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Abstract

Spatio-Temporal Video Grounding (STVG) aims to localize
target objects in videos based on natural language descrip-
tions. Despite recent advances in Multimodal Large Lan-
guage Models, a significant gap remains between current
models and real-world demands involving diverse objects
and complex queries. We attribute this to limited benchmark
scope, causing models to exhibit category bias, oversimpli-
fied reasoning, and poor linguistic robustness. To address
these limitations, we introduce OmniGround, a comprehen-
sive benchmark with 3,475 videos spanning 81 categories
and complex real-world queries. We propose the Forward-
Backward-Refinement annotation pipeline that combines
multi-directional tracking with intelligent error correction
for high-quality labels. We further introduce DeepSTG, a
systematic evaluation framework quantifying dataset qual-
ity across four complementary dimensions beyond super-
ficial statistics. Evaluations reveal performance average
drop of 10.4% on complex real-world scenes, particularly
with small/occluded objects and intricate spatial relations.
Motivated by these, we propose PG-TAF, a training-free
two-stage framework decomposing STVG into high-level
temporal grounding and fine-grained spatio-temporal prop-
agation. Experiments demonstrate PG-TAF achieves 25.6%
and 35.6% improvements in m tIoU and m vIoU on Omni-
Ground with consistent gains across four benchmarks.

1. Introduction

Spatio-Temporal Video Grounding (STVG) aims to local-
ize target objects in both temporal and spatial domains
within a video based on natural language descriptions [45].
It finds broad applications in autonomous driving [2, 33],
video retrieval [11, 42], intelligent surveillance [45], and
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human-computer interaction [46]. With the rapid develop-
ment of Multimodal Large Language Models (MLLMs) [7,
9, 36, 41], the task has greatly benefited from MLLMs’
enhanced cross-modal semantic understanding and struc-
tured spatial reasoning, substantially outperforming tradi-
tional lightweight approaches [5, 14, 18, 37].

Despite these advances, there remains a significant
gap between current STVG-MLLMs and real-world de-
mands [2, 17, 35]. As illustrated in Fig. 1, existing mod-
els often struggle with complex real-world scenarios: fail-
ing to localize some uncommon objects (e.g., “kite”, “scis-
sors”); unable to distinguish multiple similar targets (“the
right man in red clothes among three people”); and misin-
terpreting queries with nested spatial relations.

We attribute these limitations to the narrow scope of cur-
rent benchmarks. Datasets like HC-STVG [30] focus pre-
dominantly on a single category (person), while others like
VidSTG [26, 45] involve relatively simple scenarios with
limited object diversity, which hinders the practical deploy-
ment of STVG-MLLMs in complex real-world scenarios.

To address these limitations, we introduce Omni-
Ground, a comprehensive benchmark designed to advance
STVG-MLLMs toward real-world applicability. Omni-
Ground comprises 3,475 videos (average 18.2s) spanning
81 balanced object categories — twice as many as Vid-
STG [45] and six times more than ST-Align [17]. Each
video is densely annotated with spatio-temporal tubes at
native FPS, paired with linguistically complex descriptions
(sentence-level NEI: 0.918 vs. 0.659 in VidSTG) that in-
clude rich spatial relations and diverse action predicates.

To ensure annotation quality and efficiency, we pro-
pose the Forward-Backward-Refinement (FBR) pipeline,
which uses multi-point bi-directional tracking with fusion-
based voting to generate accurate spatio-temporal tubes.
Our FBR pipeline reduces annotation time consumption
while significantly enhancing continuity and accuracy, and
is particularly robust to partial occlusions (Fig. 4).
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The man in black clothes goes to the table, 
picks up the things on the table, and eats.



The man in red clothes carrying his hands
and walking forward.



A medical surgical scissors is used by a doctor to insert into a patient's wound for surgery.


2.9 6.6 11.0 16.9 0.5 5.912.3(s)Grond Truth 20.0(s) 20.6(s)Grond Truth Grond Truth

The event happens in 2.9 - 7.8s. The box at start frame is [0.09, 0.24, 0.40, 0.69], ......, the box at last frame is [0.13, 0.01, 0.35, 0.35].



