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Abstract

Transformer-based trackers have established a dominant role in the field of visual
object tracking. While these trackers exhibit promising performance, their deploy-
ment on resource-constrained devices remains challenging due to inefficiencies. To
improve the inference efficiency and reduce the computation cost, prior approaches
have aimed to either design lightweight trackers or distill knowledge from larger
teacher models into more compact student trackers. However, these solutions
often sacrifice accuracy for speed. Thus, we propose a general model compression
framework for efficient transformer object tracking, named CompressTracker, to
reduce the size of a pre-trained tracking model into a lightweight tracker with
minimal performance degradation. Our approach features a novel stage division
strategy that segments the transformer layers of the teacher model into distinct
stages, enabling the student model to emulate each corresponding teacher stage
more effectively. Additionally, we also design a unique replacement training tech-
nique that involves randomly substituting specific stages in the student model
with those from the teacher model, as opposed to training the student model in
isolation. Replacement training enhances the student model’s ability to replicate
the teacher model’s behavior. To further forcing student model to emulate teacher
model, we incorporate prediction guidance and stage-wise feature mimicking to
provide additional supervision during the teacher model’s compression process.
Our framework CompressTracker is structurally agnostic, making it compatible
with any transformer architecture. We conduct a series of experiment to verify the
effectiveness and generalizability of CompressTracker. Our CompressTracker-4
with 4 transformer layers, which is compressed from OSTrack, retains about 96%
performance on LaSOT (66.1% AUC) while achieves 2.17 x speed up.

1 Introduction

Visual object tracking is tasked with continuously localizing a target object across video frames based
on the initial bounding box in the first frame. Transformer-based trackers have achieved promising
performance on well-established benchmarks, their deployment on resource-restricted device remains
a significant challenge. Developing a strong tracker with high efficiency is of great significance.

To reduce the inference cost of models, previous works attempt to design lightweight trackers or
transfer the knowledge from teacher models to student trackers. Despite achieving increased speed,
these existing methods still exhibit notable limitations. (1) Inferior Accuracy. Certain works propose
lightweight tracking models [6} 10,4} 21, [26] or employ neural architecture search (NAS) to search
better architecture [42]. Due to the limited number of parameters, these models often suffer from
underfitting and inferior performance. (2) Complex Training. Some works [[15] aim to enhance the
accuracy of fast trackers through transferring the knowledge from a teacher tracker to a student model.
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Figure 1: We apply our framework to OSTrack under several different layer configurations. (a) We
implement each enhancement into our CompressTracker step by step. The training time is calculated
by using 8 NVIDIA RTX 3090 GPUs. Notably, our CompressTracker-4 accelerates OSTrack by
2.17x while preserving approximately 96% of its original accuracy, thereby demonstrating the
effectiveness of our framework. (b) Performance and speed comparison of CompressTracker variants
with different numbers of layers. CT-x refers to a version of CompressTracker with *x’ layers. (c)
FLOPs and parameters comparison of CompressTracker variants with different numbers of layers.

Despite the improved performance, [15] introduces a complex multi-stage training strategy, which
is time-consuming. Any suboptimal performance in these individual stages can cumulatively result
in suboptimal performance in the final model. (3) Stucture Limitation. Additionally, the model
reduction paradigm in [[15] severely restricts the structure of student models to be consistent only
with the teacher’s model.

Thus, we introduce CompressTracker, a novel and general model compression framework to enhance
the efficiency of transformer tracking models. The current dominant trackers are one-stream mod-
els [44, 15,4, [10]] characterized by a series of sequential transformer encoder layers, each designed
to refine the temporal matching features across frames. The output of each layer is a critical temporal
matching result that is refined as the layers get deeper. Given this layer-wise refinement, it becomes a
natural progression to consider the model not as a single entity but as a series of interconnected stages
and encourage student tracker to align teacher model at each stage. We propose the stage division
strategy, which involves partitioning the teacher model, a complex pretrained transformer-based
tracking model, into distinct stages that correspond to the layers of a simpler student model. This is
achieved by dividing the teacher model into a number of stages equivalent to the student model’s
layers. Each stage in the student model is then tasked with learning and replicating the functional
behavior of its corresponding stage in the teacher model. This division is not merely a structural
alteration but a strategic educational approach. By focusing each stage of the student model on
mimicking a specific stage of the teacher, we enable a targeted and efficient transfer of knowledge.
The student model learns not just the *what’ of tracking—i.e., the raw matching of features—but also
the "how’—i.e., the strategies developed by the teacher model at each layer of processing.

Contrary to conventional practices that isolate the training of student models, we employ a replacement
training methodology that strategically intertwines the teacher and student models. The core of this
methodology is the dynamic substitution of stages during training. we randomly select stages from
the student model and replace them with the corresponding stages from the teacher model. By doing
so, we situate the teacher model and the student model within a collaborative environment. This
arrangement permits the unaltered stages of the teacher model to collaboratively inform and enhance
the learning of the substituted stages in the student model rather than supervising the entire student
model as a single entity. The student model is not merely learning in parallel but is directly engaging
with the teacher’s learned behaviors. After training, we can just combine each stage of student model
for inference. The replacement training leads to a more authentic replication of the teacher’s tracking
strategies and helps to prevent the student model from overfitting to specific stages of the teacher
model, promoting a more stable training.

