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Abstract

Referring Multi-Object Tracking (RMOT) aims to track mul-
tiple objects based on a provided language expression. Al-
though prior studies have sought to accomplish this by inte-
grating an textual module into the multi-object tracker, these
methods combine text and image features in a basic way, ne-
glecting the importance of text features. In this study, we pro-
pose a Hierarchical Fine-grained text-image Fusion tracker,
named HFF-Tracker, which can perform fine-grained fusion
of pixel-level visual features and text features across vari-
ous semantic levels. Specifically, we have devised a Hierar-
chical Multi-Modal Fusion (HMMF) module to merge text
and image features at an early stage in a hierarchical and de-
tailed manner. The Text-Guided Decoder (TGD) is designed
to provide the query with prior semantic information during
the decoding process. Additionally, we have crafted a Text-
Guided Prediction Head (TGPH) that utilizes text information
to enhance the performance of the prediction head. Further-
more, we have implemented an adaptive Look-Back training
strategy to maximize the utilization of valuable labeled data.
Extensive experiments on the Refer-KITTI dataset and the
Refer-KITTI-V2 dataset demonstrate that our proposed HFF-
Tracker outperforms other state-of-the-art methods with re-
markable margins.

Introduction
Referring Multi-Object Tracking (RMOT) (Wu et al. 2023a)
is a newly proposed task that addresses the limitations of tra-
ditional Multi-Object Tracking (MOT) tasks, particularly in
terms of flexibility and generalization. It aims to detect and
track all specific objects that match a given reference de-
scription frame by frame, while maintaining a unique iden-
tifier for each object. Although it is an emerging task, RMOT
has gained widespread attention due to its potential advan-
tages in various applications, including but not limited to au-
tonomous driving (Liao, Li, and Ye 2024), human-computer
interaction (Zhang et al. 2024), and animal surveys (Jiao
et al. 2023).

Despite the swift advancement of RMOT algorithms over
the past two years, current methods continue to grapple with
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Figure 1: HOTA-AssA-DetA comparisons of different track-
ers on the Refer-KITTI, and the radius of circle is DetA.
Our HFF-Tracker achieves 52.41% HOTA, 66.65% AssA
and 41.29% DetA, outperforming all previous trackers.

several challenges. Primarily, the fusion of image and text
features is frequently basic, suggesting that the information
derived from text prompts is not being fully leveraged. This
is crucial, as the data from text prompts is fundamental to
the RMOT task and directly impacts the ultimate tracking
results. Furthermore, insufficient analysis and utilization of
RMOT datasets can lead to ineffective use of valuable la-
beled data during training. Consequently, the robustness and
performance of the methods often fail to meet expectations.

Inspired by these challenges, we propose a Hierarchical
Fine-grained text-image Fusion framework, HFF-Tracker,
based on TransRMOT. This framework integrates text and
visual information at the early fusion stage, queries, and pre-
diction head. Specifically, we propose a Hierarchical Multi-
Modal Fusion module (HMMF) for fine-grained fusion of
pixel-level visual and text features across semantic levels,
generating expressive visual-textual features. We also design
a Text-Guild Decoder (TGD) that uses text features to guide
query inputs, enhancing target identification and tracking.
Furthermore, we integrate text semantic information into the
visual features of queries in the prediction head’s referring
branch, named Text-Guide Predict Head (TGPH), improv-
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ing cross-modal data learning. We also introduce a Look-
Back training strategy to enhance data utilization, first using
a Look-Back-Hard approach to mine challenging examples,
then a Look-Back-Remain method to leverage all annotated
data, improving model accuracy and robustness. As a result,
HFF-Tracker ranks 1st on Refer-KITTI, outperforming pre-
vious trackers, as shown in Figure 1.