The visual content occurs between 2.9 and 7.8s. The box at start frame is [0.17, 0.34, 0.61, 0.99], ......, the box at last frame is [0.19, 0.13, 0.40, 0.57].



The event happens in 10.6 - 15.4s. The box at start frame is [0.67, 0.28, 0.78, 0.84], ......, the box at last frame is [0.13, 0.19, 0.51, 0.99].



The event happens in 0.2 - 5.3s. The box at start frame is [0.26, 0.17, 0.75, 1.00], ......, the box at last frame is [0.18, 0.14, 0.57, 1.00].



The visual content occurs between 0.5 and 5.9 s. The box at start frame is [0.34, 0.08, 0.65, 0.99], ......, the box at last frame is [0.14, 0.19, 0.28, 0.97].



The visual content occurs between 11.0 and 16.9 s. The box at start frame is [0.83, 0.28, 0.93, 0.87], ......, the box at last frame is [0.65, 0.23, 0.90, 1.00].



Figure 1. Some examples of STVG MLLMs facing real-world complex scenarios (left: uncommon objects, middle: multiple similar target
objects, right: queries with deep syntactic complexity). Content in green and red represents correct and wrong answers, respectively.
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Figure 2. Performance of STVG MLLMs on complex real-world
inputs. Inconsistent trends indicate current datasets are insufficient
for comprehensive real-world evaluation.

Furthermore, to systematically evaluate dataset quality
beyond superficial statistics (e.g., video duration and clip
counts), we introduce DeepSTG, an evaluation framework
that quantifies high-dimensional metrics such as category
diversity, foreground complexity, linguistic balance, and
cross-modal alignment. A comprehensive analysis with
DeepSTG demonstrates that OmniGround significantly out-
performs existing benchmarks across all metrics (Tab. 1),
thereby establishing a new standard for STVG research.

Based on OmniGround, we conduct extensive evalua-
tions on multiple state-of-the-art models to discover their
current performance limitations. Models exhibit perfor-
mance average drop of 10.4% in m vIoU compared to sim-
pler benchmarks (Fig. 2), particularly in: (i) categories bias
(8.42% drop), (ii) oversimplified reasoning (13.1% drop),
and (iii) poor robustness to linguistic complexity (9.42%
drop). The results reveal that existing methods struggle with
samples exhibiting high foreground complexity and deep
semantic structure, particularly when the object is small or
heavily occluded, or when spatial relations are intricate.

Motivated by these observations, we propose PG-TAF,

a training-free two-stage framework that decouples STVG
into coarse temporal grounding (via MLLM’s holistic
reasoning) and fine-grained spatial propagation (via spe-
cialized tracking), effectively addressing the reasoning-
localization trade-off. Experiments across four bench-
marks demonstrate consistent improvements, with 25.6%
and 35.6% gains in m tIoU and m vIoU on OmniGround.
We hope our work can inspire ideas for improving STVG
performance under complex real-world scenarios.

In summary, the contributions of our work are as follows:
• We construct OmniGround, a STVG benchmark com-

prising 3,475 videos with 81 balanced categories and
complex real-world queries. We further introduce the
FBR pipeline for efficient annotation.

• We propose DeepSTG, a systematic framework for quan-
tifying STVG dataset quality, revealing limitations in cat-
egory diversity, complex reasoning, and language robust-
ness. Evaluations on OmniGround further show that cur-
rent models struggle in these complex scenarios due to
these constraints in existing datasets.

• We propose PG-TAF, a training-free two-stage frame-
work baseline designed to address the challenges exposed
by OmniGround. Experiments on four benchmarks com-
pared with several models indicate improvements in our
method and a promising direction for future research.

