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Supplementary Material

In this supplementary material, we provide a more de-
tailed analysis of our method and comparison results.
• In Section 1, we provide detailed proofs for Section 3 and

Section 4 of our main paper.
• In Section 2, we provide more details on our tracking

header network and losses.
• In Section 3, we provide more detailed description of

global and local ROI search.
• In Section 4, we provide sensitivity analysis for τ ,
ψout, αcorr, λ, and ω.

• In Section 5, we provide additional qualitative and quan-
titative experimental results and analyses.

• In Section 6, we provide analysis of computational cost
and tracking speed.

1. Theoretical Analysis and Proofs

This section provides detailed mathematical justifications
for the theoretical results presented in Section 4 of our main
our main paper. We first establish the necessary notation and
assumptions, then present complete proofs for Theorems 1
and 2.

1.1. Preliminaries and Notation
For completeness, we restate the key definitions and as-
sumptions used in our theoretical analysis.

Definition 1 (Visual search token). Let F ∈ RH×W×d be
a feature map of one frame. Define the spatial index set

Ω = {(i, j) : 1 ≤ i ≤ H, 1 ≤ j ≤W}.

For x ∈ Ω, the vision token embedding is vx ≡ v(i,j) ∈
Rd, where the subscript x = (i, j) denotes a vision token
location within the image grid.

Let vt,x denote the vision token at location x at frame
t and ut the language embedding given at frame t. For
brevity, we omit the frame index t for visual tokens when
the context is clear.

Definition 2 (Region score via vision-language correlation).
A candidate box b corresponds to a token index set R(b) ⊂
Ω (tokens whose cell centers fall inside b). We denote b∗

as the ground-truth bounding box of the target and R∗ =
R(b∗) as the set of token indices contained in b∗.

Given a unit-normalized language embedding ut ∈ Rd

and vision tokens vx ∈ Rd, the region-averaged alignment

score is

s(I, t, b) =
1

|R(b)|
∑

x∈R(b)

⟨vx, ut⟩ =
〈
v̄t(b), ut

〉
, (1)

where v̄t(b) = 1
|R(b)|

∑
x∈R(b) vx is the mean vision em-

bedding over region R(b).

Assumption 1.1 (Basic normalization and sub-Gaussian
noise model). We assume ∥ut∥2 = 1 and ∥vx∥2 ≤ 1 for
all x ∈ Ω. Write vx = µx + εx, where µx represents the
signal component and εx is zero-mean noise.

We assume ⟨εx, ut⟩ is sub-Gaussian with proxy vari-
ance σ2, meaning for all λ ∈ R:

E
[
eλ⟨εx,ut⟩

]
≤ eλ

2σ2/2.

Within a box, tokens are either independent or exhibit suffi-
ciently weak dependence such that averages over R(b) con-
centrate at rate O(1/|R(b)|). Additionally, disjoint regions
R(b∗) and R(b) are assumed independent.

Definition 3 (Region mean correlation). For a box b with
region R(b), define the region-mean signal vector

µ̄(b) =
1

|R(b)|
∑

x∈R(b)

µx, (2)

and its alignment with the language embedding,

ρ(b) = ⟨µ̄(b), ut⟩. (3)

We call ρ(b) the noiseless correlation of box b with the lan-
guage query.

Assumption 1.2 (Correlation margin). There exists γ > 0
such that for all distractor boxes b ̸= b∗,

ρ(b∗)− ρ(b) ≥ γ. (4)

Equivalently, the ground-truth region maintains strictly
higher noiseless correlation with the language description
than any competing candidate.

Remark 1.1. Assumption 1.2 formalizes the intuition that
a semantically precise language description combined with
visually distinctive target appearance ensures sufficient sep-
aration in the correlation space. In practice, γ depends on
both the specificity of the language query and the visual dis-
tinctiveness of the target relative to background distractors.



1.2. Proof of Theorem 1: Mis-localization Bound
We now present the complete proof of Theorem 1 from our
main paper, which establishes an exponential bound on mis-
localization probability under sub-Gaussian noise.

