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Abstract

Referring multi-object tracking (RMOT) aims to detect and
track specific objects based on natural language expres-
sions. Previous methods typically rely on sentence-level
vision-language alignment, often failing to exploit fine-
grained linguistic cues that are crucial for distinguishing
objects with similar characteristics. Notably, these cues
play distinct roles at different tracking stages and should be
leveraged accordingly to provide more explicit guidance. In
this work, we propose DKGTrack, a novel RMOT method
that enhances language comprehension for precise object
tracking by decoupling language expressions into local-
ized descriptions and motion states. To improve the accu-
racy of language-guided object identification, we introduce
a Static Semantic Enhancement (SSE) module, which en-
hances region-level vision-language alignment through hi-
erarchical cross-modal feature interaction, providing more
discriminative object representations for tracking. Further-
more, we propose a Motion Perception Alignment (MPA)
module that explicitly aligns object queries with motion de-
scriptions, enabling accurate object trajectory prediction
across frames. Experimental results on multiple RMOT
benchmarks demonstrate the effectiveness of our method,
which achieves competitive performance in challenging
tracking scenarios. The code is available at https://
github.com/acyddl/DKGTrack.

1. Introduction

Referring multi-object tracking (RMOT) aims to detect and
track objects of interest in video sequences guided by natu-
ral language expressions. This emerging task bridges com-
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Figure 1. Comparison of different pipelines using natural language
as referring guidance. Previous methods rely solely on video-level
referring expression comprehension, leading to incorrect associ-
ations in complex scenarios. In contrast, our method decouples
language and uses fine-grained knowledge as referring guidance,
giving more accurate tracking performance.

puter vision and natural language processing, representing
a critical vision-language problem in multi-modal informa-
tion interaction. RMOT has gained significant research at-
tention due to its potential in real-world applications, such
as video editing [14] and autonomous driving [49]. Al-
though RMOT shares historical roots with traditional multi-
object tracking, it distinguishes itself by leveraging natural
language expressions to track referred objects. Notably, re-
cent datasets like Refer-KITTI-V2 [48] have highlighted the
importance of semantic diversity in this field, emphasizing
the necessity to comprehend language expressions close to
real-world scenarios.

Existing RMOT methods typically transform natural lan-
guage expressions into a single sentence embedding as the
reference. For instance, TransRMOT [40] and TempRMOT
[48] employ a cross-modal encoder to fuse whole sentence
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embeddings with image-level features for language com-
prehension. iKUN [7] adopts a two-stage paradigm, which
first generates object tracklets and then selects the most rel-
evant ones based on the given language expressions. How-
ever, these methods rely on coarse similarity measurements
between targets and sentence embeddings, failing to ex-
ploit fine-grained linguistic cues. This limitation makes it
challenging to distinguish objects with highly similar sen-
tence embeddings. Moreover, objects in video sequences
exhibit diverse motion states and localized descriptions.
Since image-level features are insufficient to capture motion
states, and localized descriptions may overshadow the mo-
tion cues, simply combining the two may result in ambigu-
ous target identification. As shown in Fig. 1(a), when the
white vehicle is moving on the left, the tracker incorrectly
identifies it as parking. Furthermore, using the entire sen-
tence to match the existing trajectories makes it difficult for
the model to align language expressions with specific tar-
gets. As shown in Fig. 1(b), this misalignment confuses the
tracker during the matching process, resulting in the miss-
ing of the red vehicle parking on the left.

In this paper, we propose DKGTrack, a novel referring
multi-object tracking method that decouples language and
leverages fine-grained knowledge as referring guidance to
address the above limitations. By precisely integrating se-
mantic information into the tracker, DKGTrack enhances
comprehension of natural language and enables accurate
object tracking. Specifically, DKGTrack uses a pre-trained
language model to extract motion states and localized de-
scriptions from language expressions. Localized descrip-
tions are used to detect potential candidates based on static
visual features within each frame, while motion states dis-
tinguish candidates that conform to the described motion.
This enables localized descriptions and motion states to
complement each other, improving the understanding of re-
ferring expressions and video content. To precisely capture
and align region-level features with localized descriptions,
we propose a Static Semantic Enhancement (SSE) mod-
ule, which enables interactions between sentence embed-
ding and initialized queries to generate appropriate queries
for tracking. Next, we introduce a Recurrent Text Guid-
ance (RTG) strategy to enhance alignment between the re-
fined image features generated by the Transformer encoder
and the localized descriptions. Unlike previous image-level
feature fusion methods, RTG complements image features
with localized descriptions to obtain more comprehensive
representations. These enhanced features guide the learning
of local features, where target queries interact with refined
image features to generate discriminative target represen-
tations. Finally, the correlation similarity between region-
level features and individual words in the sentence is calcu-
lated to minimize redundant background interference.

