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Abstract. Referring Single-Object Tracking (RSOT) requires locating objects via natural lan-
guage. However, ambiguity in references and redundancy in visual features hinder performance.
We propose MLLM-Track, an end-to-end framework. Its outer loop uses Reflective Prompt Opti-
mization (RPO) to generate discriminative prompts via a Vision-Language Model (VLM), guided
by unified alignment and localization scores. The inner loop features TGoT-K, which filters vi-
sual tokens via text-guided attention, and CM-GTR, a gated transformer using binary gating and
sparse sampling to aggregate temporal cues efficiently. On the Elysium benchmark, MLLM-
Track achieves 92.0% AUC, significantly outperforming baselines while maintaining fixed token
budgets.
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1 Introduction

Referring Single-Object Tracking (RSOT) [1] requires continuously locating a single object in
video based on natural language references. Compared to traditional RSOT transforms semantic
conditions from bounding boxes and IDs to descriptive text, enabling stronger interactivity and inter-
pretability. Concurrently, recent advancements in multimodal large language models (MLLM/VLM)
have rapidly improved text-image alignment, localization, and video understanding, opening new av-
enues for ”text-to-vision” conditional tracking. For instance, models like CLIP [2] utilize alignment
towers to construct robust text-image similarity spaces, while Qwen [3] series models perform high-
resolution and long-video visual understanding. Fusion heads within these large models then handle
inference and output.

Despite MLLM priors, RSOT faces three bottlenecks: 1) Textual ambiguity: Real-world refer-
ences often omit attributes (e.g., ”the person on the left”), requiring refinement. 2) Visual redun-
dancy: Full spatiotemporal attention propagates background noise. 3) Temporal noise propagation:
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Lack of gating allows errors to accumulate over time. We propose MLLM-Track: an end-to-end
large-model RSOT framework that structurally couples semantic and spatiotemporal paths through
an ”outer-loop text optimization, inner-loop sparsification and gating, lightweight fusion and predic-
tion” architecture. The outer loop employs the Qwen-VL [3] model to generate candidate rewrites
and diagnostics, selecting refined prompts via SigLIP [4] alignment and phrase-level localization
scoring. The inner loop employs CLIP unified encoding, introducing TGoT-K for text-guided cross-
modal attention and lightweight calibration within frames to filter high-scoring tokens. CM-GTR
then applies binary gating to select tokens for cross-frame attention, with optional deformable at-
tention aggregating key temporal clues at sparsely sampled points. Finally, it undergoes lightweight
cross-attention fusion with text tokens before feeding into the Vicuna-7b-v1.5 fusion head for bound-
ing box and mask prediction.

The main contributions of this paper are as follows:

• We propose a unified end-to-end large model RSOT framework (MLLM-Track), integrat-
ing ”RPO outer loop, intra-frame Top-K compression, text-guided gated temporal and
large model fusion” to achieve success AUC/Precision@20/Normalized-Precision AUC of
92.0/96.8/96.7(%), with Mean IoU of 92.1%.

• We develop TGoT-K (Text-Guided on-Token Top-K): a minimalist, interface-stable intra-
frame compression module. It employs a single-head text-guided cross-modal attention av-
erage score, supplemented by lightweight MLP and EMA stabilization, to select the most
relevant tokens for subsequent temporal modeling.

• We design CM-GTR (Cross-frame Masked Gated TRansformer): a binary gate selects tokens
for cross-frame attention, while deformable sparse sampling aggregates key temporal informa-
tion. During training, a differentiable approximation ensures end-to-end optimization, while
inference provides deterministic gating.

2 Related Work

2.1 Evolution of RSOT Architectures

Early Referring Single-Object Tracking (RSOT) works [1, 5] demonstrated the feasibility of
initializing trackers via natural language, evolving into standardized benchmarks like TNL2K and
LaSOT [6, 7]. Architecturally, algorithms progressed from Siamese-based fusion [8] to unified ”joint
modeling” frameworks [9], which integrate grounding and tracking to handle appearance changes.
On the pure vision side, Transformer-based trackers such as STARK [10] and OSTrack [11] have
established robust spatiotemporal baselines. However, these ”backbone with fusion” paradigms
typically lack explicit, language-driven token selection mechanisms. Without effective gating, they
are susceptible to propagating background noise, especially when visual cues are ambiguous or
distractors are present.