2. Related Work
2.1. Spatio-Temporal Video Grounding Datasets
STVG research relies on comprehensive datasets to im-
prove model performance. HC-STVG [30] is a pioneering
large-scale benchmark that localizes spatio-temporal tubes
of target persons in untrimmed videos based on textual
descriptions. VidSTG [45] provides an untrimmed video
benchmark emphasizing multi-form sentence grounding. Li
et al.[17] propose ST-Align, using GPT-4-turbo[1] to en-
hance VidSTG’s textual annotations. Ahmad et al.[2] intro-
duce VPos-Bench with 72k video-caption pairs and 100k
annotated object points across five real-world scenarios.
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EgoMask[19] explores fine-grained object tracking in ego-
centric videos based on Ego4D [10].

Despite these efforts, existing benchmarks lack com-
prehensive diagnostic evaluation beyond basic statistics.
Current assessments of STVG benchmarks primarily rely
on basic statistical metrics, such as object type, domain,
and number [28]. While HC-STVG [30] introduces con-
cepts like Ambiguity (BA, TA) and High-level Composi-
tionality (HC), these metrics still can not fully evaluate the
benchmark’s complexity and generalization demands [38].
Specifically, the ambiguity metrics use binary flags or broad
categories that fail to capture the true level of difficulty in
the data. HC is often based on simple feature counts in-
stead of balanced syntactic challenges, leading to uneven
data distributions that hurt model performance.

Therefore, we introduce OmniGround, a comprehen-
sive STVG benchmark designed to address the lack of di-
versity and complexity in existing datasets. Furthermore, to
assess dataset quality beyond superficial statistics, we pro-
pose DeepSTG, an evaluation framework that enabling ob-
jective comparison and rigorous analysis of benchmarks.

2.2. Spatio-Temporal Video Grounding Via MLLM
With the significant progress of MLLMs in video under-
standing, more research focuses on using MLLMs to ef-
fectively address the STVG task [2, 17, 18, 35]. Existing
methods can be categorized into two main perspectives.

The first perspective decomposes STVG into multi-stage
processes. Methods like VTimeLLM [14] and TRACE [13]
focus on temporal localization through boundary-sensitive
training or causal event modeling. VideoMolmo [2] focuses
on accurately grounding the query in time. Groma [23] de-
signs a localized visual tokenization mechanism for fine-
grained region captioning, and GroundingGPT [18] uses
MLLM to pinpoint the target object’s location spatially.

The second perspective is to let MLLMs simultaneously
capture both temporal and spatial information. Recently,
LLaVA-ST [17] proposes language-aligned positional em-
bedding and a spatial-temporal packer to improve spatio-
temporal multimodal understanding. SpaceVLLM [35]
adopts spatio-temporal aware queries and a query-guided
space decoder to enhance the MLLMs’ performance.

Despite recent advances, existing methods struggle with
multi-actor videos, complex foregrounds, and linguistically
difficult queries [2, 35]. Because current STVG datasets
focus on simple, clean video segments without real-world
complexity [17, 30, 45]. Therefore, we propose Omni-
Ground to comprehensively evaluate the models’ perfor-
mance under complex conditions.

3. OmniGround Benchmark
In this section, we introduce the construction pipeline of our
OmniGround, which consists of four key stages:1) data ac-

quisition, 2) data manipulation and filtering, 3) high-quality
annotation via the Forward-Backward-Refinement pipeline,
and 4) dataset augmentation and validation to enhance cov-
erage. Fig. 3 shows the overall statistics of OmniGround.

(a) (b)

(d)(c)

Figure 3. Statistics of our OmniGround benchmark: (a) Video
durations range from short clips to 140 seconds. (b) Predicates
combine spatial and action elements, reflecting complex object in-
teractions and motion. (c) Balanced category distribution. (d) 81
object categories.

3.1. Data Acquisition
We use a two-source strategy to ensure diversity, real-world
relevance, copyright compliance, and annotation feasibility:

Internet Videos. We collect high-quality, copyright-free
videos from video-sharing platforms like Pexels, covering
diverse real-world scenarios. To ensure category balance,
we select at least 5 videos each from 81 categories. We
prioritize videos that exhibit: (i) natural lighting and camera
motion, (ii) multiple interacting objects, and (iii) complex
backgrounds typical of uncontrolled environments.

