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Abstract

We introduce a new template-free tracking paradigm based
solely on natural language, capable of tracking an arbitrary
object and seamlessly switching to a new target without
box initialization. Our key idea is to localize an object via
vision-language (VL) correlation. However, using the cor-
relation alone is brittle under large search regions due to
spatial uncertainty and ambiguous VL saliency. To resolve
these, we propose MVLM, a memory-based vision-language
margin confidence that integrates vision–language corre-
lation, encoder prediction, and temporal memory. MVLM
dynamically gates the search region—switching between
compact ROI (Region of Interest) search and global re-
localization—to reduce spatial uncertainty. Theoretically,
we derive bounds that connect the MVLM score to tracking
probability, characterizing mis-localization within ROI and
ROI-exclusion probabilities. Through extensive evaluation,
we validate our theorems and achieve state-of-the-art per-
formance on several benchmarks (TNL2K, LaSOT, OTB99,
and MGIT) using only language guidance.

1. Introduction

Template-free (TF) tracking with natural language elimi-
nates the need for visual templates or box initialization, al-
lowing a tracker to follow arbitrary objects and seamlessly
switch to a new target by updating the text description.
This is beneficial for open-world and interactive scenarios,
where the user may not have an initial bounding box and
the target can change on the fly. Although the earlier works
[23, 26, 30, 38] state language-based tracking, they exploit
object templates as an input to a tracker. In contrast, our
approach eliminates visual object templates completely, re-
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lying solely on vision-language correlation as the semantic
anchor.

A natural approach is to localize the object by measur-
ing the correlation between vision features (from a search
image) and a language query. However, correlation-alone
tracking is unstable under broad search regions: spatial un-
certainty grows with the area to scan, and vision–language
(VL) saliency becomes ambiguous in the presence of dis-
tractors, occlusions, or appearance shifts. As a result, track-
ers that rely only on instantaneous VL correlation tend to
mislocalize or lose the target when the search region is
large. Therefore, recent transformer-based object trackers
[3–8, 13, 15, 31–34, 36] employ local ROI search for re-
stricting the search region around the tracked object pre-
dicted at a past frame. From these observations, the main
problem of TF tracking can be transformed into learn-
ing distinctive saliency from vision-language correlation
and determining object search regions around an object or
global image region according to tracking and language
guidance.

To resolve these, we propose memory-based vision-
language confidence (MVLM) by incorporating three com-
plementary features: (i) a VL correlation margin that sepa-
rates the best-matching hypothesis from its nearest competi-
tors, (ii) the encoder’s output statistics that capture local vi-
sual evidence, and (iii) a lightweight temporal memory that
stabilizes decisions across frames. We then exploit MVLM
to gate the search strategy: when MVLM confidence is
high, the tracker restricts itself to a compact ROI around the
current estimate; when confidence drops, it triggers global
re-localization over the whole image. This memory-gated
tracking reduces spatial uncertainty without sacrificing re-
coverability after failures or during target switching.

Beyond the algorithm design, we provide a theoretical
analysis that links MVLM to tracking success. In particu-
lar, we derive bounds that connect the MVLM score to the
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probability of correct object localization, decomposing fail-
ure cases into two interpretable terms: (i) mis-localization
within the ROI (incorrect ranking among candidates inside
the restricted region) and (ii) ROI exclusion (omitting the
ground-truth box due to the tight search region). These re-
sults formalize our intuition that enlarging the correlation
margin and selecting an appropriate region size together
suppress failure rates exponentially, and they justify MVLM
confidence as a principled mechanism for switching be-
tween local and global search.

Compared to template-based trackers [11, 17, 18, 23,
26, 27, 30, 38], our approach removes the necessity of an
initial visual exemplar and avoids error accumulation from
stale templates. Compared to language-guided retrieval or
visual grounding methods [16, 21, 35, 38], our method
explicitly tackles the temporal nature of tracking with a
memory that regularizes frame-wise decisions and a gat-
ing rule that adapts the search scope online. Practically,
MVLM is computation-light, adds negligible overhead to
a transformer-based backbone [37], and can be integrated
with standard training objectives via a margin-aware loss.