To augment the learning process, we introduce prediction guidance, which serves as a supervisory
signal for the student model by leveraging the teacher model’s predictions. By using the predictions
of the teacher model as a reference, the student model can converge more quickly. Furthermore,
to enhance the similarity of the temporal matching features across corresponding stages, we have
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developed a stage-wise feature mimicking strategy. This approach systematically aligns the feature
representations learned at each stage of the student model with those of the teacher model, thereby
promoting a more accurate and consistent learning. In Figure([T](a), we show the procedure and the
results we are able to achieve with each step toward an efficient transformer tracker.

Compared to previous works, our CompressTracker holds many merits. (1) Enhanced Mimicking
and Performance. CompressTracker enables the student model to better mimic the teacher model,
resulting in better performance. As shown in Figure[I} our CompressTracker-4 achieves 2.17 x speed
up while maintaining about 96% accuracy. (2) Simplified Training Process. Our CompressTracker
streamlines training into a single but efficient step. This simplification not only reduces the time
and resources required for training but also minimizes the potential for sub-optimal performance
associated with complex procedures. The training process for CompressTracker-4 requires merely 20
hours on 8§ NVIDIA RTX 3090 GPUs. (3) Heterogeneous Model Compression. Our stage division
strategy gives a high degree of flexibility in the design of the student model. Our framework supports
any transformer architecture for student model, which is not restricted to the same structure of teacher
tracker. The number of layers and their structure are not predetermined but can be tailored to fit the
specific computational constraints and requirements of the deployment environment.

Our contribution can be summarized as follows: (1) We introduce a novel and general model
compression framework, CompressTracker, to facilitate the efficient transformer-based object tracking.
(2) We propose a stage division strategy that enables a fine-grained imitation of the teacher model at
the stage level, enhancing the precision and efficiency of knowledge transfer. (3) We propose the
replacement training to improve the student model’s capacity to replicate the teacher model’s behavior.
(4) We further incorporate the prediction guidance and feature mimicking to accelerate and refine
the learning process of the student model. (5) Our CompressTracker breaks structural limitations,
adapting to various transformer architectures for student model. It outperforms existing models,
notably accelerating OSTrack [44]] by 2.17 x while preserving approximately 96% accuracy.

2 Related Work

Visual Object Tracking. Visual object tracking aims to localize the target object of each frame
based on its initial appearance. Previous tracking methods [22 28 146} 3], [16} 27} |5 23| 12} 41]
utilize a two-stream pipeline to decouple the feature extraction and relation modeling. Recently, the
one-stream pipeline hold the dominant role. [44 14} |15} 1} 37, (8,11} [19] combine feature extraction
and relation modeling into a unified process. These models are built upon vision transformer, which
consists of a series of transformer encoder layers. Thanks to a more adequate relationship modeling
between template and search frame, one-stream models achieve impressive performance. However,
these models suffer from low inference efficiency, which is the main obstacle to practical deployment.

Efficient Tracking. Some works have attempted to speed up tracking models. [42] utilizes neural
architecture search (NAS) to search a light Siamese network, and the searching process is complex.
[6} 10} 4} 26] design a lightweight tracking model, but the small number of parameters restricts the
accuracy to a large degree. MixFormerV2 [[13] propose a complex multi-stage model reduction
strategy. Although MixFormerV2-S achieves real-time speed on CPU, the multi-stage training
strategy is time consuming, which requires about 120 hours (5 days) on 8 Nvidia RTX8000 GPUs,
even several times the original training time of MixFormer [[14]. Any suboptimal performance
during these stages impact the final model’s performance negatively. Besides, the reduction paradigm
imposes constraints on the design of student models. To address these shortcuts, we propose the
general model compression framework, CompressTracker, to explore the roadmap toward an end-
to-end and traininig-efficient model compression for lightweight transformer-based tracker. Our
CompressTracker break the structure restriction and achieves balance between speed and accuracy.

Transformer Compression. Model compression aims to reduce the size and computational cost of
a large model while retaining as much performance as possible, and recently many attempts have
been made to speed up a large pretrained tranformer model. [18]] reduced the number of parameters
through pruning technique, and [35]] accomplished the quantization of BERT to 2-bits utilizing
Hessian information. [34} 36| 25/ 38]] leverage the knowledge distillation to transfer the knowledge
from teacher to student model and exploit pretrained model. Beyond language models, considerable
focus has also been placed on compressing vision transformer models. [33140,19,120, (7143|145 utilize
multiple model compression techniques to compress vision transformer models. MixFormerV2 [15]
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Figure 2: CompressTracker Framework. (a) In the training phase, we divide both the teacher model
and student model into an identical number of stages. We implement a series of training strategies
including replacement training, prediction guidance, and stage-wise feature mimicking, to enhance
the student model’s ability to emulate the teacher model. The dotted lines represent the randomly
selected paths for replacement training, with black dotted lines indicating the chosen path, while grey
dotted lines denote paths not selected in a specific training iteration. (b) During inference process, we
simply combine each stage of the student model for testing purposes.

proposed a two-stage model reduction paradigm to distill a lightweight tracker, relying on the complex
multi-stage distillation training. However, our CompressTracker propose an end-to-end and efficient
compression training to achieve any transformer structure compression, which speed up OSTrack
2.17x while maintaining about 96% accuracy.