2.2 MLLMs and Feedback Mechanisms

Recent advancements in MLLMs (e.g., CLIP [2], SigLIP [4], Qwen [3]) offer powerful priors
for text-image alignment and video understanding. Despite their semantic strength, integrating them
into RSOT under strict computational budgets remains challenging. The pioneering ChatTracker
[12] introduced Reflective Prompt Optimization (RPO) to iteratively refine ambiguous descriptions
using tracking feedback. While innovative, ChatTracker operates as a loosely coupled system, where
language refinement and visual tracking are separate processes.

3 The Proposed Method

3.1 Overview

The overall approach of MLLM-Track is to couple reflective optimization on the language side
with sparse spatiotemporal modeling on the visual side within a unified end-to-end framework. The
system first employs a multimodal large model to diagnose key frames and initial reference text,
generating multiple candidate descriptions to select a more discriminative refined prompt. This
ensures the linguistic conditions align with video details while maintaining strong directionality.
Subsequently, a unified image-text encoder maps each video frame to a visual token and the re-
fined prompt to a text token. Within each frame, text-guided attention scoring [13], lightweight
calibration, and temporal smoothing stably select the most relevant set of visual tokens, forming a
fixed-size interface for the downstream temporal module. During cross-frame modeling, text-guided
binary gating selects tokens for temporal attention. Sparse sampling aggregates information from
key neighborhoods, suppressing temporal diffusion of irrelevant noise while maintaining robustness
to occlusion recovery and large displacement scenarios. Finally, the gated temporal representations
and text tokens are fused via a lightweight cross-attention, with a lightweight prediction head out-
putting bounding boxes and optional occlusion masks on the large model host. This design leverages
recent systematic advances in unified image-text alignment, dynamic resolution, and long-video un-
derstanding: enhanced semantic understanding and localization in SigLIP; capabilities in dynamic
resolution and long-video processing in Qwen2.5-VL; and the effectiveness of reflective prompt
optimization in resolving real-world textual ambiguities. Compared to performing spatiotemporal
attention directly on full visual tokens, this language-first pipeline maintains representational ade-
quacy while significantly reducing redundant computations and noise propagation risks.

3.2 Feedback Optimization of Outer Loop

Using the key first frame as xt0 and the initial reference text as p⋆. The objective is to obtain a
reference p⋆ that aligns with the video and exhibits greater distinctiveness within a finite number of
iterations. The method follows ChatTracker’s reflective prompt optimization approach [14]: itera-
tively rewriting the reference based on tracking feedback to progressively resolve ambiguities and
omissions through linguistic conditions while matching visual evidence.

By invoking the Qwen visual model combined with rules, a candidate set P = {p̃(r)}R
r=1 is

generated, where each p̃(r) explicitly captures attributes, locations, and relationships. fv, fw denote



Fig. 1. The architecture of MLLM-Track: from prompt optimization to token filtering, gated temporal model-
ing, and fusion with a vision-language backbone.

SigLIP’s visual and textual projections, sim(·, ·) represents similarity in the projection space, Φ(p̃)
denotes the set of locatable phrases (noun phrases, attribute phrases, etc.) within candidates, and
scoreground(φ | xt0) is the localization score of phrase φ at the keyframe.

p⋆ = argmax
p∈P

(
sim( fv(xt0), fw(p))+λg max

φ∈Φ(p)
scoreground(φ | xt0)

)
. (1)

Fig. 2. Feedback Optimization Outer Loop, by invoking Qwen and performing computations, we obtain the
optimal prompt.

Formula (1) combines ”uniform alignment” and ”phrase-level localizability” into a measurable
criterion; λg> 0 serves as the weighting factor. The Qwen visual model delivers robust video under-
standing and localization capabilities, while CLIP [2] provides a stable image-text alignment space.