To the best of our knowledge, this is the first TF tracking
work based on a transformer architecture. Extensive experi-
ments on LaSOT [9], TNL2K [29], OTB99 [20], and MGIT
[14] validate our theory and achieve state-of-the-art (SOTA)
performance using only language guidance. We further
demonstrate the unique capability of our approach through
target switching experiments, where the tracker success-
fully adapts to new language descriptions mid-sequence.

The main contributions of this work are:
• Introducing a template-free, language-only tracking

paradigm that follows arbitrary objects and seamlessly
switches to new targets without box initialization, con-
trolled purely by natural language.

• Proposing an MVLM confidence that fuses correlation
margins, encoder predictions, and temporal memory,
and we leverage it to realize memory-gated tracking–
dynamically switching between compact ROI search and
global re-localization.

• Developing a theoretical framework relating MVLM
thresholds to tracking success, yielding bounds that
characterize mis-localization within the ROI and ROI-
exclusion.

• Achieving state-of-the-art results on TNL2K, LaSOT,
OTB99, and MGIT under language-only guidance.
In summary, MVLM turns raw VL correlation into a re-

liable, temporally consistent confidence measure and uses
it to adapt the search region online. This closes the gap be-
tween language-guided localization and robust tracking, en-
abling template-free operation and smooth target switching
in challenging, open-world scenarios.

2. Related works

Conventional single-object tracking follows a template-
based paradigm [8, 36], where a cropped exemplar from
the initial frame is used as a visual template for localiza-
tion. Siamese networks [8] adopt this design by extract-
ing template features from the initial frame and matching
them with search region features. It relies on the quality and
persistence of the template. Once the target undergoes ap-
pearance variations or becomes occluded, the tracker often
fails. Above all, cropping a template often requires man-
ual annotation at the moment of appearance, limiting prac-
tical human-interactive tracking. To avoid limitations, re-
cent visual-language tracking frameworks integrate natu-
ral language descriptions as auxiliary cues, yet these ap-
proaches still depend on visual templates and therefore re-
main only partially human-interaction friendly. For exam-
ple, GTI [35] and QueryNLT [26] use natural-language
only for initialization, after which tracking proceeds in a
standard template-based manner. JointNLT [38] and UVL-
Track [23] unify grounding and tracking in a transformer
but still depend on the initial grounded box as a visual
reference. STMTrack [12] replaces the template with a la-
bel map, which still explicitly provides the target region.
Some trackers [23, 38] use visual grounding to localize the
target from language, but grounding performs short-term
correspondence between language and image. Furthermore,
grounding-based approaches [16, 21] inherently rely on re-
gion proposals by object detectors [1, 2] In summary, to
the best of our knowledge, the study focusing on template-
free tracking is still insufficient. We provide both theoretical
formulation and a tracking framework under template-free
setting.

3. Proposed methods

3.1. Basic formulation for VL correlation

Template-free tracking localizes the target without any vi-
sual exemplar or human box annotation. To resolve this, we
localize the object using statistical correlations between vi-
sual search tokens and the given language embeddings. We
formalize a TF tracking problem to identify the maximal
correlation in a search image. Let F ∈ RH×W×C be a
feature map of a search image. We define the spatial in-
dex set Ω = {(i, j) : 1 ≤ i ≤ H, 1 ≤ j ≤ W},
where H = W =

√
NI . For x ∈ Ω, the vision token

embedding is vx ≡ V (i,j) ∈ RC . Here, the subscript
x = (i, j) means a vision token location within an image
grid. We define the spatial center of token (i, j) in the input-
image coordinate system by c(i, j) =

(
cx(i, j), cy(i, j)

)
=(

(j− 1
2 ) s, (i−

1
2 ) s
)

with pixel stride s of the feature map.
For a candidate box b = [x1, y1, x2, y2], its token index set

is R(b) =
{
(i, j) ∈ Ω : x1 ≤ cx(i, j) < x2, y1 ≤

cy(i, j) < y2
}

(i.e. tokens fall inside b). We denote the
ground-truth box by b∗ and its token set by R∗ = R(b∗).
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Figure 1. The illustration of our template-free tracking framework.