Moreover, to alleviate the challenge of aligning track-

lets with object motion states across the temporal domain,
we propose a Motion Perception Alignment (MPA) module.
The MPA module leverages motion descriptions from lan-
guage expressions to assist object queries in comprehending
temporal information. By aligning motion descriptions with
object queries, MPA bridges the gap between visual and
language modalities, enabling a coherent understanding of
object trajectories. As a result, DKGTrack significantly im-
proves the matching accuracy of object tracklets, ensuring
stable tracking in complex environments. Furthermore, by
integrating motion information with object queries gener-
ated by the Transformer decoder, DKGTrack enhances mo-
tion awareness, improving detection and tracking accuracy
in the current frame while selecting matching object track-
lets. The main contributions are summarized as follows:
• We propose DKGTrack, a novel referring multi-object

tracking method that decouples language and leverages
fine-grained knowledge as guidance, achieving excep-
tional performance in tracking specific objects in videos.

• We introduce a static semantic enhancement module to
improve the model’s ability to identify referred regions at
the image level and a recurrent text guidance strategy to
further capture local expressions.

• We propose a motion perception alignment module,
which enhances temporal awareness of objects. This en-
ables more accurate object association based on motion
states obtained from language expressions.

• Extensive experiments on multiple benchmarks show that
DKGTrack outperforms existing methods and achieves
significant performance gains in challenging scenarios.

2. Related work
Multi-Object Tracking. Multi-object tracking [13, 17, 31,
39, 43, 44] aims to simultaneously track multiple objects in
complex scenarios. Most existing methods [3, 10, 19, 29,
30, 35] adopt the tracking-by-detection paradigm [8, 18],
which first detects objects in individual frames and then as-
sociates them based on their identities. For example, Byte-
track [46] links nearly all detected bounding boxes rather
than restricting associations to high-confidence detections,
improving the recall performance in crowded scenes. OC-
SORT [1] enhances traditional Kalman filter-based tracking
by incorporating object observations to correct error accu-
mulations during occlusions, improving robustness against
non-linear motion. DiffMOT [26] introduces a decoupled
diffusion-based motion predictor to model diverse non-
linear object motions. However, these methods rely on
separate detection and tracking phases, which often lead to
high computational costs and complexity. To address these
limitations, end-to-end methods integrate object detection
and tracking into a unified framework, enabling joint opti-
mization and improving tracking efficiency. For instance,
PermaTrack [36] incorporates a spatial-temporal recurrent
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Figure 2. The overall architecture of the proposed DKGTrack. First, the image backbone and language model extract discrete visual
embeddings and text embeddings for a given image and corresponding text prompts, respectively. Second, the motion states and localized
descriptions are extracted from text embeddings via a pre-trained language model. Then, the object queries are refined through global-
context interaction, and the recurrent text guidance strategy is used to enhance alignment between image features and language descriptions.
Finally, the motion perception alignment module aligns motion descriptions with object queries, ensuring coherent trajectory prediction.

memory module to reason about object permanence, en-
abling robust tracking even under full occlusion. Similarly,
Memotr [9] enhances object association by stabilizing and
distinguishing track embeddings through long-term mem-
ory infusion with a customized memory-attention layer. Al-
though these methods improve tracking robustness, they
fundamentally operate under traditional paradigms that in-
discriminately track all detected objects. In contrast, the
proposed DKGTrack introduces explicit cross-modal inter-
action mechanisms to achieve fine-grained vision-language
alignment, enabling the precise tracking of referred objects
in challenging scenarios.