RVOS Datasets Augmentation. To improve coverage
of rare object classes (e.g., “keyboard”), we slightly supple-
ment with Referring Video Object Segmentation (RVOS)
videos [8, 25], which are processed (Sec. 3.4) to fit STVG
tasks.

3.2. Data Manipulation
Following data acquisition, we establish two temporal con-
straints to ensure data quality and task validity: (1) Video
Duration ≥ 3s: Videos shorter than 3s lack sufficient tem-
poral context for STVG queries, making temporal ground-
ing trivial. (2) Event Duration ≥ 1s: Target events lasting
less than 1s are too fleeting for reliable annotation and eval-
uation, as they approach the granularity of single frames.
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After filtering, OmniGround comprises 3,475 videos
with an average duration of 18.2 seconds (ranging from 3s
to 140s). Each video contains an independent annotated
spatio-temporal event, with caption averaging 16.2 words.
The benchmark exhibits high diversity across object cate-
gories (81 balanced classes) and rich predicate structures.

3.3. Forward-Backward-Refinement Pipeline
Accurate spatio-temporal tube annotation faces three chal-
lenges: high labor cost from frame-by-frame manual label-
ing; tracking drift due to occlusions and motion blur; and
annotation discontinuity from accumulated errors. To ad-
dress these challenges, we propose the Forward-Backward-
Refinement (FBR) pipeline (Fig. 4 (a)), which combines
multi-directional tracking with intelligent error correction:
• Step 1: Multi-Point Initialization. Instead of relying

on a single starting point, annotators first manually la-
bel bounding boxes at two key frames: Fstart and Fend.
We then initialize bi-directional tracking from Fstart and
Fend using DAM4SAM tracker [32], generating forward
track Tf and backward track Tb.

• Step 2: Adaptive Refinement. The pipeline automat-
ically identifies the frame Fmid with maximum IoU dis-
crepancy between Tf and Tb, indicating potential tracking
failure. The annotator then provides a corrective bbox at
Fmid, from which we generate middle track Tm.

• Step 3: Fusion and Smoothing. The three tracks are
fused via IoU-based voting: bboxes within each frame
are clustered (IoU ≥ 0.5), and the main cluster’s aver-
age serves as the fused result. For short gaps where the
number of continuously lost frames is ≤ 3, the pipeline
recovers them by interpolating between continuous seg-
ments using Kalman filtering [27], allowing the track to
persist through brief occlusions.
Compared to single-direction tracking, FBR improves

IoU consistency by 16.8% (measured on 100 validation
samples). The pipeline is particularly robust to partial oc-
clusions, maintaining ≥ 0.8 IoU even when the target is
50% occluded. Additionally, we adopt the real-time qual-
ity monitoring protocol from [4, 22], automatically pausing
annotators when their consistency drops below threshold.

3.4. External Dataset Augmentation and Validation
Videos sourced from RVOS datasets often lack the temporal
boundaries and negative samples essential for STVG. This
is because RVOS videos typically feature annotations that
span the entire duration. To address this, we introduce an
automated negative sample generation pipeline (Fig. 4 (b)).
For each video with full-duration annotations, we:
1. Semantic aspect selection. To create reasonable distrac-

tors while ensuring context consistency, we randomly
select one of three semantic aspects to modify: i) ob-
ject (e.g., “soccer ball” → “basketball”), ii) action (e.g.,

“kicking” → “holding”), or iii) scene (e.g., “on a beach”
→ “in a park”), while preserving the other two aspects.

2. Counterfactual caption generation. Using LLMs
(Qwen3 [41] or DeepSeek [21]), we generate modified
captions based on the selected aspect. For example,
“person kicking a soccer ball on a beach” may become
“person kicking a basketball on a beach” (object change)
while keeping action and scene unchanged.

3. Negative video synthesis. We take the counterfac-
tual caption as the input of video generation model
WAN [34] to synthesize negative video clips that visu-
ally match the original context but exhibit the modified
semantic aspect. These generated clips are temporally
concatenated to the original video—as a prefix or suf-
fix—creating plausible but incorrect temporal segments.