Given a unit-normalized language embedding ut ∈ RC and
vision tokens vx, the region-averaged alignment score is

s(I, t, b) =
1

|R(b)|
∑

x∈R(b)

⟨vx, ut⟩ :=
〈
v̄t(b), ut

〉
(1)

To analyze the reliability of the alignment score un-
der noise, we introduce a sub-Gaussian noise model that
decomposes each observed vx as: vx = µx + εx
where εx is zero-mean and ⟨εx, ut⟩ is sub-Gaussian with
proxy variance σ2. We then define the region mean vec-
tor and correlation for a box b with region R(b) as:
µ̄(b) = 1

|R(b)|
∑

x∈R(b) µx, and its alignment score ρ(b) =
⟨µ̄(b), ut⟩ with the language embeddings.

3.2. Template-free tracking architecture

This design choice enables direct interaction of visual and
language tokens, promoting stable and simplified training.
Overview. Our architecture comprises a frozen text en-
coder, a transformer-based vision encoder, and a three-
branch prediction head for classification, size regression,
and offset regression. For text encoding, we adopt the pre-
trained CLIP [25] text encoder and freeze its parameters
during training. Given a natural-language description Tt at
frame t, we tokenize it and pass through the text encoder
to generate a sequence of text tokens PT

t ∈ RNT×C . For
visual tokenization, the input image It is passed through
a Conv2d layer and layer normalization to produce P I

t ∈
RNI×C . After that, we produce a unified token sequence
Pt = [P I

t ;P
T
t ] ∈ R(NI+NT )×C by concatenating P I

t and
PT
t . Then Pt is processed by a stack of transformer en-

coder layers [28], where alternating self-attention and feed-
forward blocks enable cross-modal interaction and itera-
tively refine token representations. After joint encoding,

we obtain the refined embeddings P ∗
t = [Vt;Ut], where

Vt = {vx}x∈Ω ∈ RNI×C denotes the set of refined vi-
sual tokens in Ω and Ut ∈ RNT×C denotes the set of refined
language tokens. We define ut as the mean-pooled language
embedding: ut = 1

NT

∑
u∈Ut

u, which represents the uni-
fied semantic description of the target. The Vt is fed to the
prediction heads to generate the tracking outputs. During in-
ference, the classification, offset, and size heads are aligned
on the same spatial grid Ω. Therefore, each grid location
(i, j) outputs a matched set of predictions as: classifica-
tion score, an offset, and a size. Each grid position maps
to an image-space center via a stride of

√
NI , and combin-

ing this center with the predicted offset and size yields a
candidate bounding box bi,j . We define the candidate set
as Bt = [bi,j |(i, j) ∈ Ω]. The final box is selected from Bt

according to Section 3.3.
Correlation margin loss. To train our template-free
tracker, we design a Correlation Margin (CM) loss that di-
rectly maximizes the correlation margin ∆ρ between the
ground-truth and background regions, motivated by the ex-
ponential decay structure of Theorem 1. Let R∗ = R(b∗)
denote vision tokens indices inside the ground-truth box b∗

and Rneg the background tokens outside the ground-truth
box. We compute ρpos as the mean correlation over R∗:

ρpos =
1

|R∗|
∑
x∈R∗

⟨vx,ut⟩, (2)

and define the margin to each background token as ∆ρx =
ρpos − ⟨vx,ut⟩. Then, our loss minimizes:

LCM =
1

K

∑
x∈TopK(Rneg)

exp (−τ∆ρx|∆ρx|) , (3)

where τ > 0 is temperature and Top-K selects the K hard-
est negatives (smallest margins). When ∆ρx > 0, the loss
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Figure 2. Attention visualization with/without the correlation mar-
gin loss LCM .

is small (good separation); when ∆ρx < 0, the exponential
penalty grows rapidly. By minimizing LCM , we directly re-
duce the mis-localization bound in Theorem 1. As shown
in Figure 2, LCM concentrates correlation on the target re-
gion, sharpening vision-language alignment.
Overall training loss. We adopt heatmap-based prediction
heads and a composite training loss following [7], where
three task heads and their corresponding task losses are
used. Our tracker is trained by the total loss Ltotal =
Ltrack+LCM , where Ltrack is implemented by [36]. More
details are mentioned in Supplementary Materials.