Our key contributions are three-fold: (i) We introduce the
HFF-Tracker framework, which efficiently integrates textual
and visual features at pixel, word, and sentence levels using
HMMF, TGD, and TGPH, enhancing RMOT performance;
(ii) We propose a Look-Back training strategy, which im-
proves model performance by adaptively identifying chal-
lenging examples and maximizing labeled data usage; (iii)
We evaluate our method on Refer-KITTI and Refer-KITTI-
V2 RMOT benchmarks, and our proposed HFF-Tracker out-
performs previous state-of-the-art methods with large mar-
gins.

Related Work
RMOT Datasets
The introduction of numerous datasets has also significantly
facilitated the advancement of referring multi-object track-
ing algorithms. Initially, Wu et al. introduce the RMOT task
and construct Refer-KITTI dataset(Wu et al. 2023a), which
laid the groundwork for the swift advancement of RMOT.
The Refer-KITTI dataset, which is relabeled based on the
public KITTI dataset (Geiger, Lenz, and Urtasun 2012), se-
lects 18 videos for text description, resulting in a total of 818
textual expressions. To encompass a broad range of scenar-
ios, GroOT (Nguyen et al. 2024) is developed using official
videos and bounding box annotations from MOT17 (Milan
et al. 2016), TAO (Dave et al. 2020), and MOT20 (Den-
dorfer et al. 2020). The construction of the NuPrompt (Wu
et al. 2023b) dataset addresses the shortage of data in RMOT
tasks within 3D scenes. iKUN (Du et al. 2024) further in-
troduces Refer-Dance dataset, which extends upon common
multi-object tracking dataset DanceTrack (Sun et al. 2022).
Despite being a large dataset with 65 videos and 1,985 tex-
tual expressions, it has only 25 unique words, and 94.86%
of expressions are null (not containing any targets). In order
to reduce the cost of annotation, (Ma et al. 2024) develops
the Refer-UE-City dataset. This dataset is created using Un-
real Engine 5 (UE5) to construct a virtual world and sim-
ulate pedestrian and vehicular traffic through internal com-
ponents. Recently, Zhang et al. enhances the Refer-KITTI
dataset by incorporating 21 videos instead of the original 18
from KITTI, and by supplementing it with rich expressions.
The number of expressions in Refer-KITTI subsequently in-
creases from 895 to 9,758, leading to the creation of an im-
proved dataset named Refer-KITTI-v2 (Zhang et al. 2024).

Significant RMOT advancements have been made
through 2D scene-focused benchmarks like Refer-KITTI,
GroOT, Refer-Dance, Refer-UE-City, and Refer-KITTI-
V2. The 3D-focused NuPrompt dataset further broadens
RMOT’s potential in autonomous driving. As the first and
most utilized RMOT dataset, we selected Refer-KITTI for
benchmarking and ablation studies, facilitating comparison

with other algorithms. We also compared performance with
the state-of-the-art algorithm on the more challenging Refer-
KITTI-V2 dataset.

RMOT Algorithms
The main challenge of referring multi-object tracking
(RMOT) is modeling the semantic alignment of cross-modal
sources, such as vision and language, and handling tempo-
ral issues like object occlusion. Recent state-of-the-art so-
lutions, leveraging the Transformer’s (Vaswani et al. 2017)
flexibility and robust contextual comprehension, predomi-
nantly adopt the tracking-by-query paradigm. They integrate
a visual-text fusion component into an existing MOT frame-
work, enabling object tracking via textual descriptions. For
instance, TransRMOT (Wu et al. 2023a) improves upon the
end-to-end method MOTR (Zeng et al. 2022) by adding
an early text-visual fusion module for cross-modal input.
PromptTrack (Wu et al. 2023b) modifies the query-based
method PF-Track (Pang et al. 2023) to accommodate prompt
input and introduces a new prompt reasoning branch. MLS-
Track (Ma et al. 2024) emphasizes cross-modal semantic
understanding by integrating semantic information layer by
layer. TempRMOT (Zhang et al. 2024) considers the tempo-
ral relationship between frames, introducing a query-based
temporal enhancement module. Unlike these, iKUN (Du
et al. 2024) follows a two-stage paradigm, first extracting ob-
ject tracklets using an existing tracker, then selecting those
matching the language expression.