3.3 Text-Guided One-head Top-K (TGoT-K)

For any frame xt , let the unified encoding yield the visual token matrix Vt = {vt,i}N
i=1 ∈ RN×d ;

for reference p⋆, let the text token matrix W = {w j}M
j=1 ∈ RM×d . Here, CLIP-ViT-Large-patch14

[2] is employed for visual tokens.
Subsequently, cross-modal attention scoring is performed. Define linear mappings Uq ∈

Rd×dk ,Uk ∈ Rd×dk . To effectively identify visual regions corresponding to specific linguistic cues,
we compute the attention distribution over visual tokens for each text token. The relevance score
matrix is calculated as:

qt,i = vt,iUq, k j = w jUk, αi, j =
exp(⟨qi,i,k j⟩/

√
dk)

∑
N
n=1 exp(⟨qi,n,k j⟩/

√
dk)

, (2)

where the Softmax normalization is applied along the visual token dimension N effectively generat-
ing a spatial heatmap for each word k j. To determine the overall importance of each visual token,
we aggregate the scores by taking the maximum value across the text dimension. This ensures that
visual tokens highly aligned with distinct keywords (e.g., object names or attributes) are prioritized,
regardless of the sentence length. The final selection score is defined as:

ᾱt,i = max
j
(αi, j), ᾱt,i ∈ (0,1]. (3)

The framework then performs lightweight calibration and fusion score calculation. Let w̄ =
1
M ∑ j w j, define a single-layer MLP g(·) with Sigmoid function σ(·) [9],

rt,i = g([vt,i; w̄]) ∈ R, st,i = λα ᾱt,i +(1−λα)σ(rt,i),λα ∈ [0,1]. (4)

Subsequently, time smoothing and Top-K selection are implemented to ensure a constant inter-
face [15]. To mitigate inter-frame jitter, an exponential moving average (EMA) is applied to the
fusion score st,i with a smoothing factor ρ ∈ [0,1):

ŝt,i = ρ ŝt−1,i +(1−ρ)st,i. (5)

Let Top-K return the set St ⊆ {1, . . . ,N} of the token indices K with the highest scores, where
|St |= K,

St = TopK({ŝt,i}N
i=1,K), V sel

t = {vt,i|i ∈ St} ∈ RK×d . (6)

Formula (6) establishes a stable ”constant K interface” for downstream temporal modules, pre-
venting dynamic length interference in batch processing and cross-frame attention.

3.4 Cross-frame Masked Gated Transformer (CM-GTR)

First, the framework incorporates a gated scoring mechanism and differentiable binarization to
facilitate end-to-end feature selection. Let V sel

t = {vsel
t,i }K

i=1 and w be as above. Define gated scoring
as:



Fig. 3. Text-guided scoring of visual tokens per frame: select the top K most relevant tokens from the full set
using cross-modality similarity and sigmoid-based calibration.

gt,i = u⊤g GELU(Wvvsel
t,i +Www̄+bg) ∈ R, z̃t,i = σ(gt,i) ∈ (0,1). (7)

During training, Hard-Concrete continuous relaxation is employed to obtain differentiable gate
switching with temperature β = 2

3 , stretching interval (γ,ζ ) = (−0.1,1.1), and u ∼ Uniform(0,1),

s = σ

(
logu− log(1−u)+gt,i

β

)
, z̃t,i = CLIP(s(ζ − γ)+ γ,0,1). (8)

The expected gate opening rate is used for sparse regularization (closed-form approximation).
Let mt,i be the binary gate stochastic variable:

L0 = ∑
t,i

Pr(mt,i ̸= 0)≈ ∑
t,i

σ

(
gt,i −β log

−γ

ζ

)
. (9)

During inference, a fixed threshold τ = 0.5 is used for “binarization”: mt,i = 1[z̃t,i ≥ τ], and
the activation set is defined as At = {i | mt,i = 1}. The expectation and gradient propagation of
Hard-Concrete can be found in the original paper.

Cross-frame attention is applied only to activated tokens. A two-layer multi-head attention is
employed with hidden dimension dhid = 512 and heads h = 8. Layer l:

Q =V sel
t,At

W (l)
q ,K =V sel

t−1,At−1
W (l)

k ,V =V sel
t−1,At−1

W (l)
v ,Y (l)

t = MSA(Q,K,V ), (10)



Fig. 4. Architecture of the proposed CM-GTR. The gated branch filters tokens based on linguistic-visual align-
ment, while the sparse cross-frame attention performs efficient temporal reasoning over the activated feature
set.