3.3. Memory VLM confidence for re-localization

Since tracking with VL correlation alone is unstable under
distractors and appearance shifts, we propose MVLM con-
fidence to dynamically adapt the search region and stabilize
tracking decisions over time.
Vision-language margin confidence. Let Bt be the set
of candidate boxes at frame t. Define the top-1 correla-
tion box as b(1)corr := argmaxb∈Bt s(I, t, b). Its outside can-
didate pool is Bout

t (b) :=
{
b′ ∈ Bt : IoU(b′, b) ≤

ψout

}
, where an exclusion threshold ψout ∈ [0, 1). The

correlation-based top-2 is then selected outside the top-1
region: b(2)corr := argmax

b∈Bψoutt (b
(1)
corr)

s(I, t, b). Choosing
a small ψout (e.g., 0.1) means a strong distractor could ex-
ist outside the object region. Similarly, let ℓt(b) ∈ R be
the classification score for each candidate box b at frame
t, which is predicted by the classification head. Let b(1)cls =

argmaxb∈Bt ℓt(b) and b(2)cls = argmax
b∈Bout

t (b
(1)
cls )

ℓt(b) be
top-1/2 by ℓt(b). Then we introduce standardized margins:

∆̃corr
t :=

s
(
I, t, b

(1)
corr
)
− s
(
I, t, b

(2)
corr
)

σ̂corr
(4)

∆̃cls
t :=

ℓt
(
b
(1)
cls

)
− ℓt

(
b
(2)
cls

)
σ̂cls

, (5)

where σ̂corr, σ̂cls > 0 are robust spread estimates (e.g.,
per-frame MAD or running EWMA std). At frame t, we
aggregate the correlation-based ∆̃corr

t ∈ [−1, 1] and the
classification-based ∆̃cls

t ∈ [−1, 1] margins into a vision-
language margin (VLM) confidence:

κvlmt := αcorr ∆̃
corr
t + αcls ∆̃

cls
t , (6)

where αcorr, αcls ≥ 0 and αcorr + αcls = 1 holds for the
nonnegative weights αcorr and αcls. Under the normaliza-
tion of ∆̃corr

t , ∆̃cls
t ∈ [−1, 1], κvlmt is bounded in [−1, 1].

It can be interpreted as a measure of how much a distinct
correlation and classification score exists at a single frame.
Memory-gated VLM confidence. To stabilize decisions
over time, we use an exponentially weighted moving av-
erage (EWMA) with the previous VLM confidences up to
frame t:

κ̄mem
t :=

t∑
ℓ=0

(1− λ)λℓ κvlmt−ℓ , λ ∈ [0, 1). (7)

Here λ is the forgetting factor: larger λ increases temporal
smoothing (lower variance) at the cost of longer lag. The
weights sum to one, so κ̄mem

t is a convex average of previ-
ous κvlm. In practice we use the equivalent one-step recur-
sion

κ̄mem
t = (1− λ)κvlmt + λ κ̄mem

t−1 , κ̄
mem
0 := κvlm1 . (8)

Finally we blend the instantaneous and memory confi-
dences:

κmvlm
t = (1− ω)κvlmt + ω κ̄mem

t , ω ∈ [0, 1]. (9)

Setting ω = 0 yields purely instantaneous decisions, while
ω = 1 relies entirely on the temporally smoothed mem-
ory. Under the boundedness assumptions above, κmvlm

t is
bounded in [−1, 1] as well.
MVLM confidence-driven re-localization. Given a com-
posite confidence κmvlm

t , we define the ROI selection as the
subset of Bt whose per-box MVLM confidence exceeds τ :

St(τ) :=
{
b ∈ Bt : κmvlm

t (b) ≥ τ
}

⊆ Bt. (10)

Here St(·) can be considered as selected candidate boxes
using κmvlm

t . For each candidate box b ∈ Bt, we treat b as
b
(1)
corr and b(1)cls , and compute a per-box confidence κmvlm

t (b).
For comparisons between candidates within the ROI, we

use the classification head output scores. The final bounding
box b̂t is determined as follows:
• If |St| > 0: Select b̂t = argmaxb∈St ℓt(b) and crop the

search region around the predicted target for frame t + 1
to enable local search.

• If |St| = 0: Select b̂t = argmaxb∈Bt ℓt(b) and use the
full image as the search region for frame t + 1 to enable
global re-localization.
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Figure 3. (a) Validation of Theorem 1: Collapse plot showing exponential decay of mis-localization probability. (b) Empirical validation
of Theorem 2. The measured total failure rate p̂tot(τ) (green solid line) is plotted against the theoretical upper bound B̂tot(τ) (blue solid
line) across a sweep of τ . In all dataset cases, p̂tot(τ) remains below B̂tot(τ).