Despite significant advancements in existing RMOT
methods, they still have shortcomings. TransRMOT and
TempRMOT only design a simple cross-attention module
between the backbone and encoder, merging text and im-
age features, but they do not fully utilize text prompt in-
formation. Although MLS-Track improves the text-image
fusion strategy, it still operates in a coarse-grained fusion
mode and cannot correctly align image-text features. iKUN,
a two-stage method, allows for more thorough refinement
and filtering of potential candidates. However, its architec-
ture is typically complex, with higher computational de-
mands. Moreover, the performance of iKUN heavily relies
on the off-the-shelf tracker used in step 1, and they can only
recognize categories that the tracker can identify, which de-
viates from the core objective of the RMOT task. Therefore,
in this work, we propose a robust end-to-end RMOT algo-
rithm, named HFF-Tracker, which performs fine-grained fu-
sion of pixel-level visual features and text features across
different semantic levels. Additionally, we design an adap-
tive Look-Back training strategy to further utilize valuable
labeled data.

Method
Framework Overview
The overview of Hierarchical Fine-grained text-image Fu-
sion framework (HFF-Tracker) is depicted in Figure 2.
Building upon the TransRMOT, HFF-Tracker enhances its
capabilities by introducing the Hierarchical Multi-Modal
Fusion module, Text-Guide Decoder, and Text-Guide Pre-
dict Head. Additionally, drawing inspiration from Tem-
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Figure 2: The overall architecture of Hierarchical Fine-grained text-image Fusion framework (HFF-Tracker).

pRMOT, we incorporate its Temporal Enhancement Module
to bolster the model’s ability to aggregate historical informa-
tion across multiple frames. Furthermore, we have designed
a Look-Back training strategy to optimize the utilization of
datasets and to facilitate the learning of difficult examples.

Given a (video, text) pair as input, the HFF-Tracker aims
to ground all semantically matched objects within the video.
The video sequence of length N and the referring text are
denoted as video = {I1, I2, ..., IN} and text, respectively.
At timestamp t, the tth frame It is processed using a CNN
backbone to extract feature maps Ft, which include 4 level
feature maps, denoted as Ft = {F 1

t , F
2
t , F

3
t , F

4
t }. Simulta-

neously, a pre-trained linguistic model, RoBERTa (Liu et al.
2019), is employed to extract text features S. Subsequently,
we utilize the HMMF module for fine-grained integration of
word-level and sentence-level features for each layer of fea-
ture maps Ft and text features S, respectively. This process
allows us to obtain highly expressive visual-text features.
These visual-text features are then fed into an encoder for
further interaction of image and text features, enhancing the
visual-text features. Next, the learnable detect queries QD,
track queries QT

t−1 (from timestamp t − 1), the enhanced
visual-text features, and the text features S are entered into
the Text-Guide Decoder. This step endows the queries with
the ability to identify objects that match the description of
the input text. Considering the temporal relationship be-
tween video frames, we employ the Temporal Enhancement
Module to improve tracking queries across different frames.
Finally, queries containing object information are input into
the Text-Guide Predict Head to forecast the objects’ trajec-
tories in the current frame in accordance with the text de-
scription.

Hierarchical Multi-Modal Fusion Module

Cross-modal fusion of visual and textual features is pivotal
for the RMOT task, given its direct influence on the model’s
performance. The prevalent approach is to map both types of
features into a unified feature space, concatenate them, and
subsequently feed them into an encoder. This process estab-
lishes dense connections via self-attention, as demonstrated
by MDETR (Kamath et al. 2021). However, this method car-
ries a substantial computational cost due to the high volume
of tokens in images. To mitigate this computational com-
plexity, TransRMOT employs a cross-attention mechanism
before the encoder to merge visual and textual features. De-
spite its simplicity, this approach may not effectively amal-
gamate these two feature modalities and could potentially
lead to information loss. To address above problems, we
propose Hierarchical Multi-Modal Fusion (HMMF) module
to fine-grained the visual and textual features both at word-
level and sentence-level, as illustrated in Figure 3.