Referring Understanding. Referring understanding [6,
16, 42, 47, 50] has emerged as a significant research task
in recent years, aiming to identify specific objects using
natural language or audio descriptions. For image-based
methods, APE [33] introduces a universal visual percep-
tion model that simultaneously aligns all objects in an im-
age with text prompts for object detection and instance seg-
mentation. PPT [4] proposes a point generator and a multi-
source curriculum learning strategy to enhance segmenta-
tion precision by integrating the CLIP’s text-image align-
ment and SAM’s mask generation capabilities. Groundin-
gREC [5] integrates the local subject with low-layer fea-
tures and global context with high-layer features, enabling
fine-grained object counting within the same class based
on language descriptions. ReferDiffusion [23] employs a
multi-stage training strategy to improve the identification
accuracy of specific objects using text prompts. For video-
based methods, OnlineRefer [41] enhances video-based re-
ferring description comprehension by leveraging dense fea-
ture aggregation and cross-modal fusion. TransRMOT [40]

and TempRMOT [48] integrate textual modules into exist-
ing trackers to track objects of interest with language guid-
ance. UVLTrack [27] seamlessly handles the target ref-
erences with a modality-adaptive design for robust track-
ing. QueryNLT [32] integrates temporal visual templates
and linguistic expressions through prompt modulation, en-
suring spatial-temporal consistency and accurate target lo-
calization. However, these methods struggle to comprehend
fine-grained textual cues and leverage precise language ex-
pressions to localize referred objects and infer their motion
states. To address these limitations, our method decouples
language information into localized descriptions and mo-
tion states to better understand the referring language.

3. Method

3.1. Overview

We propose DKGTrack, which leverages fine-grained
knowledge derived from language descriptions to enhance
tracking performance through two key components: the
Static Semantic Enhancement (SSE) module, which im-
proves image-level localization, and the Motion Perception
Alignment (MPA) module, which incorporates motion in-
formation into the tracking process. Specifically, given a
video sequence V consisting of T frames and the corre-
sponding referring language expression E consisting of L
words, we first extract image features FS using ResNet50
[11] and linguistic features using the pre-trained RoBERTa
model [24], which generates a sentence embedding FG and
word-level features FW . Next, the FW are decoupled into
motion states FM and localized descriptions FL using a bi-
nary mask Mv , which is generated by analyzing the lin-
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guistic properties of each word. The object queries Qi are
initialized by the sentence embedding FG, while image fea-
tures FS undergo cross-modal interaction with word-level
features FW to generate modality-enhanced visual features
FI . Subsequently, the RTG strategy progressively refines
Ql using localized descriptions FL to capture spatial in-
formation about candidates. Finally, the MPA module em-
beds motion information into queries. These queries are
then used to construct a memory bank M, which stores
query embeddings from previous frames and updates object
queries in the current frame to improve tracking robustness.

3.2. Text Decoupling
Existing referring multi-object tracking methods typically
encode sentences into single-sentence embeddings. How-
ever, these embeddings lack fine-grained understanding and
have difficulty in handling complex sentence structures. To
address this limitation, we decouple the whole sentence E
into localized descriptions FL and motion states FM , en-
abling a more precise understanding of the sentence com-
ponents relevant to object localization and motion charac-
teristics. This process can be formalized as follows:

FM = Mv ⊙ E , FL = (1−Mv)⊙ E , (1)

where Mv ∈ RL×1 is a binary mask automatically gener-
ated based on part-of-speech tags of the language E . Each
element mi ∈ Mv is 1 for motion-relevant embeddings and
0 for other embeddings. ⊙ denotes the element-wise mul-
tiplication. FL captures static attributes such as object cat-
egory, color and relative position, while FM contains mo-
tion states like object dynamics. These embeddings are pro-
cessed in different branches: FL refines object queries for
precise localization, while FM is integrated into the MPA
module to improve the temporal consistency of targets.