Theorem 1 (Mis-localization bound under sub-Gaussian
noise). Under Assumptions 1.1 and 1.2, with n∗ = |R∗|
and nb = |R(b)|, the probability that any distractor box
b achieves a higher score than the ground-truth box b∗ is
bounded as:

P
[
max
b̸=b∗

s(I, t, b) ≥ s(I, t, b∗)
]

≤
∑
b̸=b∗

exp

(
−
(
ρ(b∗)− ρ(b)

)2
2σ2
(

1
n∗ + 1

nb

) ). (5)

Proof. The proof proceeds in three steps: (1) decompose
the score gap into signal and noise, (2) bound the tail prob-
ability for a single distractor, and (3) apply the union bound.

Step 1: Score gap decomposition. Consider any distrac-
tor b ̸= b∗. The random score gap is:

s(I, t, b∗)− s(I, t, b)

= ρ(b∗)− ρ(b)︸ ︷︷ ︸
signal: ≥γ

+
1

n∗

∑
x∈R∗

⟨εx, ut⟩ −
1

nb

∑
x∈R(b)

⟨εx, ut⟩︸ ︷︷ ︸
noise: =Zb

.
(6)

The first term is the deterministic margin guaranteed by As-
sumption 1.2. The second term Zb represents the combined
noise from both regions.

Step 2: Sub-Gaussian concentration. By Assump-
tion 1.1, each ⟨εx, ut⟩ is sub-Gaussian with proxy variance
σ2. Since the two regionsR∗ andR(b) are disjoint and inde-
pendent, the difference of averages Zb is also sub-Gaussian.

The proxy variance of Zb is:

Varproxy(Zb) =
σ2

n∗
+
σ2

nb
= σ2

( 1

n∗
+

1

nb

)
. (7)

For a sub-Gaussian random variable Z with zero mean
and proxy variance v2, the tail bound states:

P[Z ≤ −δ] ≤ exp
(
− δ2

2v2

)
, ∀δ > 0.

Applying this to our setting, the event {s(I, t, b) ≥
s(I, t, b∗)} is equivalent to {s(I, t, b∗) − s(I, t, b) ≤ 0},
which means {ρ(b∗)−ρ(b)+Zb ≤ 0} or {Zb ≤ −(ρ(b∗)−
ρ(b))}.

Since ρ(b∗)− ρ(b) ≥ γ > 0, we have:

P
[
s(I, t, b) ≥ s(I, t, b∗)

]
= P

[
Zb ≤ −(ρ(b∗)− ρ(b))

]
≤ exp

(
− (ρ(b∗)− ρ(b))2

2σ2
(

1
n∗ + 1

nb

) ).
(8)

Step 3: Union bound over all distractors. Let Bt de-
note the set of all candidate boxes at frame t. The event that
the maximum score over all distractors exceeds the ground-
truth score is:{
max
b ̸=b∗

s(I, t, b) ≥ s(I, t, b∗)
}
=
⋃
b ̸=b∗

{
s(I, t, b) ≥ s(I, t, b∗)

}
.

By the union bound:

P
[
max
b̸=b∗

s(I, t, b) ≥ s(I, t, b∗)
]
≤
∑
b ̸=b∗

P
[
s(I, t, b) ≥ s(I, t, b∗)

]
.

Substituting the bound from equation (8) yields the de-
sired result (5).

Remark 1.2 (Interpretation). Theorem 1 reveals that the
mis-localization probability decays exponentially with the
squared correlation margin (ρ(b∗)− ρ(b))2. This exponen-
tial dependence justifies our Correlation Margin (CM) loss
design (Section 3.2 of the main paper), which directly max-
imizes the margin ∆ρ(b) = ρ(b∗)− ρ(b) during training.

The bound also shows that larger regions (larger n∗ and
nb) provide better concentration by averaging out noise,
while higher noise variance σ2 increases the failure proba-
bility. The factor ( 1

n∗ + 1
nb
) represents the effective inverse

sample size.

1.3. Proof of Theorem 2: MVLM Re-localization
Bound

While Theorem 1 establishes that sufficient correlation mar-
gin ensures reliable localization, in practice distractors or
appearance shifts can reduce this margin. Our MVLM con-
fidence mechanism addresses this by dynamically selecting
a Region of Interest (ROI) through confidence-based filter-
ing. However, this introduces two potential failure modes:
(i) the ground-truth box may be excluded from the ROI
(ROI-exclusion), and (ii) within the ROI, a distractor may
still achieve higher score than the ground-truth (within-ROI
mis-localization).