Given the textual features S ∈ RL×D and visual feature
maps Ft = {F 1

t , F
2
t , F

3
t , F

4
t } of frame It. Here, L rep-

resents the number of tokens and D is the feature dimen-
sion of word vectors. Also, F l

t ∈ RCl×Hl×Wl , where Cl,
Hl, Wl represents the channel, height, and width, respec-
tively. To align the channels between visual feature maps
Ft and textual features S, each feature map layer F l

t is pro-
cessed through an independent Visual Project Layer (VPL),
composed of a 1×1 convolution and group normalization.
This process reduces its channel number to d, i.e., F ′l

t ∈
Rd×Hl×Wl . Similarly, textual features S are projected into
S′ ∈ RL×d using a Text Project Layer (TPL), which con-
sists of a fully-connected layer and layer normalization.

Subsequently, we partition textual features S′ into word
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Figure 3: Diagram of the Hierarchical Multi-Modal Fusion
(HMMF) Module, which can perform fine-grained fusion of
pixel-level visual features and text features across different
semantic levels.

features S′
w ∈ R(L−2)×d and a sentence feature S′

s ∈
R1×d based on tokens. It is worth noting that the first token
signifies the semantic of the entire statement, the last token
represents the end of the statement, and the remaining tokens
correspond to the words of the input text, respectively.

Then, the word features S′
w and sentence feature S′

s

are utilized for pixel-by-pixel interaction with the lth level
visual features F ′l

t, yielding visual-word feature F vw ∈
RHl×Wl×1 and visual-sentence feature F vs ∈ RHl×Wl×1.
The specific formula is as follows:

F ′vw(i, j, k) = (
d∑

c=1

F ′l
t(i, j, n)×S′

w(k, c))∀k ∈ [1, L−2],

(1)

F vw(i, j) = Max(F ′vw(i, j, k)∀k ∈ [1, L− 2]), (2)

F vs(i, j) =
d∑

c=1

F ′l
t(i, j, c)× S′

s(c), (3)

Where i and j denote the horizontal and vertical coordinates
of feature map F ′l

t, respectively. Meanwhile, c represents
the channel number, and k corresponds to the kth word of
the input text.

Finally, the F vw and F vs are added to F ′l
t channel by

channel as attention items, resulting in the visual-text feature
F vt ∈ RHl×Wl×d:

F vt(i, j) = F vw(i, j) + F vs(i, j) + F ′l
t(i, j), (4)

In this manner, we can efficiently and comprehensively
aggregate the four levels of visual features Ft =
{F 1

t , F
2
t , F

3
t , F

4
t } and text features S at the word, sentence

and pixel level. To further enhance the visual-text informa-
tion, we flatten and concatenate the four levels if visual-text
features into a 2D tensor, which is then fed into the encoder.

Text-Guide Decoder
Consistent with TransRMOT, the queries input into the de-
coder are divided into detect queries and track queries.
The detect query refers to learnable queries that probe en-
coded features to yield instance embeddings, which further

Figure 4: Schematic of the Text-Guide Decoder: Composed
of N Pairs of Text-Guide Modules and Decoder Layers for
Enhanced Query Generation.

produce instance boxes and classes. And the track query
is the decoder embedding from the previous frame, which is
updated for the current frame to track the same instance. The
tracking process is shown in Figure 2.

As evident from the above discussion, the query plays a
pivotal role in the entire architecture, acting as the carrier
of the target in the trajectory and directly influencing the
final prediction results. We believe that it is essential for the
query to perceive semantic information before being fed into
each decoder layer. Consequently, we propose a Text-Guide
Decoder (TGD), which comprises N pairs of decoder layers
and text-guide modules, as depicted in Figure 4.