4. Manual validation. All generated samples undergo
manual validation to ensure: (i) clear semantic distinc-
tion from the ground truth, (ii) caption-video alignment
verification (using Keye-VL [31] for ambiguous cases),
and (iii) bounding box accuracy (refined via FBR if
needed). Samples that fail validation are regenerated
with more significant modifications.

4. DeepSTG Evaluation System

In this section, we introduce DeepSTG, a systematic eval-
uation framework that quantifies dataset quality across four
complementary dimension. We apply DeepSTG to compre-
hensively evaluate seven benchmarks, demonstrating Omn-
iGround significantly outperforms across all metrics.

4.1. DeepSTG Evaluation System Design

Our evaluation system is guided by three design principles:

(1) Multi-Faceted Assessment: No single metric can
capture dataset quality. DeepSTG combines multiple di-
mensions, including annotation fidelity (CMA), visual chal-
lenge (FCI), linguistic diversity (VSBI), and distributional
balance (NEI), to provide holistic evaluation.

(2) Task-Aware Design: Each of four selected metrics
directly evaluate a critical part of the STVG task: CMA
ensures the fundamental correctness of annotations, which
is essential for effective supervised learning. FCI quanti-
fies the difficulty of spatial discrimination, directly impact-
ing the model’s localization accuracy. VSBI measures the
balance of linguistic cues (temporal/spatial), ensuring a bal-
anced requirement for temporal and spatial reasoning. NEI
guards against dataset bias, which is critical for ensuring the
model’s generalization ability across different scenarios.

(3) Automation and Objectivity: DeepSTG uses au-
tomated metrics based on authoritative measures to ensure
reproducibility and eliminate subjective bias.
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Figure 4. (a) Overview of our Forward-Backward-Refinement pipeline. (b) An illustration of external data augmentation and validation.

Table 1. Results of dataset quality assessment using the DeepSTG evaluation system. ‘#’ indicates the number.

Benchmark #Category NEI FCI VSBI CMA Score
Category Video Duration Length of Sentence

MeVis 14 0.952 0.421 0.635 0.728 0.753 0.624
Ref-YT-VOS 38 0.900 - 0.859 0.719 0.410 0.757
VastTrack 55 0.724 0.520 0.773 0.736 0.679 0.779
HC-STVG 1 - - 0.778 0.754 0.431 0.678
VIDSTG 40 0.569 0.780 0.659 0.720 0.699 0.701
ST-Align 14 0.628 0.731 0.757 0.718 0.466 0.644

OmniGround (ours) 81 0.992 0.807 0.918 0.770 0.897 0.813

4.1.1. Cross-Modal Semantic Alignment Score

Ensuring consistency between natural language descrip-
tions and their spatio-temporal tubes is crucial for verifying
annotation quality. Standard manual verification lacks both
scalability and objectivity. To address this, we introduce the
Cross-Modal Semantic Alignment (CMA) Score, which
leverages MLLM reasoning to automatically assess the se-
mantic coherence among the video, caption, and bboxes.

Specifically, for a given video-caption-tube(bbox) triplet
(V,Q,B), we sample N key frames F = {f1, f2, . . . , fN}
within the temporal segment [Tstart, Tend] defined by tube
B. For each frame fi and its bbox bi, we prompt GPT-4o [1]
to evaluate three semantic aspects:

(1) Object Presence Score (Sobj): Does the target object
mentioned in Q exist within bi?

(2) Action Accuracy Score (Sact): Is the action/state
described in Q accurately performed by the object in bi?

(3) Context Consistency Score (Sctx): Are the spa-
tial/temporal relations described in Q consistent with the
visual context in fi and video V ?

Each aspect receives a score in [0, 1]. The CMA score
averages across all frames and aspects, and higher scores
indicate better annotation quality and semantic integrity:

CMA =
1

N

N∑
i=1

[
Sobj(fi) + Sact(fi) + Sctx(fi)

3

]
(1)
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4.1.2. Foreground Complexity Index
STVG models must distinguish targets from visually similar
distractors, especially when multiple same-class instances
coexist (e.g., the left red car among three red cars). To mea-
sure visual clutter, we propose the Foreground Complexity
Index (FCI), which quantifies intra-class visual similarity.