4. Theoretical analysis
4.1. Correlation margin and mis-localization bound

An important question is whether the target is localized us-
ing only VL correlation. Intuitively, successful localization
requires that the target region exhibits sufficiently stronger
correlation with the language query than background re-
gions. We formalize this intuition and derive probabilistic
bounds characterizing when correlation-based tracking suc-
ceeds.

Recall from Sec. 3.1 that for a candidate box b, the cor-
relation margin ∆ρ(b) = ρ(b∗)− ρ(b) between the GT box
b∗ and distractor b. We assume there exists a positive mar-
gin γ > 0 such that ∆ρ(b) ≥ γ holds for all b ̸= b∗. This
ensures that the GT region maintains strictly higher align-
ment with the language description than any competing can-
didate. In practice, semantic precision in the language de-
scription and visual distinctiveness in the target jointly de-
termine γ.

Theorem 1 (Mis-localization bound under sub-Gaussian
noise). Under the assumptions on sub-Gaussian noise
and correlation margin, the mis-localization probability is
bounded as:

P
[
max
b ̸=b∗

s(I, t, b) ≥ s(I, t, b∗)
]

≤
∑
b̸=b∗

exp

(
−

(
ρ(b∗)− ρ(b)

)2
2σ2
(

1
|R(b∗)| +

1
|R(b)|

)). (11)

Theorem 1 reveals that mis-localization probability de-
cays exponentially with the correlation margin ∆ρ(b), jus-
tifying our Correlation Margin (CM) loss design (Sec-
tion 3.2) that directly maximizes ∆ρ(b) during training. It
derives the result that enough correlation margin is equiv-
alent to the reliability of vision–language (VL) correlation.

4.2. Overall failure bound under MVLM confidence

Although Theorem 1 shows that sufficient correlation mar-
gin ensures reliable localization, distractors or appearance

shifts can reduce this margin, leading to two failure modes:
(i) mis-localization within ROI and (ii) ROI-exclusion. We
formalize this via the following bound.

Theorem 2 (MVLM confidence re-localization bound).
Under the sub-Gaussian noise model with a common token-
level proxy variance σ2 inside the ROI, assume:
(a) Equal region size: |R(b)| = n, ∀b ∈ St(τ)

(b) Bounded ROI exclusion: P
[
b∗ /∈ St(τ) | τ

]
≤ η(τ)

(c) Minimum margin: ρ(b∗) − ρ(b) ≥ γ(τ), ∀b ∈
St(τ) \ {b∗}

(d) Finite candidates: M(τ) := |St(τ)| < ∞
Then the tracking failure probability is bounded as:

P
[
b∗ /∈ St(τ)

]
+ P

[
max

b∈St(τ)\{b∗}
s(I, t, b) ≥ s(I, t, b∗)

∣∣∣∣ b∗ ∈ St(τ)

]

≤ η(τ)︸︷︷︸
ROI exclusion

+
(
M(τ)− 1

)
exp

(
−nγ(τ)

2

4σ2

)
︸ ︷︷ ︸

within-ROI mis-localization

.

(12)
(See supplementary material for proof details.)

Theorem 2 reveals the bound of two failure modes under
ROI-based search. Our MVLM confidence mechanism ad-
dresses both by dynamically switching between local ROI
search (high confidence) and global re-localization (low
confidence).

5. Experiments
5.1. Implementation details

For the visual encoder, we adopt HiViT [28] . For text en-
coder, we utilize CLIP-based text encoder [25]. For patch
embedding, NI , NT , and C are set to 196, 77, and 512,
respectively. To train our model, we utilize several visual-
language tracking datasets containing image and text pairs
including TNL2K [29], LaSOT [9], VastTrack [24]. To eval-
uate our model, we evaluate on TNL2K [29], LaSOT [9],
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Table 1. Comparison of SOTA vision-language trackers on TNL2K, LaSOT, OTB99, and MGIT Benchmarks. The highest and second
highest results are highlighted in bold and underline, respectively. † denotes the results obtained using the released official code.