Specifically, the decoder layer, akin to the one in De-
formable DETR (Zhu et al. 2021), comprises a self-
attention mechanism, MSDformable cross-attention, and a
feed-forward neural network. The architecture of the text-
guide module is quite simple, yet effective, consisting of
a self-attention module and a text-to-query cross-attention
module. The process initiates with self-attention processing
on the input query, followed by normalization and the se-
quential application of residual connections. Subsequently,
the result is used as the query for the cross-attention opera-
tion, with the text feature serving as both the key and value.
This is then normalized, a residual connection is applied,
and it is passed through a feed-forward neural network. In
this way, we can not only imbue the detect query with text
semantic information but also enhance the text semantic ex-
pression capability of the track query. Next, the query, pro-
cessed by the N pairs of decoder layers and the text-guide
module, is input into the Temporal Enhancement Module.
This step serves to enhance the temporal consistency of the
queries.

Text-Guide Predict Head
After processing through the Text-Guide Decoder and Tem-
poral Enhancement Module, the learnable queries evolve
into queries enriched with object-referring information, lo-
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Figure 5: Illustration of Text-Guide Predict Head, which
consists of classes, boxes and referring branches.

cation information, and category information. We have de-
signed a Text-Guide Predict Head (TGPH) to generate ob-
ject trajectories that align with the text description based
on these queries. The TGPH comprises three branches: the
classes branch, the boxes branch, and the referring branch,
as illustrated in Figure 5.

The classes branch consists of a fully connected layer
and a sigmoid activation function, outputting a confidence
score that indicates whether a query represents a true ob-
ject or an empty one. The boxes branch is a four-layer feed-
forward network with ReLU activation, except for the last
layer, which predicts the location and size of the boxes.
As for the referring branch, the text feature is first split
into word features and sentence features. Following this, the
word features and queries are utilized for cross-attention op-
erations. Subsequently, the sentence features, queries, and
the outcomes of the cross-attention processing are combined
through element-wise addition. The sum of these elements
is then input into a fully connected layer and processed via
a sigmoid activation function. This process generates a ref-
erent score, which indicates the probability of whether the
instance matches the text description.

Look-Back Training Strategy
For end-to-end, transformer-based RMOT algorithms (like
TransRMOT, MLS-Track, TempRMOT), the common train-
ing strategy involves using a sliding window to scan through
the video, sampling a video clip of length L. An textual ex-
pression is then randomly chosen from the video’s expres-
sion pool. This sampled video clip and expression are paired
and fed into the model for training. However, this training
strategy, while an improvement on the training strategy of
the MOTR (Zeng et al. 2022) algorithm that only considers a
full traversal of the video data, has certain limitations when
applied to RMOT tasks. These limitations include: Firstly,
the training pair (video clip, expression) may not always
contain positive samples, as the object described by the tex-
tual expression often doesn’t span the entire video. Thus, a

randomly paired video clip and expression may lack posi-
tive samples corresponding to the text description. Second,
there’s a risk of overlooking certain expressions, as each
video can have multiple expressions. For instance, Refer-
KITTI has an average of 49.7 expressions per video. As a
result, there are numerous (video clip, expression) pairs that
may not be utilized for training throughout the entire training
process. This could potentially lead to missed learning op-
portunities and a less robust model. Indeed, these two draw-
backs highlight that the existing training strategy may over-
look a large amount of valuable, annotated data during the
model training process. This could potentially limit the ef-
fectiveness and accuracy of the trained model.

To address this issue, we propose a new training strategy
called the Look-Back training strategy, which is based on the
existing training approach. This strategy comprises two sub-
strategies: Look-Back-Hard and Look-Back-Remain. These
strategies are designed to make better use of the available
annotated data, thereby improving the effectiveness of the
training process and the performance of the resulting model.