3 CompressTracker

In this section, we will introduce our proposed general model compression framework, Com-
pressTracker. The workflow of our CompressTracker in illustrated in Figure [2]

3.1 Stage Division

Recently, transformer-based one-stream tracking models [8} 14} 44} [15] surpass conventional Siamese
trackers [2| [13| [12], becoming the dominant manner in the field of visual object tracking. These
models consist of several transformer encoder layers, each generating and progressively refining
temporal matching features. Building upon this layer-wise refinement, we introduce the stage division
strategy, which segments the model into a series of sequential stages. This approach encourages the
student model to emulate the teacher model’s behavior at each individual stage. Specifically, we
denote the pretrained tracker and the compressed model as feacher and student model, with N; and
N layers, respectively. Both teacher and student models are then divided into Ny stages, where each
stage in the student model encompasses a single layer, and each corresponding stage in the teacher
model may aggregate multiple layers. For a specific stage ¢, we establish a correspondence between
the stages of the teacher and student models. The objective of stage division is to enforce each stage
of the student model to replicate its counterpart in the teacher model. This stage division strategy
breaks the traditional approach that treats the model as an indivisible whole [6} 10, 4, [15]). Instead, it
enables a fine-grained learning process where the student model transfers knowledge from the teacher
in a more detailed, stage-specific manner.

Unlike the reduction paradigm adopted in [[15], which confines itself to pruning within identical
structures, our CompressTracker framework facilitates support for arbitrary transformer structures of
the student tracker, thanks to our innovative stage-wise division design. To align the size and channel
dimensions of the student model’s temporal matching features with those of the teacher model, we
implement input and output projection layers before and after the student layers, respectively. These
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projection layers serve as an adjustment mechanism to ensure compatibility between the teacher
and student models and allow for a broader range of architectural possibilities for the student model.
During the inference process, these input and output injection layers are omitted.

3.2 Replacement Training

During the training process, we adopt the replacement training to integrates teacher model and student
models, diverging from the conventional practice of training the student model in isolation. In a
specific training iteration, we implement a stochastic process to determine which stages of the student
model are to be replaced by the corresponding stages of the teacher model. For the specific stage
1, we decide whether to replace or not by random Bernoulli sampling b; with probability p, where
b; € {0, 1}. If b; equals 1, the output from the preceding stage ¢ — 1 is directed to the ¢ student stage,
otherwise, we channel the output into the ¢ frozen teacher stage. This replacement training creates
a collaborative learning environment where the teacher model dynamically supervises the student
model. The unreplaced stages of teacher provide valuable contextual supervision for a specific stage
in the student model. Consequently, the student model is not operating in parallel but is actively
engaged with and learning from the teacher’s established behaviors. For the optimization of student
model, we only require the groundtruth box and denote the loss as Ly,qc,. Upon completion of the
training process, the student model’s stages are harmoniously combined for inference. We show the
pseudocode code in Appendix [A.T]

3.3 Prediction Guidance & Stage-wise Feature Mimicking

Replacement training enables the student model to learn the behavior of each individual stage,
resulting in enhanced performance. However, merely forcing student model to emulate teacher model
may be overly challenging for a smaller-sized student. Thus, we employ the teacher’s predictions to
further guide the learning of compressed tracker. We apply the same loss as L.k for prediction
guidance, which is denoted as L,.q. With the aid of prediction guidance, student benefits from a
quicker and stable learning process, assimilating knowledge from teacher model more effectively.

While prediction guidance accelerates the convergence, the student tracker might not entirely match
the complex behavior of the teacher model. We introduce the stage-wise feature mimicking to further
synchronize the temporal matching features between corresponding stages of the teacher and student
models. This alignment is quantified by calculating the Lo distance between the outputs of these
stages, which is referred as L.,;. It is worth noting that any metric assessing the discrepancy in
feature distributions can serve as the loss function. However, we choose a simple L, distance rather
than a complex loss to highlight the effectiveness of our stage division and replacement training
strategies. The stage-wise feature mimicking not only promotes a closer similarity in the feature
representations of corresponding stages but also enhances the overall coherence between the teacher
and student models.

3.4 Progressive Replacement

In Section[3.2] we describe the replacement training strategy. Although setting the Bernoulli sampling
probability p as a constant value can realize the compression, these stages have not been trained
together at the same time and there may be some dissonance. A further finetuning step is necessary
to achieve better harmony among the stages. Thus, we introduce a progressive replacement strategy
to bridges the gap between the two initially separate training phases, fostering an end-to-end easy-to-
hard learning process. By adjusting the value of p, we can control the number of stages to be replaced.
The value of p gradually increases from p;,;; to 1.0, allowing for a more incremental and coherent
training progression:

Dinit s 0<=t<am,
p=23 Pinit + Pinit ey am <=1t <= (1 - az)m, (€]
1.0, (I1—a)m <t <=m,

where m represents the total number of training epochs, and ¢ is a specific training epoch, «; and
ag are hyper parameters to modulate the training process. Specifically, a; controls the duration of



202
203

204
205
206

207

208
209
210
211
212

213
214

215

216

217
218
219
220
221
222
223
224
225
226

LaSOT LaSOT.,; TNL2K TrackingNet UAV123

Method AUC  Pyorm P AUC p AUC P AUC  Pnorm P AUC P

FPS

CompressTracker-2 | 60.4 57, 685 615 438 | 48549y 450 | 78204 833  TA8 | 62.5400 825 | 346 5305

CompressTracker-3 | 64.9 0,, 740 684 496 | 526979 509 | 81.6gsy 867 794 | 654 95, 883 | 267 25ux
CompressTracker-4 | 66.1 ¢ 752 706 50.8 | 53.600% 52.5 | 82199,  87.6  80.1 | 67449, 88.0 | 228 5175
CompressTracker-6 | 67.5 ¢ 715 124 525 | 5471019 543 | 82949  87.8 815 | 67949 887 | 162 Lsux

CompressTracker-8 | 68.4 407, 780  73.1 530 | 5521000 548 | 833 101, 88.0 819 | 68.2995, 89.0 | 127 101x

Table 1: Compress OSTrack. We compress OSTrack multiple configurations with different layer
settings. CompressTracker-x denotes the compressed student model with *x’ layers. We report the
performance on 5 benchmarks and calculate the performance gap in comparison to the original
OSTrack. Our CompressTracker effectively achieves the balance between performance and speed.