Theorem 2 formalizes the overall failure probability un-
der ROI-based search.

Theorem 2 (MVLM confidence re-localization bound).
Under the sub-Gaussian noise model (Assumption 1.1) with
a common token-level proxy variance σ2, assume:
(a) Equal region size: |R(b)| = n for all b ∈ St(τ)



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

]
≤ η(τ)

(c) Minimum margin within ROI: ρ(b∗) − ρ(b) ≥ γ(τ)
for all b ∈ St(τ) \ {b∗}

(d) Finite candidates: M(τ) := |St(τ)| < ∞
where St(τ) = {b ∈ Bt : κmvlm

t (b) ≥ τ} is the ROI se-
lected by thresholding the MVLM confidence at level τ .

Then the overall tracking failure probability is bounded
as:

P
[
tracking fails at frame t

]
= 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

.

(9)

Proof. The proof decomposes the failure probability into
two disjoint events and bounds each separately.

Step 1: Event decomposition. Define the following
events:

• Eout := {b∗ /∈ St(τ)} (ROI exclusion: ground-truth is
filtered out)

• Ein := {∃ b ∈ St(τ) \ {b∗} : s(I, t, b) ≥ s(I, t, b∗)}
(within-ROI mis-localization given b∗ ∈ St(τ))

The overall tracking failure occurs if either the ground-
truth is excluded from the ROI or a distractor within the ROI
achieves higher score:

{tracking fails} = Eout ∪ (Ein ∩ Ec
out).

By the law of total probability:

P(fail) = P(Eout) + P(Ein ∩ Ec
out)

= P(Eout) + P(Ein | Ec
out) · P(Ec

out)

≤ P(Eout) + P(Ein | b∗ ∈ St(τ)).

(10)

Step 2: Bounding ROI exclusion probability. By as-
sumption (b), we directly have:

P(Eout) = P
[
b∗ /∈ St(τ)

]
≤ η(τ).

The quantity η(τ) captures how conservative the MVLM
confidence thresholding is. A well-designed confidence
measure should yield small η(τ) at operating thresholds,
ensuring the ground-truth is retained in the ROI with high
probability.

Step 3: Bounding within-ROI mis-localization. Condi-
tioning on b∗ ∈ St(τ), we need to bound the probability
that some distractor in the ROI achieves higher score than
b∗.

For any fixed b ∈ St(τ) \ {b∗}, define the score gap:

∆b := s(I, t, b∗)− s(I, t, b) =
(
ρ(b∗)− ρ(b)

)
+ Zb,

where Zb is the noise term as in equation (6).
By assumption (a), all boxes in the ROI have equal re-

gion size n. Therefore, by the sub-Gaussian property:

Zb ∼ sub-Gaussian with proxy variance σ2
( 1
n
+
1

n

)
=

2σ2

n
.

By assumption (c), the minimum margin within the ROI
is γ(τ):

ρ(b∗)− ρ(b) ≥ γ(τ) ∀b ∈ St(τ) \ {b∗}.

Using the sub-Gaussian tail bound:

P
[
s(I, t, b) ≥ s(I, t, b∗) | b∗ ∈ St(τ)

]
= P[∆b ≤ 0]

= P
[
Zb ≤ −(ρ(b∗)− ρ(b))

]
≤ P

[
Zb ≤ −γ(τ)

]
≤ exp

(
− γ(τ)2

2 · 2σ2

n

)

= exp

(
− nγ(τ)2

4σ2

)
.

(11)

Step 4: Union bound over ROI candidates. By assump-
tion (d), the ROI contains at mostM(τ) candidates, so there
are at mostM(τ)−1 distractors. Applying the union bound:

P

[
max

b∈St(τ)\{b∗}
s(I, t, b) ≥ s(I, t, b∗)

∣∣∣∣ b∗ ∈ St(τ)

]
≤

∑
b∈St(τ)\{b∗}

P
[
s(I, t, b) ≥ s(I, t, b∗) | b∗ ∈ St(τ)

]
≤
(
M(τ)− 1

)
exp

(
− nγ(τ)2

4σ2

)
.