Methodology Year Publication TNL2K LaSOT OTB99 MGIT
PRE AUC PRE AUC PRE AUC PRE AUC

Tracking-by-bbox and -language
JointNLT [38] 2023 CVPR 58.1 56.9 63.6 60.4 85.6 65.3 44.5 61.0
QueryNLT [26] 2024 CVPR 58.7 57.8 62.5 54.2 88.2 66.7 - -
MemVLT [10] 2024 NIPS 67.4 63.3 80.5 72.9 - - 63.7 69.4
UVLTrack-B [23] 2024 AAAI 66.7 63.1 75.9 69.4 89.9 69.3 53.0† 63.7†

SUTrack-B224 [7] 2025 AAAI 67.9 65.0 80.5 73.2 93.4 70.8 - -
MambaVLT [22] 2025 CVPR 69.9 66.5 71.0 66.6 94.4 72.2 58.9 69.9
DUTrack-256 [18] 2025 CVPR 70.6 64.9 81.1 73.0 93.9 70.9 65.4 70.0
MVLM (Ours) - - 73.0 66.9 80.4 72.7 94.0 70.6 66.3 71.7

Tracking-by-language
TNL2K-1 [30] 2021 CVPR 6.0 11.0 49.0 51.0 24.0 19.0 - -
CTRNLT [19] 2022 CVPRW 9.0 14.0 51.0 52.0 72.0 53.0 - -
JointNLT [38] 2023 CVPR 55.0 54.6 59.3 56.9 77.6 59.2 43.8† 59.2†

QueryNLT [26] 2024 CVPR 53.0 53.3 55.0 54.2 81.0 61.2 - -
UVLTrack-B [23] 2024 AAAI 57.2 55.7 61.0 57.2 79.1 60.1 44.6† 56.1†

MambaVLT [22] 2025 CVPR 58.9 58.4 57.2 55.8 79.2 58.9 50.3 64.6
MVLM (Ours) - - 60.9 57.8 65.5 60.7 84.3 60.7 55.5 63.5

Table 2. Ablation studies of component methods on TNL2K, LaSOT and OTB99.

Global Search Local Search LCM MVLM TNL2K LaSOT OTB99
PRE NPR AUC PRE NPR AUC PRE NPR AUC

(A1) ✓ 53.0 65.3 50.8 52.2 55.3 50.1 72.7 64.2 53.1
(A2) ✓ 59.6 72.9 56.9 62.2 65.4 58.4 79.7 71.6 59.0
(A3) ✓ ✓ 60.1 73.3 57.2 65.3 68.1 60.6 82.8 74.0 59.8
(A4) ✓ ✓ ✓ ✓ 60.9 74.1 57.8 65.5 68.3 60.7 84.3 75.4 60.7

OTB99 [20] and MGIT [14]. We set the training epoch to
60 consisting of 100,000 with paired image and text, and
learning rate to 0.0005. Batch size is set to 80. We also adopt
AdamW optimizer. We train and evaluate our model using
four NVIDIA RTX A6000 48GB GPUs. For all metrics for
the accuracy on each set below, a higher score indicates bet-
ter results.

5.2. Empirical validation of theoretical bounds

Mis-localization bound. To empirically verify the expo-
nential decay structure predicted by Theorem 1, we se-
lect a representative frame from TNL2K [30] datasets and
perform K = 100 independent stochastic forward passes
by adding Gaussian noises (σ = 0.1) to simulate the
token-level noise. For each candidate box b and stochas-
tic pass k, we compute the alignment score s(k)(I, t, b) =
⟨v̄(k)(b),ut⟩ and estimate the empirical failure probabil-
ity as p̂fail(b) = 1

K

∑K
k=1 1{s(k)(I, t, b) ≥ s(k)(I, t, b∗)},

where b∗ is the GT box. We also compute the empirical
correlation margin ∆ρ̂(b) = 1

K

∑K
k=1[ρ

(k)(b∗) − ρ(k)(b)],
where ρ(k)(b) = ⟨µ̄(k)(b),ut⟩ is the deterministic correla-
tion in pass k. According to Theorem 1, the mis-localization
probability decays exponentially as pfail(b) ≲ exp(−neff ·