3.3. Static Semantic Enhancement
We propose the SSE module to align image-level features
with language representations to extract the most relevant
visual cues, which effectively alleviates the complicating
object localization caused by the interference of motion de-
scriptions. Given a set of queries Qi and refined image-
level features F ′

I generated by the Transformer encoder. In
order to clarify the targets for tracking, we integrate seman-
tic information from the sentence embedding FG into the
Qi through the global context enhancement process to gen-
erate language-aware object queries:

Ql = Qi + σSoftmax

(
QiF

T
G√
d

)
FG, (2)

where Ql is used as the input to the first layer of the de-
coder. σ is a temperature parameter controlling the degree
of semantic enhancement, and d is a scaling factor to stabi-
lize attention scores.
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Figure 3. An illustration of the recurrent text guidance mechanism,
which iteratively refines object queries using a bidirectional atten-
tion mechanism to fuse image features F ′

I and word-level features
FL followed by multi-modal matching to focus on semantically
relevant regions. Then the self-attention mechanism and a feed-
forward network are used to refine the queries, ensuring robust
spatial and semantic alignment for accurate tracking.

To further refine the cross-modal alignment, we intro-
duce a recurrent text guidance strategy that iteratively up-
dates object queries using both visual and language features.
As shown in Fig. 3, we first use a bidirectional attention
mechanism BiAttn(·, ·) to complement the image features
F ′
I and the word-level features FL as follows:

F̂I , F̂L = BiAttn(F ′
I , FL), (3)

where BiAttn(·, ·) computes the attention weights between
the two modalities, enhancing alignment between visual
features and localized descriptions. F̂I represents the im-
age features enriched with linguistic information, while F̂L

denotes the word-level features refined by using the visual
context information. Next, the object queries Ql are up-
dated by interacting with the enriched visual features F̂I

using a deformable attention mechanism as follows:

Q′
l = DeformAttn(F̂I ,Ql), (4)

where Q′
l represents queries aligned with visual informa-

tion, and DeformAttn(·, ·) denotes the combination of
the self-attention mechanism and the cross-attention mech-
anism. This ensures the queries focus on semantically rel-
evant regions, improving the localization accuracy of the
referred objects. Subsequently, we refine the queries using
the localized descriptions F̂L:

Q′
s = Q′

l + Softmax

(
f(Q′

l, F̂L)√
d

)
F̂L, (5)

where Q′
s represents the language-enhanced object queries,

and f(·, ·) denotes the similarity measure. This step ef-
fectively bridges the gap between vision and localized de-
scription, ensuring semantic accuracy in object queries.
Finally, the self-attention mechanism is applied to model
inter-object relationships, followed by a feedforward net-
work to refine the object representations:

Qm = FFN(SelfAttn(Q′
s)), (6)
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where Qm represents the object queries generated by the
static semantic enhancement module. Such a way ensures
effective cross-modal feature fusion, query enhancement
and multi-object localization, improving the robustness of
referring multi-object tracking.

3.4. Motion Perception Alignment
A significant challenge in referring multi-object tracking
lies in accurately identifying and aligning object motions
across multiple frames. Previous methods [37, 48] simply
utilize the coarse temporal encoding to enhance the percep-
tion of temporal dynamics. However, those methods only
improve the temporal perception of all candidates without
paying attention to the queried objects. Consequently, they
may fail to effectively align the dynamic changes of targets
with the corresponding language expressions. Notably, lan-
guage descriptions inherently provide motion cues across
different time spans, such as the short-term or long-term
motion of the targets. To address this limitation, we propose
a motion perception alignment module, which aligns lan-
guage expressions with target trajectories by enhancing the
motion properties of object queries. Specifically, we first
use the Hungarian matching algorithm [15] Matcher(·, ·)
to associate the objects Qm detected in the current frame
with existing tracklets:{

Qt
h = Matcher(Q̃t−1

m ,Qt
m), t ∈ [2, T ]

Qt
h = Qt

m, t = 1
, (7)

where Qh denotes object queries related to the localized de-
scriptions. In this way, we obtain the object trajectories T
in the current frame. Subsequently, the motion states FM is
used to update object queries Qh:

Q′
h = Qh + βSoftmax

(
f(Qh, F

T
M )√

d

)
FM , (8)

where Q′
h is the motion-enhanced object queries, and β is

a temperature parameter controlling the degree of motion
state enhancement. Next, we use the temporal positional
encoding to further enhance temporal awareness of the ob-
ject representation. We construct a normalized temporal se-
quence as follows:

ts =
2πk

T − 1
, k ∈ {0, 1, ..., T − 1} (9)

where T is the total number of frames, and k represents the
index of the current frame in the sequence. The temporal
positional embedding is then computed as follows:

Tem =

{
sin( ts

100002⌊k/2⌋/d ), k mod 2 = 0

cos( ts
100002⌊k/2⌋/d ), k mod 2 ̸= 0

, (10)

where d is the embedding dimension, ⌊·⌋ denotes the floor
function. The sin(·) and cos(·) functions are used to encode

the temporal information in a way that preserves both high-
frequency and low-frequency patterns, enabling the model
to capture temporal dynamics. Next, The motion-enhanced
object queries Qt are obtained as follows:

Qt = Q′
h + Tem, (11)

where the object queries Qt are subsequently refined by
a motion-state aware memory bank M through a cross-
attention mechanism, thereby enhancing the model’s ability
to capture temporal dependencies and understand complex
temporal dynamics. The memory bank M captures rich
contextual information and contains object variations across
previous frames. As newly detected objects are added, the
oldest instances in the M are progressively removed to
maintain memory efficiency. By jointly modeling motion
states and temporal embeddings, our MPA module effec-
tively aligns language expressions with object trajectories,
facilitating precise referring multi-object tracking.

3.5. Training Loss
The training loss of DKGTrack consists of localization loss,
classification loss and referring loss. For precise object lo-
calization, we employ a combination of L1 loss and gener-
alized IoU (GIoU) loss for bounding box regression:

Lloc =
1

S

S∑
i=1

(1−GIoU(b̂i, bi))+
1

S

S∑
i=1

||b̂i−bi||1, (12)

where b̂i and bi are the predicted and ground-truth bounding
boxes, respectively. S is the total number of matched ob-
jects. GIoU(·, ·) measures the intersection over the union
of the predicted and ground-truth bounding boxes. This
combination of losses ensures smooth penalization for mis-
alignment in object localization. For classification, we use
the focal loss [22] to handle class imbalance and emphasize
hard-to-detect objects, improving robustness in cluttered or
occluded scenes. In implementation, the focal loss is calcu-
lated as follows:

Lcls = − 1

S

S∑
i=1

αt(1− pt)
γ log pyi

i (1− pi)
(1−yi), (13)

where αt is a weighting factor that balances the contribu-
tions of positive and negative samples. γ is the focusing pa-
rameter that adjusts the relative weight of hard examples. yi
denotes the ground-truth labels, and pi is the predicted class
probability of the ith object. pt denotes the predicted con-
fidence for a sample. Similar to the classification loss, we
employ the focal loss as referring loss to improve the cross-
modal correspondence between visual targets and language
expressions. The overall loss is defined as follows:

Lloss = λ1Lcls + λ2Lloc + λ3Lref , (14)

where λ1, λ2 and λ3 serve as weighting factors for Lcls,
Lloc and Lref , respectively.
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Method Detector E HOTA DetA AssA DetRe DetPr AssRe AssPr LocA
FairMOT [45] DLA-34 ✗ 23.46 14.84 40.15 17.40 43.58 53.35 73.15 74.77
DeepSORT [38] DLA-34 ✗ 25.59 19.76 34.31 26.38 36.93 39.55 61.05 71.34
ByteTrack [46] DLA-34 ✗ 22.49 13.17 40.62 16.13 36.61 46.09 73.39 73.90
CSTrack [2] YOLOv8 ✗ 27.91 20.65 39.10 33.76 32.61 43.12 71.82 79.51
TransTrack [34] DeformableDETR ✗ 32.77 23.31 45.71 32.33 42.23 49.99 78.74 79.48
TrackFormer [28] DeformableDETR ✗ 33.26 25.44 45.87 35.21 42.19 50.26 78.92 79.63
iKUN [7] DeformableDETR ✗ 48.84 35.74 66.80 51.97 52.25 72.95 87.09 -
EchoTrack [20] DeformableDETR ✓ 39.47 31.19 51.56 42.65 48.86 56.68 81.21 79.93
DeepRMOT [12] DeformableDETR ✓ 39.55 30.12 53.23 41.91 47.47 58.47 82.16 80.49
TransRMOT [40] DeformableDETR ✓ 38.06 29.28 50.83 40.20 47.36 55.43 81.36 79.79
TransRMOT* [40] DeformableDETR ✓ 45.65 36.15 57.86 54.58 50.65 61.15 89.96 90.33
TempRMOT‡ [48] DeformableDETR ✓ 50.31 38.48 65.93 52.23 57.88 70.98 87.76 90.40
DKGTrack (Ours) DeformableDETR ✓ 52.08 41.10 66.04 57.57 58.36 71.13 87.98 90.54