LaSOT LaSOT.., TNL2K TrackingNet UAV123
Method ‘ AUC  Pyppm P ‘ AUC P ‘ AUC P ‘ AUC Py P ‘ AUC P ‘ FPS
MixFormerV2-S [I5 606 699 604 | 436 462 | 483 430| 758  SLI 704 | 658 868 | 325
CompressTracker-M-S | 62.0 5, 709 632 | 4454y 470 | 5025, 478 | 7.7 825  73.0 | 669957 871 | 325107,

Table 2: Compress MixFormerV2. We compress MixFormerV2 into CompressTracker-M-S with
4 layers, which is the same as MixFormerV2-S including the dimension of MLP layer. We report
the performance on 5 benchmarks and calculate the performance gap in comparison to the origin
MixFormerV2-B. Our CompressTracker-M-S outperforms MixFormerV2-S under the same setting.

warmup process, whereas as determines the length of final finetuning process. The mathematical
expectation of p for each layer is:

n 1+ pini 1 — pini
E(p) :/ pdt = [ 5 -t ;J (ag — ag)]m. 2
0

It is worth noting that each layer is optimized fewer times than the total iteration count, according to
the mathematical expectation. Through dynamically adjusting the replacement rate p, we eliminate
the requirement of finetuning and accomplish an end-to-end model compression.

3.5 Training and Inference

Our CompressTracker is a general framework applicable to a wide array of student model architectures.
For the optimization of student model, our CompressTracker solely requires an end-to-end and easy-
to-hand training process instead of multi-stage training methodologies. Furthermore, our approach
simplifies the loss function design, eliminating the need for complex formulations. During training,
teacher model is frozen and we only optimize student tracker. The total loss for CompressTracker is:

L= )\trackLtrack + A;m’ede'r‘ed + Afeatheab (3)

After training, the various stages of the student model are combined to create a unified model for the
inference phase. Consistent with previous methods [44,[14], a Hanning window penalty is adopted.

4 Experiments

4.1 Implement Details

Our framework CompressTracker is general and not dependent on a specific transformer structure,
hence we select OSTrack [44] as baseline, which is a simple and effective transformer-based tracker.
The training datasets consist of LaSOT [17]], TrackingNet [32], GOT-10K [24]], and COCO [29],
following OSTrack [44]] and MixFormerV2 [[15]. We set Atrgcr @S 1, Apreq as 1, and Ageqt as 0.2.
The p;nq¢ is set as 0.5. We train the CompressTracker with AdamW optimizer [31]], with the weight
decay as 10~* and the initial learning rate of 4 x 10~°. The batch size is 128. The total training
epochs is 500 with 60K image pairs per epoch andthe learning rate is reduced by a factor of 10 after
400 epochs. a1 and as are set as 0.1. The search and template images are resized to resolutions
of 288 x 288 and 128 x 128. We initialize the CompressTracker with the pretrained parameters of
OSTrack. We report the inference speed on a NVIDIA RTX 2080Ti GPU.
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LaSOT LaSOT.,; TNL2K TrackingNet UAV123

Method ‘ AUC  Pyym P ‘ AUC P ‘ AUC P ‘ AUC  Pyguy P ‘ AUC P ‘ FPS
SMAT (211 617 711 646 - - - | 786 842 756 | 643 39| 158
CompressTracker-SMAT | 62845, 722 640 | 43445, 460 | 496515 469 | 7970 850 754 | 6595, 864 | 138 141,

Table 3: Compress OSTrack for SMAT. We compress OSTrack into CompressTracker-SAMT
with 4 SMAT layers, which is the same as SMAT. We report the performance on 5 benchmarks and
calculate the performance gap in comparison to the original OSTrack. Our CompressTracker-SAMT
outperforms SMAT under the same setting.

LaSOT ‘ LaSOT,.; ‘ TNL2K ‘ TrackingNet ‘ UAV123
AUC Pyown P |AUC P |AUC P |AUC Pyown P |AUC P

CompressTracker-2 60.4 68.5 615 | 404 438 | 485 450 | 782 833 748 | 625 825 | 346
CompressTracker-3 64.9 740 684 | 446 49.6 | 52.6 509 | 81.6 86.7 794 | 654 883 | 267
CompressTracker-4 66.1 752 70.6 | 457 50.8 | 53.6 525 | 82.1 87.6  80.1 | 67.4 88.0 | 228
CompressTracker-6 67.5 715 724 | 46.7 525 | 547 543 | 829 878 815 | 679 887 | 162
CompressTracker-8 68.4 780 731 | 472 531 | 552 548 | 833 88.0 819 | 68.2 89.0 | 127

Method ‘ FPS

HiT-Base [26] 64.6 733  68.1 | 44.1 - - - 80.0 844 773 | 65.6 - 175
HiT-Samll [26] 60.5 683 615 | 404 - - - 777 819 731 | 633 - 192
HiT-Tiny [26] 548 605 529 | 358 - - - 746 781 688 | 53.2 - 204
SMAT [21] 61.7 71.1 646 - - - - 786 842 756 | 643 839 | 158
MixFormerV2-S [15] 60.6 699 604 | 43.6 462 | 483 43.0| 758 81.1 704 | 658 86.8 | 325
FEAR-L [6] 579 686 609 - - - - - - - - - -