where MSA denotes scaled dot-product multi-head attention (Transformer mechanism).
To take advantage of temporal dependencies, the framework performs sparse sampling of tem-

poral aggregation [16]. Specifically, variable-form sparse sampling is employed in the temporal
dimension to improve tracking robustness for small targets and scenarios involving large displace-
ments. For each query i, sample from the adjacent frame offset set Ω = {−2,−1,+1,+2}, where
each offset takes P = 4 reference points. The weights and displacements are At,i,m,∆pt,i,m respec-
tively, with the reference position being pt,i. Define the bilinear interpolation operator Φ(·), then

yt,i =
P

∑
m=1

At,i,mΦ(V sel
t+∆m

, pt,i +∆pt,i,m),∆m ∈ Ω. (11)

Formulas (10) and (11) confine attention to a small number of key neighborhoods, significantly
reducing cross-frame computations and mitigating temporal noise propagation. The reference point
aggregation concept for deformable attention originates from Deformable DETR [16].



3.5 Merging and Output

The gated temporal output undergoes a lightweight cross-attention with text tokens to explicitly
aggregate linguistic conditions, yielding the fused representation Zt . This is subsequently fed into
the large model host’s prediction head to output bounding boxes and optional masks:

Zt = CrossAttn(Yt ,W ),(bt ,mt) = HeadVLM(Zt). (12)

This paper employs Vicuna-7b-v1.5 as the efficient host model. Its technical report and code
demonstrate strong competitiveness in general visual understanding, multimodal reasoning, and in-
terface localization tasks, while providing reproducible experiments and open-source weights.

3.6 Total Loss and Training Objective

The model is optimized end-to-end using a multi-task objective. The prediction head is super-
vised by Ltask, which combines Generalized IoU loss [17] and L1 loss for bounding box regression,
along with Focal loss (Lfocal) [18] and Dice loss (Ldice) [19] for mask segmentation.

To stabilize training, we incorporate two regularization terms: 1) Alignment Loss (Lalign):
Adopting InfoNCE [20], we align the text mean w̄ with the frame-level visual embedding v̄t ,
calculated as the average of the selected token set V sel

t . 2) Temporal Consistency Loss (Ltemp): We
maximize the cosine similarity between each selected token in frame t and its nearest neighbor in
frame t −1, ensuring feature stability over time. The total objective is defined as:

L = Ltask +λaLalign +λtLtemp +λ0L0, (13)

where λ terms are balancing hyperparameters.

4 Experiments

4.1 Evaluation Indicators

Following the standard One-Pass Evaluation (OPE) protocol [6, 7], we report three metrics:
Success Score (AUC) calculated from the IoU overlaps, Precision (P) based on center location error
(threshold at 20 pixels), and Normalized Precision (Pnorm) to account for target scale variations.

4.2 Dataset and Baseline

The training and validation datasets utilize internally cleaned Elysium language-guided tracking
data [21]. The training dataset utilized ElysiumTrack-1M, comprising approximately 1.27 million
annotated video tracks. During training, ElysiumTrack-val500 served as the validation set for mon-
itoring experimental performance. This validation set contained 500 independent video sequences,
enabling real-time model evaluation after each training epoch. Performance metrics on the validation
set guided critical hyperparameter tuning. We reproduce two practical reference categories: first, the
”pure multimodal large model tracking” baseline (e.g., MiniGPT-v2-based approaches, serving as
an upper bound for language alignment capability); second, the open-source implementation of an



existing RSOT pipeline (”Elysium baseline”), representing a strong, reproducible engineering base-
line. All baselines utilize either the authors’ publicly disclosed default settings or our validated
optimal configurations to ensure fairness.

4.3 Experimental Settings

In addition to the training details outlined in §4, the following parameters are uniformly applied
during the inference phase: input resolution 224×224, time window T = 8; K in TGoT-K is fixed
at 32; CM-GTR threshold τ = 0.5 with deformation sampling neighborhood {−2,−1,+1,+2}; all
other hyperparameters remain consistent with training.

4.4 Results and Discussion

1) Performance Comparison: As shown in Table I, MLLM-Track achieves superior perfor-
mance on the Elysium test partition, recording 92.0% Success (AUC), 96.8% Precision, and 96.7%
Normalized Precision.

• Comparison with Strong Baseline (Elysium): Our method significantly outperforms the
Elysium baseline (which scored 87.5% AUC). Specifically, MLLM-Track achieves absolute
improvements of 4.50, 2.30, and 3.00 percentage points in AUC, Precision, and Normalized
Precision, respectively. This represents a relative gain of 5.14% in AUC, verifying the effec-
tiveness of our proposed token selection and gating mechanisms.