(12)

Step 5: Combining the bounds. Substituting equa-
tions (12) and the ROI exclusion bound into equation (10)
yields the final result (9).

Remark 1.3 (Practical implications). Theorem 2 reveals
the fundamental trade-off in ROI-based search:



• Increasing τ makes the ROI more selective: M(τ)
decreases (fewer distractors) and γ(τ) typically in-
creases (higher quality survivors), reducing within-
ROI mis-localization. However, η(τ) increases (higher
chance of excluding b∗), raising the ROI exclusion risk.

• Decreasing τ admits more candidates: M(τ) in-
creases and γ(τ) decreases, making within-ROI mis-
localization more likely, but η(τ) decreases, reducing
ROI exclusion.

Our MVLM confidence mechanism dynamically adapts
τ (or equivalently, switches between local ROI search and
global re-localization) to balance these two failure modes
based on the current tracking state.

Corollary 1 (Sufficient design rule). Fix a target failure
probability δ ∈ (0, 1). If the operating threshold τ satisfies

η(τ) +
(
M(τ)− 1

)
exp

(
− nγ(τ)2

4σ2

)
≤ δ, (13)

then the tracking failure probability at frame t is at most δ.
This provides a principled guideline for selecting τ given

estimates of η(τ), M(τ), and γ(τ) from validation data or
online statistics.

1.4. Robustness to Non-Gaussian Noise
Our theoretical analysis models score-level uncertainty with
a zero-mean sub-Gaussian noise to derive clean bounds
via MGF-based concentration. This assumption aligns well
with typical tracking variability, such as mild appearance or
illumination changes, moderate blur, and feature noise. To
assess the robustness of our framework beyond this regime,
we replace the noise term with Laplace and Gamma per-
turbations. Intuitively, Laplace noise reflects heavier-tailed
deviations, such as brief occlusions, abrupt motion or de-
focus, and transient strong distractors. On the other hand,
Gamma noise captures asymmetric score bursts, which can
occur as spuriously high correlation peaks from textured
backgrounds. As shown in Figure 1, while the sub-Gaussian
setting best matches our theoretical assumptions, MVLM
remains highly effective under these non-Gaussian settings.
This empirical evidence suggests that our memory-gated
decision mechanism and correlation margin are not strictly
tied to a single noise family, demonstrating practical robust-
ness in diverse and challenging tracking conditions.

2. Template-free Tracking Framework Details

2.1. Tracking Head Architecture
We adopt heatmap-based prediction heads consisting of
three parallel branches: classification, offset regression, and
size regression. Each head is composed of a stack of four
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Figure 1. Robustness evaluation against non-Gaussian noise.

Conv-BN-ReLU blocks followed by a task-specific 1 × 1
convolution. Their outputs are formulated as:

Fcls ∈ R1×
√
NI×

√
NI ,

Foff ∈ R2×
√
NI×

√
NI ,

Fsize ∈ R2×
√
NI×

√
NI .

(14)

During training and inference, we utilize an argmax-based
decoding rule. The position (xm, ym) is determined by the
peak of the classification heatmap:

(xm, ym) = argmax
(x,y)

Fcls(x, y). (15)

We then extract the corresponding offset and size values as:

(dx, dy) = Foff(xm, ym), (dw, dh) = Fsize(xm, ym).
(16)

Here, (dx, dy) represent the offsets, indicating how far the
true object center deviates from (xm, ym), and (dw, dh) de-
note the normalized width and height. By combining these
values, the final bounding box b is reconstructed as:

b = (x̂, ŷ, ŵ, ĥ) = (xm + dx, ym + dy, dw, dh). (17)

2.2. Detailed Loss Formulation
We employ a composite loss function Ltotal to train the
framework end-to-end. Given the ground-truth box bg =
(xg, yg, wg, hg), the classification branch is supervised with
a weighted focal loss [2] Lcls(Fcls, Gcls) using a Gaussian
heatmap Gcls centered at (xg, yg). Box quality is refined
through a GIoU loss LGIoU [4] and L1 penalty LL1 on the
peak coordinates. To sum up, these losses are linearly com-
bined and called track loss Ltotal = Lcls(Fcls, Gcls)+αGIoU ·
LGIoU(b, bg) + αL1 · LL1((xp, yp), (xg, yg)) + LCM. There-
fore, the total loss Ltotal is defined as:



Ltotal = Ltrack + LCM, (18)

where αGIoU and αL1 are set to 2.0 and 5.0, respectively.
The correlation margin loss LCM is defined in Section 3.2
of our main paper.