Table 1. Comparison with state-of-the-art MOT methods on the Refer-KITTI dataset. ∗ denotes the results after the frame correction
operation. E means the End-to-end methods. ‡ indicates the results reproduced using official code. The best results are highlighted in bold.

4. Experiments
4.1. Datasets and Evaluation Protocol
Datasets. We evaluate our method on two datasets: Refer-
KITTI [40] and its extended version Refer-KITTI-V2 [48].
Refer-KITTI is collected from the original KITTI dataset by
removing three video sequences and adding manually an-
notated referring expressions. It contains 15 training videos
with 660 unique descriptions and 3 test videos with 158 an-
notations. Refer-KITTI-V2 retains the full KITTI dataset
and enriches it with LLM-generated referring annotations,
including 17 training videos and 4 test videos.
Metrics. We use HOTA [25] as the primary evaluation met-
ric, which decomposes tracking performance into Detection
Accuracy (DetA) and Association Accuracy (AssA). DetA
measures the spatial alignment between predictions and the
ground truth using true positives, false negatives and false
positives under an intersection-over-union (IoU) threshold.
AssA evaluates temporal consistency by assessing correct,
missed and erroneous identity associations.

4.2. Implementation Details
We use ResNet50 [11] as the visual backbone and RoBERTa
[24] as the text encoder. The video frames are fed into the
visual backbone to extract multi-scale features, which are
projected into a shared embedding space with language fea-
tures through linear layers for cross-modal feature extrac-
tion. The lengths of the memory bank M for Refer-KITTI
and Refer-KITTI-V2 are set to 4 and 5, respectively.
Training. We initialize the model parameters using De-
formable DETR [51] pre-trained on the COCO dataset
[21], while freezing the weights of RoBERTa. We use the
AdamW optimizer with stepwise learning rates, which are

initially set to 1 × 10−5 for the visual backbone and the
output heads, and 1 × 10−4 for the other network parame-
ters. The training process runs with a batch size of 1 for 100
epochs on 4 NVIDIA RTX 3090 GPUs. The learning rates
are reduced by a factor of 10 at the 40th epoch. The tem-
perature parameters α and β are set to 0.5. The loss weights
are configured as λ1 = 5, λ2 = 2 and λ3 = 2.
Inference. During inference, our model processes video
sequences of arbitrary length along with referring expres-
sions. For each frame, objects with the classification score
higher than 0.6 are treated as foreground candidates. Track-
ing objects are considered lost if their classification scores
remain below 0.4 for five consecutive frames.