∆ρ(b)2/2σ2), where neff = (|R(b∗)|−1 + |R(b)|−1)−1 is
the effective sample size. Taking logarithms yields a lin-
ear relationship: − log pfail(b) ≈ c · neff · ∆ρ(b)2 with
c = 1/(2σ2). Figure 3-(a) presents a collapse plot for a
representative frame, showing y(b) = − log p̂fail(b) versus
x(b) = neff · (∆ρ̂(b))2 across all candidate boxes within
the frame. The plot reveals a clear linear relationship with
fitted slope ĉ = 263.6±0.356 and high coefficient of deter-
mination R2 = 0.89, corresponding to an estimated noise
variance σ̂2 = (2ĉ)−1 ≈ 0.0019. We observe that the data
points collapse onto a single line, confirming the univer-
sal exponential decay structure. This collapse plot directly
validates our Correlation Margin (CM) loss design (Sec-
tion 3.2): by maximizing ∆ρ(b) during training, we expo-
nentially suppress mis-localization failures.
Tracking failure bound. We empirically validate the
bound derived in Theorem 2. Our goal is to verify that the
measured total failure probability p̂tot(τ) is always less than
or equal to the calculated theoretical bound B̂tot(τ), i.e.,
p̂tot(τ) ≤ B̂tot(τ). We first define the empirical measures
to validate the components of Theorem 2 as follows:

(1) p̂tot(τ): Empirical tracking failure rate, counting
frames with IoU(b̂t, b

∗) < 0.5.
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Figure 4. The experiments of re-targeting the tracked object by changing natural languages. The natural language is updated from “a woman
wearing blue clothes with long hair” to “a man wearing brown clothes and a pair of red gloves” at frame 697. (a) is the visualization of
κmvlm
t scores, where higher values are highlighted with stronger red. (b) and (c) are visualization of attention distribution maps [11]

before/after a language query update at frame t=697. (d) is represented to κmvlm
t , ∆̃corr

t and ∆̃cls
t the across frames. The red-dotted

rectangle indicates the moments when the target identity is switched by the updated language description.

(2) η̂(τ): Empirical ROI-exclusion rate, measuring the
fraction of frames where b∗ /∈ St(τ).

(3) B̂pre(τ): Within-ROI mis-localization bound com-
puted as B̂pre(τ) = M(τ) exp(−ĉpre · xpre(τ)).
Here, xpre(τ) = neff · κ̂(τ) where κ̂(τ) =
medianb∈St(τt)\{b∗}(∆ρ̂(b))

2.

(4) B̂tot(τ): Theoretical bound computed as B̂tot(τ) =
η̂(τ) + B̂pre(τ), summing ROI-exclusion and within-
ROI mis-localization terms.

We then evaluate these measures across all sequences in
TNL2K and LaSOT datasets, varying τ from 0.1 to 0.9 to
examine how the bound structure holds across different con-
fidence thresholds Figure 3-(b) shows that p̂tot (green) re-
mains strictly below B̂tot(τ) (blue) across all τ values, con-
firming the inequality p̂tot ≤ B̂tot(τ). This demonstrates
that Theorem 2 provides a tight upper bound for predict-
ing tracking failures and a valid guarantee on the worst-case
failure rate under our MVLM confidence-based ROI filter-
ing.

5.3. Comparison with state of the arts

In Table 1, we compare our tracker with state-of-the-art
trackers on vision-language tracking benchmarks (TNL2K,
LaSOT, OTB99 and MGIT).
Tracking-by-language: In this setting, we evaluate track-
ers where only language guidance is provided, without an
initial bounding box. Across all benchmarks, our model
achieves the best or second best performance. In partic-
ular, on TNL2K, LaSOT, OTB99 and MGIT, our tracker
improves the precision (PRE) +2.0%, +4.5%, +3.3% and
+5.2% compared to the second-best tracker, respectively.

The PRE gain reflects the ability of the proposed method
to stabilize localization in dynamic real-world conditions.
This indicates that our approach supports the feasibility of
language-guided tracking under template-free condition.
Tracking-by-bbox and -language: We further verify
whether the proposed method can be extended not only to
the template-free condition, but also to the template-based
condition. To this end, we consider a tracking-by-bbox and
-language paradigm, which is given both the language de-
scription and the visual template are provided. We imple-
ment this by combining the visual template with language.
Specifically, we replace P ∗

t = [PT
t ;P I

t ] with [PT
t ;P I

t ;P
R
t ]

, where PR
t ∈ RNR×C is produced based on visual tem-

plate and NR is set to 49. We make no further changes
aside from this. Table 1 shows that MVLM has the best PRE
on TNL2K and MGIT. Although designed for template-free
conditions, the method naturally extends to template-based
tracking when visual templates are incorporated.