3. Methodology for Scaling Search Region
We present the implementation details for the Local search
and Global search strategies used to derive the visual search
region.

3.1. Local ROI Search
Local search restricts the visual search region to a square
region centered on the target predicted at the previ-
ous frame. Given the predicted bounding box b̂t−1 =
(xt−1, yt−1, wt−1, ht−1) from frame t−1, we define the ge-
ometric center (cx, cy) = (xt−1+wt−1/2, yt−1+ht−1/2).
The search region side length slocal is determined by the
geometric mean of the target dimensions scaled by a search
factor fsearch (typically set to 4.0) to include sufficient sur-
rounding context:

slocal = ⌈
√
wt−1 · ht−1 × fsearch⌉ (19)

We extract a square crop of size slocal × slocal from It cen-
tered at (cx, cy). If this crop extends beyond the image bor-
ders, zero-padding is applied. The cropped region is then
resized to the fixed network input resolution Sin×Sin (e.g.,
224 × 224). The corresponding scaling factor is defined as
r = Sin/slocal, and let (x′, y′, w′, h′) denote the predicted
bounding box in the local search region. Mapping back to
the original image space It yields:

b̂t =

(
x′

r
+ cx − slocal

2
,

y′

r
+ cy −

slocal
2

,
w′

r
,

h′

r

)
(20)

As mentioned in Section 1 on our main paper, local ROI
search is a preprocessing strategy widely adopted by many
existing trackers. It operates under the assumption that the
position of tracked object does not change significantly
from the previous frame. It removes similar appearance
objects located elsewhere in the frame. However, this ap-
proach requires a prior tracking result to be available, mak-
ing it unsuitable for initializing template-free tracking. We
replace this mechanism with MVLM.

3.2. Global ROI Search
Global search processes the entire input frame It to localize
the target object. Given the input frame It ∈ RH×W , it is
resized to the same square resolution Sin × Sin as in local
search. This induces anisotropic scaling with horizontal and
vertical factors:

rx =
Sin

W
, ry =

Sin

H
(21)

The visual encoder thus sees the full field of view with-
out any spatial cropping. Let (x′, y′, w′, h′) denote the pre-
dicted box in this global search region. We map it back to
the original resolution by inverting the scales:

b̂t = (x′/rx, y′/ry, w′/rx, h′/ry) (22)

4. Sensitivity Analysis for hyper-parameters
In this section, we perform a detailed sensitivity analy-
sis of the key hyperparameters used in the MVLM con-
fidence mechanism and the memory-gated tracking strat-
egy. To ensure robustness, we conduct these ablations on
the OTB99 [1] dataset. Based on the results, we adopt the
following default settings for all experiments: confidence
threshold τ = 0.1, spatial exclusion threshold ψout = 0.0,
blending weight αcorr = 0.1, Forgetting factor λ = 0.4,
and memory factor ω = 0.4.

4.1. Analysis for Confidence Threshold τ

The threshold τ serves as the gating parameter that de-
termines the size of the search region set St(τ) defined
in Eq. (8) of the main paper. It controls the trade-off
between local ROI search and global re-localization. As
shown in Figure 2-(a), we observe the following behaviors:
The tracker retains high Precision and AUC when τ is low
(τ ≤ 0.1). This suggests that allowing a slightly larger
number of candidates into the ROI is safer than aggres-
sive pruning, as it minimizes the ROI exclusion probability
(η(τ)). As τ increases beyond 0.2 (τ > 0.2), performance
drops sharply (e.g., AUC drops from 60.76% to 52.81%).
A high threshold makes the ROI selection overly conserva-
tive, frequently excluding the ground truth during appear-
ance changes and triggering potentially unstable global re-
localizations. Therefore, we set τ = 0.1 to balance sup-
pressing distractors while retaining the target.