FEAR-XS [6] 53.5 64.1 545 - - - - - - - - - 80
HCAT [10] 59.0 683 605 - - - - 76.6 826 729 | 63.6 - 195
E.T.Track [4] 59.1 - - - - - - 74.5 80.3  70.6 | 62.3 - 150
LightTrack-LargeA [42] | 55.5 - 56.1 - - - - 73.6 788  70.0 - - -

LightTrack-Mobile [42] | 53.8 - 53.7 - - - - 725 7719  69.5 - - 120
STARK-Lightning [41] | 58.6  69.0 579 - - - - - - - - - 200
DiMP [3] 56.9 650 567 - - - - 740 80.1 687 | 654 - 71
SiamFC++ [39] 544 623 547 - - - - 754 800 705 - - 90

Table 4: State-of-the-art comparison. We compare our CompressTracker which is compressed from
OSTrack with previous light-weight tracking models. Our CompressTracker demonstrates superior
performance over previous models.

4.2 Compress Object Tracker

In this section, we compress the pretrained OSTrack into different layer configurations. We report
the performance of our CompressTracker across these configurations in Table[I] CompressTracker-
4 compress OSTrack from 12 layers into 4 layers, and maintain 96% and 99% performance on
LaSOT and TrackingNet while achieving 2.17x speed up. Furthermore, as shown in Figure [I]
the training process of CompressTracker-4 is notably efficient, requiring only approximately 20
hours using 8 NVIDIA RTX 3090 GPUs. For CompressTracker-6 and CompressTracker-8, as
we increase the number of layers, the performance gap between our compresstracker and OSTrack
diminishes. It is worth noting that our CompressTracker even outperforms the origin OSTrack on some
benchmarks. Specifically, CompressTracker-6 reaches 54.7% AUC on TNL2K, and CompressTracker-
8 achieves 55.2% AUC on TNL2K and 83.3% AUC on TrackingNet, while the origin OSTrack only
achieves 54.3% AUC on TNL2K and 83.1% AUC on TrackingNet. Our framework CompressTracker
demonstrates near lossless compression with the added benefit of increased processing speed.

Moreover, to affirm the generalization ability of our approach, we conduct experiments on Mix-
FormerV?2 [[15] and SMAT [21]. MixFormerV2-S is a fully transformer tracking model consisting
of 4 transformer layers, trained via a complex multi-stages model reduction paradigm. Following
MixFormerV2-S, we adopt MixFormerV2-B as teacher and compress it to a student model with
4 layers. The results are shown in Table 2] Our CompressTracker-M-S share the same structure
and channel dimension of MLP layers with MixFormerV2-S and outperforms MixFormerV2-S by
about 1.4% AUC on LaSOT. SMAT replace the vanilla attention in transformer layer with sepa-
rated attention. We compress OSTrack into a student model CompressTracker-SMAT, aligning the
number and structure of transformer layer with SAMT. We maintain the decoder of OSTrack for
CompressTracker-SMAT. CompressTracker-SMAT surpasses SMAT by 1.1% AUC on LaSOT, which
demonstrates that our framework is flexible and not limited by the structure of transformer layer.
Results in Table verify the generalization ability and effectiveness of our framework.

4.3 Comparison with State-of-the-arts

To demonstrate the effectiveness of our CompressTracker, we compare our CompressTracker with
state-of-the-art efficient trackers in 5 benchmarks. As shown in Table 4] our CompressTracker
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# Init. method AUC # Init. & Opt. AUC
1 MAE-first4 59.9% 1 Random & Trainable 62.3%
2 OSTrack-first4 62.0% 2 Teacher & Frozen 62.6%
3 OSTrack-skip4  62.3% 3 Teacher & Trainable 62.8%

Table 5: Backbone Initialization. ‘MAE- Table 6: Decoder Initialization and Optimization.
first4’ denotes initializing the student model ‘Random’ denotes randomly initialized decoder, and
using the first 4 layers of MAE-B. ‘OSTrack- Teacher’ means the decoder is initialized with teacher
skip4’ represents utilizing every fourth layer parameters. ‘Frozen’ represents that the decoder is

of OSTrack for the student model. frozen, and *Trainable’ denotes decoder is trainable.
# Layer Split AUC # Epochs AUC
1 Even 62.8% 1 300 65.2%
2 Uneven 62.7% 2 500 66.1%

Table 7: Stage Division. ‘Even’ denotes evenly divid-  Table 8: Training Epochs. 300’
ing stage strategy, and ‘Uneven’ means that the layer ~ and ’500’ denote the total training
number of each stage in teacher model is 2,2,6,2. epochs.

Table 9: Ablation studies on LaSOT. The default choice for our model is colored in gray .

outperforms previous efficient trackers. Both HiT [26] and SMAT [21] are solely trained on the
groundtruth and reduce computation through specialized network architectures. MixFormerV2-S [15]
achieves model compression via a model reduction paradigm. Our CompressTracker-4 achieves
66.1% AUC on LaSOT while maintaining 228 FPS. CompressTracker-4 outperforms HiT-Base
by 1.5% AUC on LaSOT without any specialized model structure design. CompressTracker-4
achieves the balance between speed and accuracy. Meanwhile, our CompressTracker-2, with just two
transformer layers, maintains the highest speed at 346 FPS and also obtains competitive performance.
CompressTracker-2 surpasses HiT-Tiny by 5.6% AUC on LaSOT, and achieves about the same
performance as MixFormerV2-S with only two transformer layers. As we add more transformer
layers with CompressTracker-6 and CompressTracker-8, we see further improvements in performance.
These outcomes demonstrate the effectiveness of our CompressTracker framework.