4.3. Comparisons with State-of-the-art Methods
Refer-KITTI. The proposed DKGTrack demonstrates su-
perior performance on the Refer-KITTI dataset, as shown
in Tab. 1. It achieves the HOTA of 52.08% and the DetA
of 41.10%, demonstrating its exceptional ability to accu-
rately detect and track objects based on language descrip-
tions. Although iKUN [7] shows slightly higher AssA and
AssRe due to its two-stage paradigm, DKGTrack maintains
a balanced performance in both detection and association
tasks, achieving an improvement of 6.63% in HOTA. Com-
pared with some end-to-end methods like TransRMOT [40]
and TempRMOT [48], DKGTrack achieves significant im-
provements, outperforming TransRMOT [40] by 14.09%
and TempRMOT [48] by 3.52% in HOTA. These results
show the effectiveness of DKGTrack, which decouples lan-
guage into fine-grained components and leverages them to
enhance language understanding and tracking accuracy.
Refer-KITTI-V2. We further evaluate DKGTrack on the
more challenging Refer-KITTI-V2 dataset, which intro-
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Method Detector E HOTA DetA AssA DetRe DetPr AssRe AssPr LocA
FairMOT [45] DLA-34 ✗ 22.53 15.80 32.82 20.60 37.03 36.21 71.94 78.28
ByteTrack [46] DLA-34 ✗ 24.59 16.78 36.63 22.60 36.18 41.00 69.63 78.00
iKUN [7] DeformableDETR ✗ 10.32 2.17 49.77 2.36 19.75 58.48 68.64 74.56
TransRMOT [40] DeformableDETR ✓ 31.00 19.40 49.68 36.41 28.97 54.59 82.29 89.82
TempRMOT‡ [48] DeformableDETR ✓ 33.79 20.89 53.47 31.73 37.37 58.54 82.32 90.20
DKGTrack (Ours) DeformableDETR ✓ 35.26 23.04 54.13 37.81 36.88 60.73 83.85 91.65

Table 2. Quantitative comparison with state-of-the-art MOT methods on the Refer-KITTI-V2 dataset. ∗ denotes the results after the frame
correction. ‡ indicates results reproduced using the official implementation and released weights. The best results are shown in bold.

Base MPA SSE HOTA DetA AssA LocA
✓ 50.31 38.49 65.93 90.40
✓ ✓ 51.07 39.38 66.20 90.43
✓ ✓ 51.36 40.53 65.58 90.51
✓ ✓ ✓ 52.08 41.10 66.04 90.54

Table 3. Ablation studies on the validation set of the Refer-KITTI
dataset to evaluate the contribution of different modules in the
DKGTrack. The best results of each metric are marked in bold.

duces more linguistically diverse and semantically rich ex-
pressions. As shown in Tab. 2, the proposed DKGTrack
consistently outperforms several trackers in both HOTA and
DetA. Compared with iKUN [7], DKGTrack achieves sig-
nificant improvements in both DetA and AssA. These re-
sults may be because Refer-KITTI-V2 contains more com-
plex language expressions, making it difficult to simply
match the existing tracklets with the entire sentence. Fur-
thermore, DKGTrack achieves an improvement of 4.35%
in HOTA and 10.29% in DetA compared with TempRMOT
[48]. These results highlight the ability of DKGTrack to
effectively comprehend fine-grained knowledge embedded
within natural language expressions, enabling it to accu-
rately associate objects with their corresponding language
descriptions even in complex scenarios.

4.4. Ablation Study
In this section, we conduct the ablation study to analyze the
key components of the proposed DKGTrack, quantifying
the individual and combined contributions of each compo-
nent to the overall tracking performance.
Analysis of MPA. We evaluate the effectiveness of the mo-
tion perception alignment module, which aligns motion fea-
tures with object trajectories to enhance temporal consis-
tency during tracking. As shown in Tab. 3, integrating MPA
with the baseline improves HOTA from 50.31% to 51.07%
and DetA from 38.49% to 39.38%, demonstrating its sig-
nificant contribution to both detection and tracking accu-
racy. Notably, the AssA improves to 66.20%, highlighting
MPA’s ability to maintain robust object associations over
time. However, when MPA is combined with SSE, AssA

Query: “Cars which are parking”

Figure 4. Visualization of the referring regions obtained by Tem-
pRMOT (first row) and DKGTrack (second row). While the Tem-
pRMOT fails to accurately localize certain cars, DKGTrack effec-
tively focuses on the referred objects, demonstrating its superior
localization performance and motion-aware ability.