4.2. Analysis for Exclusion Threshold ψout

The exclusion threshold ψout defines the outside candidate
pool Bout

t , as detailed in Section 3.3 of the main paper. By
enforcing that candidates satisfy IoU(b′, b) ≤ ψout, we en-
sure that the margin is computed against a geometrically
distinct distractor rather than a highly overlapping candi-
date. Figure 2-(b) demonstrates that the framework achieves
the best performance at ψout = 0.0, with a gradual decline
as ψout increases. This indicates that computing the margin
against fully non-overlapping distractors yields the most re-
liable separation signal between the target and background
candidates. We therefore set ψout = 0.0.

4.3. Analysis for Blending Weight αcorr

The MVLM confidence κvlmt is a weighted combination of
the vision-language correlation margin ∆̃corr

t and the clas-
sification margin ∆̃cls

t , controlled by κvlmt := αcorr∆̃
corr
t +
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Figure 2. Sensitivity analysis of MVLM hyperparameters on OTB99. Each plot varies one parameter while fixing the others at default
values (τ=0.1, Ψout=0.0, αcorr=0.1, λ=0.4, ω=0.4).

αcls∆̃
cls
t subject to the constraint αcorr + αcls = 1. Note

that these two weights are coupled: setting αcorr = 0.0
automatically sets αcls = 1.0, and as αcorr increases, the
influence of αcls decreases proportionally. Therefore, the x-
axis in Figure 2-(c) only shows αcorr as αcls = 1 − αcorr.
Figure 2-(c) shows that a balanced fusion (αcorr = 0.1)
yields the most robust tracking performance in terms of all
the three evaluation scores. This indicates that the classifi-
cation score carries the dominant discriminative power for
reliable target recognition, while the VL correlation margin
acts as a lightweight complementary signal that provides the
accuracy gain. Therefore, we set αcorr = 0.1.

4.4. Analysis for Memory Factors λ and ω

In addition to the gating and thresholding parameters,
we evaluate the sensitivity of our memory mechanism
controlled by the exponentially weighted moving average
(EWMA) factors, λ and ω. We optimize these parameters
using a held-out validation split once and keep them fixed
across all benchmarks to ensure generalization. As illus-
trated in Figure 2-(d), the tracking performance remains
very stable over a wide range of λ ∈ [0.0, 0.7], with the
optimum at λ = 0.4. A moderate λ can balance respon-
siveness to abrupt confidence changes with temporal noise
suppression. Figure 2-(e) shows that ω exhibits the lowest
sensitivity among all hyperparameters, with AUC varying
by only 0.37% across the entire range ω ∈ [0.0, 1.0]. These
results indicate that MVLM is not highly sensitive to the
exact choices of these memory factors, demonstrating the

(a) VL correlation map (b) κmvlm
t map (c) Tracking result & GT

Figure 3. Visualization of robustness to implicit query (“the man
in yellow”). Red/Green box are prediction/GT boxes, respectively.

robustness of our temporal smoothing design.

5. Additional Experimental Results

In this section, we provide additional qualitative and quan-
titative results that complement the analyses presented in
our main paper. These experiments aim to more clearly il-
lustrate how MVLM behaves under diverse tracking condi-
tions and how it compares against existing vision-language
trackers.

5.1. Tracking under Implicit/Ambiguous Queries
As illustrated in Figure 3, implicit or high-level semantic
queries (e.g., ”the man in yellow”) can yield multiple ac-
tivated peaks in the vision-language (VL) correlation map,
as multiple instances may equally satisfy the same descrip-
tion. In such cases, the task is inherently under-specified
and is closely related to multi-instance grounding. Impor-
tantly, MVLM reduces this ambiguity through the vision-
language margin confidence (κmvlm

t ). When multiple sim-
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Figure 4. Qualitative comparison on three challenging sequences. MVLM (red box) more accurately follows the language-described target
compared to SOTA trackers. SOTA trackers frequently drift to visually similar distractors or lose the target under occlusion, while MVLM
preserves correct localization through margin-based correlation and confidence-driven ROI selection.

ilar targets exist, the correlation margin between the top-1
and top-2 candidates naturally becomes small. This corre-
spondingly lowers the overall κmvlm

t score, which prevents
over-confident drift by triggering a conservative search de-
cision. Furthermore, as a straightforward extension, with
minimal additional user disambiguation (e.g., a short tem-
poral hint or an extra phrase), our framework can main-
tain top-K candidates and compare their temporal-memory
margin confidences to progressively narrow down to the in-
tended target.