Prediction Feature Replacement AUC 68 67.5
Guidance Mimicking Traininig /66/; 7
1 62.8 652 S o
2 v 63.5 643
3 v 633 538 _—
4 v 63.7 ooa 62.8
5 v 64.1 3
6 v v 64.5 2
60.7,
7 ' v 64.3 60
8 v v v 65.2
58.6
. . —e— Naive Training
Table 10: Ablation studies on LaSOT to Distl Training
% —e— CompressTracker

analyze the supervision of student model.

The default choice for our model is col- . o
ored in gray . Figure 3: Ablation study on training strategy.

4.4 Ablation Study

In this section, we conduct a series of ablation studies on LaSOT to explore the factors contributing to
the effectiveness of our CompressTracker. Unless otherwise specified, the teacher model is OSTrack,
and the student model has 4 encoder layers. The student model is trained for 300 epochs. Please see
Appendix [A.2]for more analysis.

Backbone Initialization. We initialize the backbone of student model with different parameters and
only train the student model with groundtruth supervision. The results are shown in Table[3] It can
be observed that utilizing the knowledge from teacher model is crucial. Moreover, initializing with
skipped layers (#3) yields slightly better performance than continuous layers. This suggests that
initialization with skipped layers leads to improved representation similarity.

Decoder Initialization and Optimization. We investigate the influence of decoder’s initialization and
optimization on the accuracy of student tracker in Table[6] Initializing the decoder with parameters
from the teacher model (#2) results in an improvement of approximately 0.3% compared to a decoder
initialized randomly (#1), which underscores the benefits of transferring knowledge from the teacher
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model to enhance the accuracy of the student model’s decoder. Furthermore, making the decoder
trainable leads to an additional improvement of 0.2%.

Stage Division. Our stage division strategy divides the teacher model into the several stages, and we
explore the stage division strategy in Table[7] We design two kinds of division strategy: even and
uneven, For the even division, we evenly split the teacher model’s 12 layers into 4 stages, with each
stage comprising 3 layers. For uneven division, we follow the design manner in [22} 30] and divide
the 12 layers at a ratio of 1:1:3:1. Consequently, the number of layers in each stage of the teacher
model is 2, 2, 6, and 2, respectively. The performance of the two approaches is comparable, leading
us to select the equal division strategy for simplicity.

Analysis on Supervision. We conduct a series of experiments to comprehensively analyze the
supervision effects on the student model and to verify the effectiveness of our proposed training
strategy. Results are presented in Table Our proposed replacement training approach (#4)
improves by 0.9 % AUC compared to singly training student model on groundtruth (#1), which
demonstrates that the replacement training enhances the similarity between teacher and student
models. Besides, prediction guidance (#5) and feature mimicking (#8) further boost the performance,
indicating the effectiveness of the two strategies. Compared to only training on groundtruth (#1), our
proposed replacement training, prediction guidance and feature mimicking collectively assist student
model in more closely mimicking the teacher model, resulting in a total increase of 2.4% AUC.

To further explore the generalization ability of our proposed training strategy, we compare the
performance of models with different layer numbers and training settings, as illustrated in Figure 3]
’Naive Training’ denotes that the student model is trained without teacher supervision and replacement
training. ’Distill Training’ represents that the student model is trained only with teacher supervision.
’CompressTracker’ refers to the same training setting in Table|[I10|#8. It can be observed that as the
number of layers increases, there is a corresponding improvement in accuracy. Our CompressTracker
shows a noticeable performance boost due to our proposed training strategy, which verifies the
effectiveness and generalization ability of our framework.

Training Epochs. Based on the analysis in Section the optimization steps for each layer are
lower than total training steps. Thus, to ensure adequate training of each stage, we increase the
training epochs from 300 to 500, and show the result in Table [§] Extending the training epochs
ensures that student models receive comprehensive training, leading to improved accuracy.

5 Limitation

While our CompressTracker demonstrates promising performance and generalization, its training
is somewhat inefficient, requiring about 2 x time compared to training a student model on ground
truth data (20h vs. 8h on 8 NVIDIA 3090 GPUs, as shown in Figure[T](a)). Moreover, a performance
gap still exists between the teacher and student models suggests room for improvement in lossless
compression. Future efforts will focus on developing more efficient training methods to boost student
model accuracy and decrease training duration.

6 Broader Impacts

Our CompressTracker framework efficiently compresses object tracking models for edge device
deployment but poses potential misuse risks, such as unauthorized surveillance. We recommend users
to carefully consider the real-world implications and adopt risk mitigation strategies.