Look-Back-Hard. We have observed that during the ini-
tial stages of model training, training samples with sub-
stantial losses often contain high-quality annotated data that
aligns with the objectives of the text description. As a result,
we have developed a Look-Back-Hard adaptive method to
identify and utilize these high-loss training samples within
a specified training epoch. Specifically, we define s and e as
the epochs at which the Look-Back-Hard policy commences
and concludes, respectively. Between the s and e epochs , we
employ the existing training strategy to carry out standard
training, recording the loss value of each training sample.
After the epoch concludes, we select the samples with the
top 30% of loss values and retrain on them. This method is
not only straightforward but also highly effective at ensur-
ing that valuable data isn’t overlooked during the training
process.

Look-Back-Remain. For situations where certain (video
clip, expression) pairs are not utilized during training, we
have designed a simple yet effective strategy named Look-
Back-Remain. This strategy can be implemented after each
epoch. Specifically, within each epoch, we keep a record of
the (video clip, expression) pairs that are not used for train-
ing. At the end of the epoch, these recorded pairs are then
utilized for additional training. In this work, we apply the
Look-Back-Remain strategy solely during the final epoch of
model training, enhancing the model’s robustness and per-
formance with only a minimal increase in training cost.

Experiment
Experiment Settings
Dataset and Metric. Refer-KITTI, being the first RMOT
dataset, has garnered the most attention. Most RMOT algo-
rithms have been experimentally validated using this dataset.
We choose Refer-KITTI as our benchmark dataset to facil-
itate comparison with other algorithms and conduct abla-
tion studies on it. Additionally, we carry out performance
comparisons with the state-of-the-art (SOTA) algorithm on
the more challenging Refer-KITTI-V2 dataset. Our pri-
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Methods HOTA DetA AssA DetRe DetPr AssRe AssPr LocA
DeepSORT (Wojke, Bewley, and Paulus 2017) 25.59 19.76 34.31 26.38 36.93 39.55 61.05 71.34

FairMOT (Zhang et al. 2021) 22.78 14.43 39.11 16.44 45.48 43.05 71.65 74.77
TransTrack (Sun et al. 2021) 32.77 23.31 45.71 32.33 42.23 49.99 78.74 79.48

ByteTrack (Zhang et al. 2022) 24.95 15.50 43.11 18.25 43.48 48.64 70.72 73.90
CStrack (Liang et al. 2022) 27.91 20.65 39.10 33.76 32.61 43.12 71.82 79.51

TrackFormer (Meinhardt et al. 2022) 33.26 25.44 45.87 35.21 42.10 50.26 78.92 79.63
TransRMOT (Wu et al. 2023a) ♣ 46.56 37.97 57.33 49.69 60.10 60.02 89.67 90.33

iKUN (Du et al. 2024) ♣ 38.06 26.19 56.72 39.94 37.82 63.98 71.83 74.26
EchoTrack (Lin et al. 2024) 39.47 31.19 51.56 42.65 48.86 56.68 81.21 79.93
DeepRMOT (He et al. 2024) 39.55 30.12 53.23 41.91 47.47 58.47 82.16 80.49
MLS-Track (Ma et al. 2024) 49.05 40.03 60.25 59.07 54.18 65.12 88.12 -

TempRMOT (Zhang et al. 2024) ♣ 50.91 39.30 66.09 52.01 60.24 71.20 87.59 90.82
HFF-Tracker (ours) 52.41 41.29 66.65 53.42 62.89 71.48 88.96 90.76

Table 1: Comparison with state-of-the-art methods on Refer-KITTI. ♣ indicates that the result was obtained by performing
inference using the official open source code and weights after frame correction. The best results are highlighted in bold.