5.2. More Qualitative Results

Figure 4 presents qualitative tracking results taken from di-
verse scenarios, including RGB game footage, urban ther-
mal imagery, and crowded outdoor environments. Across
these cases, MVLM consistently identifies the target de-
scribed by natural language while suppressing visually sim-
ilar distractors. In Figure 4-(a), the target undergoes signif-

icant pose changes and partial occlusions. MVLM main-
tains stable tracking by relying on correlation margin and
memory-based confidence, preventing drift toward back-
ground characters. In Figure 4-(b), where the textual cue is
weak and clutter levels are high, the tracker still localizes
the described individuals. This demonstrates that vision-
language correlation is robust across modalities. In Fig-
ure 4-(c), multiple people or animals appear with similar vi-
sual appearance. Even in such ambiguous layouts, MVLM
discards low-confidence candidates and retains the correct
one, showing the effectiveness of the ROI filtering guided
by MVLM confidence.

5.3. Attribute-based Evaluation

To further analyze the behavior of MVLM under specific
tracking conditions, we evaluate the tracker on 17 attribute
subsets of TNL2K [5]. The OPE normalized precision
(NPR) curves in Figure 5 compare our method against two
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Figure 5. OPE normalized precision curves on the 17 attribute-based subsets of TNL2K [5]. Across these attributes, MVLM (red line)
outperforms JointNLT [6] (blue line) and UVLTrack [3] (yellow line).



Method FLOPs Params Speed
JointNLT [6] 42.2G 153M 39 FPS
UVLTrack [3] 33.1G 142M 53 FPS

MVLM (Ours) 24.7G 127M 56 FPS

Table 1. Comparison on computational cost.

SOTA vision-language trackers, JointNLT [6] and UVL-
Track [3]. Across these attributes, MVLM consistently
achieves the best NPR. On attributes on low resolution, ther-
mal crossover and modality switch, MVLM outperforms
NPR 6.1%, 9.6% and 6.2% compared to the second best
tracker. This result demonstrates that even when the target
appearance collapses or undergoes drastic variations, our
model still preserves discriminability against distractors.
This highlights that the correlation margin acts as a com-
pensatory signal when visual cues degrade. We show that
our margin signal preserves discriminability against distrac-
tors. On the other hand, NPR improvements are minor in
attributes where the geometric variation is deformed but the
target identity is still maintained. For example, attributes on
aspect ratio change, scale variation, and deformation have
the NPR gain 2.5%, 3.0%, 1.0% compared to the second-
best tracker, respectively. These observations demonstrate
that the correlation margin acts as a compensatory signal
against appearance degradation. When the visual cue col-
lapses, the margin becomes the dominant cue that preserves
target identity. As a result, our proposed correlation-margin
loss and MVLM effectively enhance discriminability under
challenging attribute conditions.

6. Analysis for Computational Cost and Speed

In this section, we provide a detailed analysis of the com-
putational cost and tracking speed of MVLM compared
to state-of-the-art vision-language trackers. As summarized
in Table 1, evaluated under the same hardware settings,
our method requires 24.7G FLOPs and 127M parameters,
running at a real-time speed of 56 FPS. In comparison,
JointNLT requires 42.2G FLOPs and 153M parameters run-
ning at 39 FPS, while UVLTrack requires 33.1G FLOPs and
142M parameters running at 53 FPS. Beyond the network
efficiency, our memory-gated tracking strategy further im-
proves practical runtime efficiency. By dynamically switch-
ing to compact local ROI tracking whenever the MVLM
confidence is high, the framework avoids redundant global
feature extractions, invoking the heavier global search only
when strictly necessary.
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