7 Conclusion

In this paper, we propose a general compression framework, CompressTracker, for visual object
tracking. We propose a novel stage division strategy to separate the structural dependencies between
the student and teacher models. We propose the replacement training to enhance student’s ability
to emulate the teacher model. We further introduce the prediction guidance and stage-wise feature
mimicking to improve performance. Extensive experiments verify the effectiveness and generalization
ability of our CompressTracker. Our CompressTracker is capable of accelerating tracking models
while preserving performance to the greatest extent possible.
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Algorithm 1 Pseudocode of OSTrack in a PyTorch-like style

# z/x: RGB image of template/search region

# patch_embed: patch embedding layer,

# pos_embed_z/pos_embed_z: position embedding for template/search region
# blocks: transformer block layers

# decoder: decoder network

def forward(x, z):
# patch embedding layer
X, z = patch_embed(x), patch_embed(z)

# add position embedding
X, z = X + pos_embed_x, z + pos_embed_z

# concat
x = torch.cat([z, x], dim=1)

# transformer layers
for i, blk in enumerate(blocks):
x = blk(x)

# decode the matching result
x = decoder(x)

A.1 Replacement Training

We present the pseudocode for the training and testing phases of CompressTracker in Algorithm 2]
and Algorithm [3] respectively. Additionally, the pseudocode of OSTrack [44] is also shown in
Algorithm[I] During training process, we employ Bernoulli sampling to implement a replacement
training strategy, while in the test phase, we integrate the student layers and discard the teacher layer.

#  Replacement  AUC Tr;‘::;:g #  Replacement AUC # Model Tr;;::;'g
1 oo 65.2% 12h 1 w/ Progressive 65.2% 1 CompressTracker-4 20 h
. OSTrack 17h
2 Decouple-300  64.6% 16 h 2 w/o Progressive  64.8% 3 MixFormerV2-S 120 h
Table 11: Ablation study on re- Table 12: Ablation study on Table 13: Training Time com-
placement training. progressive replacement. parison.
67
/“f"su 660 * —e— Naive Training 2

CompressTracker

AUC %
2
N
) a
a
Training Time (h)
o

‘ 1 y
62.3
—e— CompressTracker-3
EV CompressTracker-4
—e— CompressTracker-6 s_/"/J/
] 03 05 07 08

CompressTracker-2  Compressiracker-3  CompressTracker-4  CompressTracker-6  Compressiracker-8

Figure 4: Ablation study on different replace-

ment probability, Figure 5: Training Time.
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Algorithm 2 Pseudocode of CompressTracker for Training in a PyTorch-like style

z/x: RGB image of template/search region

patch_embed: patch embedding layer,

pos_embed_z/pos_embed_z: position embedding for template/search region
bernoulli_sample: bernoulli sampling function with probability of p
n_s/n_t: layer number of student/teacher model

teacher_blocks: transformer block layers of a pretrained teacher
student_blocks: transformer block layers of student model

decoder: decoder network

HHHFHHFHHEH

def forward(x, z):
# patch embedding layer
X, z = patch_embed(x), patch_embed(z)

# add position embedding
X, Z = X + pos_embed_x, z + pos_embed_z

# concat
x = torch.cat([z, x], dim=1)

# replacement sampling
inference_blocks = []
for i in range(n):
if bernoulli_sample() == 1:
inference_blocks.append(student_blocks[i])
else:
for j in range(n_t//n_s):
inference_blocks.append(teacher_blocks[i*(n_t//n_s) + jl)

# randomly replaced transformer layers
for i, blk in enumerate(inference_blocks):
x = blk(x)

# decode the matching result
x = decoder(x)

Algorithm 3 Pseudocode of CompressTracker for Testing in a PyTorch-like style

# z/x: RGB image of template/search region

# patch_embed: patch embedding layer,

# pos_embed_z/pos_embed_z: position embedding for template/search region
# student_blocks: transformer block layers of student model

# decoder: decoder network

def forward(x, z):
# patch embedding layer
X, z = patch_embed(x), patch_embed(z)

# add position embedding
X, Z = X + pos_embed_x, z + pos_embed_z

# concat
x = torch.cat([z, x], dim=1)

# transformer layers
for i, blk in enumerate(student_blocks):
x = blk(x)

# decode the matching result
x = decoder(x)

13



463

464

466

467

469
470
471
472
473
474
475
476
477
478
479
480
481

484

504

A.2 More Ablation Study

We represent more ablation studies on LaSOT to explore the factors contributing to effectiveness of
our CompressTracker. Unless otherwise specified, teacher model is OSTrack,and student model has 4
encoder layers. The student model is trained for 300 epochs, and the p;,; is set as 0.5.

Replacement Training. To evaluate the efficiency and effectiveness of our replacement training
strategy, we conduct a series of experiments and results are presented in Table[TT] ’Random’ denotes
our replacement training, and *Decouple-300’ represents decoupling the training of each stage. Result
of # 1 aligns with our replacement training with 300 training epochs, while in # 2, we employ a
decoupled training approach for each stage. Initially, we substitute the first stage of the teacher
model with its counterpart in the student model, training the first stage for 75 epochs. Subsequently,
the first trained stage of the student model is frozen, and the second stage undergoes training for
an additional 75 epochs. Following this iterative process, we train the four stages cumulatively
over 300 epochs, with an additional 30 epochs for fine-tuning. The *Decouple-300’ (# 2) approach
achieves 64.6% AUC on LaSOT with the same training epochs, marginally lower by 0.6% AUC
than our replacement training strategy (# 1). The *Decouple-300° approach (# 2) requires a complex,
multi-stage trainingalong with supplementary fine-tuning, while our CompressTracker operates on an
end-to-end, single-step basis. Besides, the "Decouple-300’ approach may suffer from suboptimal
outcomes at a specific training process, but our CompressTracker can avoid this problem through its
unified training manner, which validates the superiority of our replacement training strategy.