Methods HOTA DetA AssA DetRe DetPr AssRe AssPr LocA
FairMOT (Zhang et al. 2021) 22.53 15.80 32.82 20.60 37.03 36.21 71.94 78.28
ByteTrack (Zhang et al. 2022) 24.59 16.78 36.63 22.60 36.18 41.00 69.63 78.00
TransRMOT (Wu et al. 2023a) 31.00 19.40 49.68 36.41 28.97 54.59 82.29 89.82

iKUN (Du et al. 2024) 10.32 2.17 49.77 2.36 19.75 58.48 68.64 74.56
TempRMOT (Zhang et al. 2024) ♠ 34.72 22.52 53.64 32.41 41.76 58.98 83.16 90.38

HFF-Tracker (ours) 36.18 24.64 53.27 36.86 41.83 59.42 81.40 89.77

Table 2: Comparison with state-of-the-art methods on Refer-KITTI-V2. ♠ indicates that the result was obtained by performing
inference using the official open source code and weights. The best results are highlighted in bold.

mary metric is “Higher Order Tracking Accuracy” (HOTA)
(Luiten et al. 2021), supplemented by an analysis of detec-
tion accuracy (DetA) and association accuracy (AssA).

Model Details. Following TransRMOT, we employ
ResNet50 (He et al. 2016) as the CNN backbone for extract-
ing visual features. We also use a text encoder derived from
RoBERTa (Liu et al. 2019) to embed language prompts. The
output feature dimension for both the Visual Project Layer
and the Text Project Layer is set to d=256. In HFF-Tracker,
we set the number of attention heads for multi-head attention
to 8, and the output feature dimension to 256. The number
of detect query is set to 300.

Training and Testing. In accordance with the TransR-
MOT setup, the parameters of the Transformer-Encoder and
Transformer-Decoder are initialized from the official De-
formable DETR (Zhu et al. 2021). The parameters in the text
encoder remain frozen during the training process, while all
other parameters are randomly initialized. We employ the
AdamW optimizer to train the HFF-Tracker, with a base
learning rate of 1e-4. The learning rate of the backbone
are set to 1e-5. For the Refer-KITTI dataset, the model is
trained for 80 epochs, and for the Refer-KITTI-v2 dataset, it
is trained for 70 epochs. The learning rate decays by a fac-
tor of 10 at the 40th epoch. The Look-Back-Hard starts at
the 5th epoch and ends at the 40th epoch, while the Look-
Back-Remain only begins after the last epoch of training.
The overall training process is conducted on 8 Nvidia V100
GPUs, with a batch size of 1. During testing, we set the class

confident threshold βcls = 0.7 and the reference threshold
βref = 0.5 for Refer-KITTI dataset. For the Refer-KITTI-
V2 dataset, we set and class threshold βcls = 0.6 and ref-
erence threshold βref = 0.4. To ensure the repeatability of
the experimental results, we set the random seed to 42 for
the training stage and 2020 for the inference stage.

Benchmark Experiments
Refer-KITTI. Table 1 compares HFF-Tracker with main-
stream RMOT methods on the Refer-KITTI. Each score is
either sourced from previous studies or obtained by infer-
ence using the official open source code and weights. It
is evident that the proposed HFF-Tracker outperforms all
other algorithms, ranking first overall. Particularly, HFF-
Tracker surpasses other methods by a large margin in term
of HOTA, DetA and AssA, achieving scores of 52.41% in
HOTA, 41.29% in DetA, and 55.9% in AssA. When com-
pared to the second-best method, TempRMOT, our HFF-
Tracker has increased the HOTA by 2.16%, DetA by 2.45
%, and AssA by 1.47%, establishing a new state of the art.

Refer-KITTI-V2. As shown in Table 2, we report results
on Refer-KITTI-V2. Each score is either sourced from pre-
vious studies or obtained by inference using the official open
source code and weights. HFF-Tracker also achieves the
start-of-the-art performance on this dataset, surpassing the
closest competitor TempRMOT by margins of 1.46% and
2.12% on HOTA and DetA, respectively. The results show
the generalization and scalability of HFF-Tracker.
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HMMF TGD TGPH Temp. LB HOTA DetA AssA
46.56 37.97 57.33

! 47.53 39.30 57.67
! ! 47.99 39.89 57.90
! ! ! 48.62 39.92 59.37
! ! ! ! 51.62 39.91 66.90
! ! ! ! ! 52.41 41.29 66.65

Table 3: Ablation study on Refer-KITTI testing set.