slightly decreases to 66.04%, indicating that careful bal-
ancing of static and motion features is necessary to avoid
misalignment between them.
Analysis of SSE. We validate the effectiveness of the static
semantic enhancement module. As shown in Tab. 3, us-
ing the SSE module alone shows a marginal improvement
in DetA from 38.49% to 40.53%. This indicates that the
SSE module enhances the detection capability of the model
by utilizing fine-grained static semantic cues. However,
the AssA drops from 65.93% to 65.58%, indicating that
while SSE aids in detection, due to lack of motion state
information, it is hard to maintain temporal consistency.
When combined with MPA, the DKGTrack achieves the
best HOTA of 52.08%, demonstrating that SSE and MPA
complement each other to improve overall tracking perfor-
mance by balancing static and motion-based features. Fur-
thermore, Fig. 4 visualizes the heatmap of the Transformer
encoder’s final layer output. Compared with TransRMOT
[48], which fails to detect distant vehicles in the scene, our
method demonstrates superior localization capabilities, ac-
curately identifying and focusing on the targets.
Analysis of GCE. As shown in Tab. 4, we analyze the im-
pact of using different language features to initialize object
queries in the global context enhancement. Specifically, us-
ing entire word-level features shows insufficient for accu-
rate associations, as it fails to distinguish between mixed
motion states and localized descriptions, leading to ambigu-
ous target identification. In contrast, decoupling sentence
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(a) Query: “Vehicles in the left” (b) Query: “Right cars which are parking”

Figure 5. Qualitative comparison between TempRMOT and DKGTracker on the Refer-KITTI dataset. (a) The proposed method exhibits
greater discriminative ability for detail descriptions, accurately detecting the white vehicle on the left that is missed by TempROMT. (b)
Compared with TempRMOT, our method is able to correctly track the blue vehicle parking on the right with a high confidence score.

Input HOTA DetA AssA LocA
FW 50.51 38.49 65.93 90.40
FL 50.87 39.18 66.02 90.43
FG 51.36 40.53 65.58 90.51

Table 4. Ablation studies on using different language features to
initialize object queries.

Value HOTA DetA AssA LocA
0.1 50.33 38.86 65.31 90.30
0.3 50.23 38.29 66.04 90.53
0.5 51.07 39.38 66.20 90.43
0.7 50.78 39.13 65.96 90.25
0.9 50.21 38.14 66.23 90.20

Table 5. Ablation studies on the value of temperature parameter.

embeddings and using localized descriptions alone achieves
HOTA of 50.87% and DetA of 39.18%, highlighting the
importance of fine-grained language cues. However, this
initialization strategy cannot comprehend the full language
information, limiting its effectiveness in complex scenarios.
Using sentence-level feature achieves the highest HOTA of
51.36%, demonstrating its effectiveness in guiding queries
to accurately track referred objects.

Analysis of Temperature Parameter β. As shown in Tab.
5, We represent the results of varying the temperature pa-
rameter β in the motion perception alignment module. β
controls the degree of influence of the motion state descrip-
tions on the object queries. As the value of β increases,
the alignment between object tracklets and motion states
becomes more accurate, leading to improved tracking per-
formance. When β exceeds 0.5, a declining trend in the
evaluation metric is observed. This may be attributed to the
excessive fusion between object queries and motion state
information, which causes the original features of the tar-
get to be damaged, and ultimately leads to the inability to
accurately track the relevant targets.

4.5. Qualitative Visualization

As shown in Fig. 5, DKGTrack demonstrates exceptional
precision in tracking objects described by language expres-
sions, even under challenging conditions such as occlusions
and complex motion patterns. In contrast, TempRMOT
struggles to understand direction information and fails to
detect some referred objects, particularly in scenarios in-
volving occlusions. For instance, TempRMOT fails to track
the white vehicle that is partially occluded by the black car
on the left, while DKGTrack not only accurately identifies
the objects but also maintains robust tracking with higher
confidence scores. These results validate DKGTrack’s abil-
ity to comprehend language expressions and its robustness
in maintaining accurate tracking in complex scenarios.

5. Conclusion

In this paper, we propose DKGTrack, a novel referring
multi-object tracking method that decouples language ex-
pressions into localized descriptions and motion states to
enhance visual-language alignment. We propose a static
semantic enhancement module to capture the spatial loca-
tion of referred objects within each frame, effectively im-
proving the detection accuracy. Furthermore, the proposed
motion perception alignment module enables the model to
comprehend and align object motions, ensuring robust tem-
poral consistency. Experimental results on two challenging
benchmarks, Refer-KITTI and Refer-KITTI-V2, demon-
strate the effectiveness of DKGTrack, which achieves sig-
nificant improvements over the previous methods.
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