5.4. Ablation study

Table 2 shows the effect of our proposed components on
TNL2K and OTB99, and LaSOT. To this end, we train and
evaluate four tracker variants by altering the components.

• (A1) and (A2) training without LCM .
• (A3) training with LCM .
• (A4) training with LCM and uses MVLM.

(A1) and (A2) select the final bounding box using b(1)cls . (A1)
searches the entire frame, (A2) restricts the search to a local
region around the predicted result via the local RoI search.
When comparing (A1) with (A2), local ROI search im-

proves the average PRE/AUC by 7.9%/6.8% across bench-
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Figure 5. (a) is the averaged RoI subset size M(τ) by MVLM, and black dotted line is the trajectory for averaged M(τ) across all
sequences on TNL2K test-sets. (b) is GT retention probability heatmap on 50 sequences from TNL2K test set (for brevity). Each row
denotes a sequence, and each column corresponds to τ .

marks. When comparing (A2) with (A3), LCM improves
the average PRE/AUC by 2.2%/1.1% across benchmarks,
showing that the margin correlation signal improves tar-
get recognition. When comparing (A3) with (A4), LCM

and MVLM improves the average PRE/AUC by 0.8%/0.5%
across benchmarks, showing that MVLM effectively selects
reasonable ROI candidates.

5.5. Analysis of target re-assignment

A core challenge of template-free tracking is whether the
tracker can shift to another target using only language. To
explore this, we concatenate two TNL2K sequences that
share the same background but contain different targets, and
update the description from a woman wearing blue clothes
with long hair to a man wearing brown clothes and a pair
of red gloves at frame 697. As shown in Figure. 4-(b)/(c),
the attention distribution is shifted from “woman/blue”
to “man/brown/red gloves”, and predicted bounding box
smoothly switches to the new target in Figure. 4-(a). In Fig-
ure. 4-(d), κmvlm

t , ∆̃corr
t and ∆̃cls

t briefly drop temporarily at
the switching point and then stabilize. This shows that the
tracker recovers a consistent target identity under the new
language description. The attention distribution is changed
and the bounding box switch occurs together. This indicates
that the language description defines the target identity for
template-free tracking, and the target can be switched sim-
ply by modifying the description.

5.6. Analysis of GT retention

We analyze whether our MVLM mechanism effectively re-
duces distractors while retaining valid candidates. For each
sequence in the TNL2K test set, we change τ and mea-
sure whether the subset St(τ) contains the ground-truth box
b∗. The total number of survived candidates M(τ) reaches

up to 196, consisting of boxes generated from the tracking
header. Figure 5–(a) shows that M(τ) decreases as τ in-
creases. (e.g., it drops sharply from 196 to around 20 in av-
erage at τ = 0.01). Figure 5–(b) visualizes the GT retention
probability P

[
∃b ∈ St(τ) : IoU(b, b∗) > 0.5

]
. We find

that most sequences consistently maintain a high GT reten-
tion probability at τ ≤ 0.2, even if our MVLM confidence-
based mechanism filters out most of candidate boxes. Taken
together Figure 5–(a) and Figure 5–(b), the tendency quan-
titatively demonstrates that the proposed confidence-based
filtering suppresses low-confidence candidates while pre-
serving GT retention stability. As a result, we confirm that
the MVLM effectively prunes uncertain samples.

6. Conclusion
In this work, we address template-free tracking where the
tracker localizes objects using only natural language, with-
out visual templates or box initialization. We show that
VL correlation margin is the fundamental tracking signal
for reliable tracking: under a sub-Gaussian noise model,
larger margins between the target and distractors exponen-
tially reduce mis-localization probability. However, mar-
gins can degrade under challenging scenarios. To address
this, we propose MVLM confidence that integrates correla-
tion margins and temporal memory to dynamically gate be-
tween local ROI search and global re-localization. Theoret-
ically, we derive bounds decomposing failure into ROI ex-
clusion and within-ROI mis-localization, justifying MVLM
as a theoretically grounded gating mechanism. Extensive
experiments validate our theoretical predictions and achieve
state-of-the-art performance under language-only guidance,
demonstrating that margin-based correlation provides a re-
liable foundation for template-free tracking in challenging
scenarios.
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