LBH LBR HOTA DetA AssA
51.62 39.91 66.90

! 52.07 40.96 66.32
! ! 52.41 41.29 66.65

Table 4: Ablation study of applying Look-Back-Hard and
Look-Back-Remain on Refer-KITTI testing dataset.

Ablation Study

Module Effectiveness. To demonstrate the effectiveness of
the proposed modules, we perform an ablation study on
Refer-KITTI dataset. Starting with a baseline of TransR-
MOT, we incrementally enhance it by adding the follow-
ing modules: Hierarchical Multi-Modal Fusion (HMMF)
module, Text-Guide Decoder (TGD), Text-Guide Predict
Head (TGPH), Temporal Enhancement (Temp.) module, and
Look-Back (LB) training strategy. Table 3 summarizes the
path from the original TransRMOT to our proposed HFF-
Tracker. The first row represents the original TransRMOT,
without any enhancements. The incorporation HMMF mod-
ule results in a 0.97% increase in HOTA, a 1.33% increase in
DetA, and a 0.34% increase in AssA. Integration of the TGD
and TGPH enhances HOTA by 1.09%, DetA by 0.62%, and
AssA by 1.7%. The addition of the Temporal Enhancement
module yields substantial improvement with HOTA increas-
ing to 51.62%, AssA to 66.90%, although DetA slightly
decreases to 39.91%. The inclusion of Look-Back training
strategy achieves optimal performance for HFF-Tracker at a
minimal additional training cost, resulting in HOTA reach-
ing 52.41%, DetA increasing to 41.29%, and AssA achiev-
ing 66.65%.

Effectiveness of Look-Back. The Look-Back training
strategy comprises two sub-strategies: Look-Back-Hard and
Look-Back-Remain. We examine the impact of both Look-
Back-Hard (LBH) and Look-Back-Remain (LBR) dur-
ing the training phase on the model performance, using
the Refer-KITTI. The results are presented in Table 4,
employing the Look-Back-Hard (LBH) strategy enhances
the model’s performance, elevating the HOTA score from
51.62% to 52.07% and the DetA from 39.91% to 40.96%.
Further application of the Look-Back-Remain (LBR) strat-
egy results in additional performance improvements, with
HOTA increasing to 52.41% and DetA to 41.29%. However,
this comes with a slight trade-off in AssA, which sees a mi-
nor reduction of 0.35%.

(a) Expression: “cars in left”.

(b) Expression: “pedestrian in the left”.

Figure 6: Visualization of predictions from TransRMOT,
TempRMOT, and our HFF-Tracker.

Qualitative Results
We present several tracking results in Figure 6. As shown,
HFF-Tracker can accurately track objects and comprehend
complex instructions related to position. For instance, when
dealing with instructions such as “cars on the left” and
“pedestrian on the left”, both TempRMOT and TransRMOT
lose track of the object, which is not an issue encountered
with HFF-Tracker.

Conclusion
In this work, we introduce HFF-Tracker, a novel framework
for referring multi-object tracking, performing fine-grained
fusion of pixel-level visual and text features across vari-
ous semantic levels. We propose a Hierarchical Multi-Modal
Fusion (HMMF) module for early-stage, granular integra-
tion of text and image features. Our Text-Guided Decoder
(TGD) provides the query with prior semantic information
during decoding, while the Text-Guided Prediction Head
(TGPH) leverages text information to enhance prediction
performance. Through these three modules, we achieve fine-
grained interaction of image and text features at different
levels. Additionally, we implemente an adaptive Look-Back
training strategy to optimize the use of valuable labeled data.
Extensive experiments demonstrate that our method outper-
forms other state-of-the-art methods with remarkable mar-
gins on both the Refer-KITTI and Refer-KITTI-V2 datasets.
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