• Comparison with MLLM Baseline (MiniGPT-v2): The performance gap is even more sub-
stantial compared to the pure MLLM tracker MiniGPT-v2 (65.4% AUC). Our method leads
by 26.60 percentage points in AUC (a relative gain of ∼ 40%), highlighting the necessity of
our specialized inner-loop design over generic VLM inference.

• Localization Accuracy: In terms of overlap quality, MLLM-Track achieves a Mean IoU of
92.1%. This demonstrates that explicit linguistic conditions and controlled temporal propaga-
tion effectively enhance trajectory overlap and stability.

Table 1: RSOT Performance Comparison

Model AUC (%) P (%) PNorm (%) IoU (%)

MiniGPT-v2 65.4 70.1 67.4 -
Elysium 87.5 94.5 93.7 -

MLLM-Track (ours) 92.0 96.8 96.7 92.1

2) Qualitative Component Analysis: We analyze the contribution of each module based on Table
I. (i) Effectiveness of RPO: The significant gap between MiniGPT-v2 and MLLM-Track validates
that RPO iteratively resolves textual ambiguity, concentrating alignment on the target. (ii) Necessity



of TGoT-K: This module is structurally essential for the ”fixed token budget,” effectively filtering ir-
relevant background noise via text-guided scoring before temporal modeling. (iii) Role of CM-GTR:
The 4.5% Success gain over the Elysium baseline is primarily attributed to the gated transformer.
Its binary gating selects only high-value tokens, while sparse aggregation ensures robust temporal
propagation, preventing error accumulation during occlusion or fast motion.

3) Failure Case Analysis: Despite overall leading performance, we observe three failure sce-
narios. First, when initial descriptions contain contradictory or severely missing attributes, the outer
loop may converge to suboptimal extremes during initial candidate generation, leading to intra-frame
filtering errors. Second, following extreme camera cuts or prolonged full occlusions, the binary gate
may excessively suppress newly generated tokens in the short term, causing recovery delays. Appro-
priately lowering the gate threshold can improve this but requires balancing false detections. Third,
when ultra-small targets overlap complex high-frequency backgrounds, sparse sampling tends to ag-
gregate around textures rather than the target itself. These observations align with public literature
analyses: under the unified OPE protocol, Success and Precision metrics are highly sensitive to re-
covery speed, confirming that selective control over language and spatiotemporal aspects is crucial.

5 Conclusion

This paper proposes MLLM-Track for RSOT, achieving stable improvements in complex sce-
narios (occlusion, similar interference, fast motion) through closed-loop coupling of ”language outer
loop and vision inner loop” under constraints of fixed frame token budget and controllable tempo-
ral propagation. Specifically: (i) Reflective prompt optimization automatically resolves reference
ambiguity under dual metrics of unified alignment and phrase-level localization, providing more
discriminative semantic conditions for subsequent modeling; (ii) TGoT-K establishes a constant in-
terface within frames via a minimalist mechanism, significantly reducing redundancy and enhancing
temporal modeling stability; (iii) CM-GTR employs text-guided binary gating and reference-point
sparse aggregation to effectively suppress irrelevant attention diffusion in the temporal dimension
while preserving occlusion recovery and long-range dependencies under large displacements. Com-
prehensive experiments demonstrate that our method achieves significant advantages over strong
baselines in Success/Precision/N-Precision/IoU metrics without increasing overall computational
budget.

Limitations and future directions include three key points. First, the outer loop may still be driven
by erroneous feedback into suboptimal rewrites during early iterations; adaptive iteration schedules
and uncertainty constraints can be designed without significantly increasing latency. Second, the
binary gate may temporarily suppress new tokens after extreme scene transitions or prolonged full
occlusions; exploring prior-based reactivation strategies and gate threshold auto-scheduling is war-
ranted. Third, sparse sampling occasionally exhibits texture bias in scenarios with ultra-small targets
and high-frequency backgrounds, which can be mitigated by combining learnable geometric priors
with multi-scale reference points. Future work will extend this closed-loop approach to multi-object
language tracking and video open-vocabulary guidance scenarios, while integrating stronger unified
encoding and localization capabilities and more robust discrete gate training strategies. This aims
to unify efficiency and robustness within an end-to-end framework, with further cross-benchmark



reproducibility and energy-efficiency evaluations to be reported.
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