Replacement Probability. We investigate the impact of replacement probability on the accuracy of
student model in Figure d] We maintain a constant replacement probability instead of implementing
the progressive replacement strategy and train the student model with 300 epochs and 30 extra
finetuning epochs. It can be observed from Figure [ that performance is adversely affected when
the replacement probability is set either too high or too low. Optimal results are achieved when the
replacement probability is within the range of 0.5 to 0.7. Specifically, a too low probability leads to
inadequate training, whereas a too high probability may result in the insufficient interaction between
teacher model and student tracker. Thus, we set the p;,;+ as 0.5 based on the experiment result.

Progressive Replacement. In Table|12] we illustrate the impact of progressive replacement strategy.
The first row (# 1) corresponds to the same setting of CompressTracker, while in the second row (# 2)
we fix the sampling probability as 0.5 and the student model is trained with 300 epochs followed by
30 finetuning epochs. The absence of progressive replacement leads to a performance degradation of
0.4% AUC, thereby highlighting the efficacy of our progressive replacement approach.

Training Time. We compare the training time of CompressTracker with 500 training epochs across
different layers in Figure 5] ’Naive Training’ denotes solely training on groundtruth data with
300 epochs, and *CompressTracker’ represents our proposed training strategy with 500 epochs.
The training time is recorded on 8 NVIDIA RTX 3090 GPUs. Besides, the training times of
our CompressTracker-4, OSTrack, and MixFormerV2-S are presented in Table Although our
CompressTracker requires a longer training time compared to the *Naive Training’, the increased
computational overhead remains within acceptable limits. Moreover, MixFormerV2-S is trained
on 8 Nvidia RTX8000 GPUs, and we estimate this will take roughly 80 hours on 8 NVIDIA RTX
3090 GPUs based on the relative computational capabilities of these GPUs. The training time of our
CompressTracker-4 is significantly less than that of MixFormerV2-S, which validate the efficiency
and effectiveness of our framework.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We summarize our contribution in the abstract and introduction.
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims

made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the limitations of our work in our maniscript.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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557 Justification: We do not include theoretical results.

558 Guidelines:

559 * The answer NA means that the paper does not include theoretical results.

560  All the theorems, formulas, and proofs in the paper should be numbered and cross-
561 referenced.

562 * All assumptions should be clearly stated or referenced in the statement of any theorems.
563 * The proofs can either appear in the main paper or the supplemental material, but if
564 they appear in the supplemental material, the authors are encouraged to provide a short
565 proof sketch to provide intuition.

566 * Inversely, any informal proof provided in the core of the paper should be complemented
567 by formal proofs provided in appendix or supplemental material.

568 * Theorems and Lemmas that the proof relies upon should be properly referenced.

569 4. Experimental Result Reproducibility

570 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
571 perimental results of the paper to the extent that it affects the main claims and/or conclusions
572 of the paper (regardless of whether the code and data are provided or not)?

573 Answer: [Yes]

574 Justification: We include all the details in our paper, including datasets, model, and training
575 details. Other researchers can reproduce our result easily, and we will release our code once
576 our work is accepted.

577 Guidelines:

578 * The answer NA means that the paper does not include experiments.

579 * If the paper includes experiments, a No answer to this question will not be perceived
580 well by the reviewers: Making the paper reproducible is important, regardless of
581 whether the code and data are provided or not.

582 * If the contribution is a dataset and/or model, the authors should describe the steps taken
583 to make their results reproducible or verifiable.

584 * Depending on the contribution, reproducibility can be accomplished in various ways.
585 For example, if the contribution is a novel architecture, describing the architecture fully
586 might suffice, or if the contribution is a specific model and empirical evaluation, it may
587 be necessary to either make it possible for others to replicate the model with the same
588 dataset, or provide access to the model. In general. releasing code and data is often
589 one good way to accomplish this, but reproducibility can also be provided via detailed
590 instructions for how to replicate the results, access to a hosted model (e.g., in the case
591 of a large language model), releasing of a model checkpoint, or other means that are
592 appropriate to the research performed.

593 * While NeurIPS does not require releasing code, the conference does require all submis-
594 sions to provide some reasonable avenue for reproducibility, which may depend on the
595 nature of the contribution. For example

596 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
597 to reproduce that algorithm.

598 (b) If the contribution is primarily a new model architecture, the paper should describe
599 the architecture clearly and fully.

600 (c) If the contribution is a new model (e.g., a large language model), then there should
601 either be a way to access this model for reproducing the results or a way to reproduce
602 the model (e.g., with an open-source dataset or instructions for how to construct
603 the dataset).

604 (d) We recognize that reproducibility may be tricky in some cases, in which case
605 authors are welcome to describe the particular way they provide for reproducibility.
606 In the case of closed-source models, it may be that access to the model is limited in
607 some way (e.g., to registered users), but it should be possible for other researchers
608 to have some path to reproducing or verifying the results.

609 5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We provide the core pseudocode in appendix, and we will release our code
after acceptance.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We include all the details in our paper, including datasets, model, and train-
ing details. Other researchers can reproduce our result easily. We also provide the core
pseudocode in appendix.

Guidelines:

» The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: Our paper does not report error bars.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

17


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

660
661
662

663
664

665

666
667

668
669
670

671
672
673

674
675

676

677
678
679

680

681

682

683

684
685

686
687

688
689
690

691

692
693

694

695

696

697

698
699

700
701

702

703
704

705

706

707

708

709
710

8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide the type of GPU we used and time of execution
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: Our research conforms with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss the potential negative societal impacts.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: We describe the safeguards in our paper.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All the code, data and models we used are credited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We do not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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