include modality-
specific parameters, which remain inactive if the corre-
sponding modality is irrelevant. By training with multi-
modal data, even when only one modality is available at
a time, our model effectively facilitates knowledge transfer,
leveraging multimodal training to enhance the performance
of each modality-specific tracker.

We can also observe that existing models often favor a
single modality, achieving SOTA performance in one spe-
cific domain, such as SDSTrack on Depth, and OneTracker
on LasHeR, etc. Our model, however, delivers more bal-
anced performances, setting clear SOTA records across all
modalities. In Fig. C we show the precision and success
plot on Event and Thermal benchmarks. Our method out-
performs existing counterparts by large margin.

More datasets: To validate the generalization capability of
our model, we further incorporated two additional datasets:
RGBT210 (an RGB-Thermal dataset) [6] and COESOT (an
RGB-Event dataset) [9]. Notably, our model was not trained



Table D. Results on more datasets against modality-tailored SOTA
models. RGBT210[6] for RGB-Thermal object tracking, and
COESOT[9] for RGB-Event object tracking. We report Pr for
these two datasets.

Tracker ViPT | SDSTrack | Ours
RGBT210 | 80.0 81.2 85.5
COESOT 73.8 74.2 74.8

Table E. Complexity and Performance Metrics. Note that SOTA
methods require sensor-specific param. sets*, where we achieve
the unification. D./T./E. refer to DepthTrack, LasHeR and VisEv-
ent dataset. We report F-score for D and Pr for T, E.

Tracker Param. FPS D. T. E.

ViPT 93.0M* 252 | 594 65.1 758
SDSTrack | 107.8M* 213 | 61.4 66.5 76.7
Ours 97.8M  22.1 | 61.5 69.1 775

on these datasets but only evaluated on them in a zero-
shot cross-dataset testing manner. As demonstrated in the
results, our tracker achieves competitive performance on
these new datasets, exhibiting superior generalization ca-
pability compared to existing methods [3, 15].

4. Efficiency Analysis

We further compare the number of structural parameters and
FPS of different models in Tab. E, and the experimental re-
sults show that our model has the best performance while
maintaining the real-time inference speed. In addition, our
model only needs to be trained once to achieve uniform tar-
get tracking in three different modal scenarios.
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