Given video V , we sample 1 frame per second and detect
all foreground objects using YOLOv11 [16], obtaining ob-
ject set O = {oi}Ni=1 with feature vectors V = {vi}Ni=1. For
each category C, we compute intra-class mean similarity:

Sin(C) =
1

|OC |2 − |OC |
∑

oi,oj∈OC ,i̸=j

CosSim(vi, vj) (2)

where OC denotes objects of category C (computed only if
|OC | ≥ 2). The FCI averages across all categories:

FCI =
1

|C|
∑
C∈C

Sin(C), FCI ∈ [0, 1] (3)

where higher values indicate objects within the same cate-
gory are visually similar (harder to distinguish), while lower
values suggest diverse appearances (easier grounding).

4.1.3. Verb-Spatial Balance Index
STVG queries require action (“running”) and spatial (“in
front of”) reasoning. Imbalanced datasets biased toward
one type hinder model generalization. We introduce Verb-
Spatial Balance Index (VSBI) to measure linguistic diver-
sity. We categorize each word in captions into three types:
• Action Cues (A): Actions (“run”) and states (“stand”)
• Spatial Cues (S): Directional (“towards, away”) and lo-

cational (“behind, next to”)
• Mixed Cues (M): Combining both (“climbing up”)

Let Pactual = [PA, PS , PM] denote the normalized fre-
quency distribution, where PA + PS + PM = 1. The
ideal balanced distribution is Pideal = [1/4, 1/4, 1/2]. VSBI
∈ [0, 1] measures distance from this ideal:

VSBI = 1− ∥Pactual − Pideal∥2√
7/8

(4)

where
√
7/8 is the maximum possible Euclidean distance.

4.1.4. Normalized Entropy Index
To quantify the distributional uniformity across object cate-
gory, video duration, and text description length, we intro-
duce the Normalized Entropy Index (NEI). The NEI evalu-
ates the balance of data, where a higher score indicates less
biased distribution across the dataset:

NEI =
H

logN
,H = −

N∑
i=1

pi log pi (5)

where H, logN, pi, represents the Shannon Entropy [20],
Maximum Entropy [39], and relative frequency of an in-
stance falling into a specific range (e.g., a specific category).

4.2. STVG Dataset Analyze and Comparison
We apply DeepSTG to evaluate seven benchmarks: four
STVG benchmarks (HC-STVGv2 [30], VidSTG [45], ST-
Align [17], OmniGround) and three RVOS benchmarks
(MeVis [8], Ref-YouTube-VOS [25], VastTrack [24]).
While RVOS datasets are not designed for temporal ground-
ing, they are widely used as source data for STVG research
(Sec. 3.1) and provide a valuable baseline for assessing data
diversity and visual complexity. Including them enables a
more comprehensive understanding of the data landscape
from which STVG benchmarks are constructed. Tab. 1
show the evaluation results and exhibit some limitations:

(1) Category Bias: HC-STVG focuses exclusively on
persons (category NEI = 0), while VidSTG shows se-
vere imbalance (NEI = 0.569). In contrast, OmniGround
achieves near-perfect uniformity (NEI = 0.992), covering
81 categories with balanced representation.

(2) Low Visual Complexity: Most benchmarks have
FCI < 0.78, indicating limited visual clutter. ST-Align (FCI
= 0.731) and VidSTG (FCI = 0.780) feature relatively sim-
ple foregrounds. OmniGround achieves FCI = 0.807, pro-
viding more challenging spatial discrimination scenarios.

(3) Linguistic Imbalance: Many datasets skew toward
either action-heavy (HC-STVG: VSBI = 0.778) or spatial-
heavy (Ref-YT-VOS: VSBI = 0.859) captions. Omni-
Ground attains the highest VSBI (0.918), indicating bal-
anced coverage of action, spatial, and mixed cues.

(4) Annotation Quality: OmniGround’s CMA score
(0.813) surpasses others, validating the effectiveness of our
FBR pipeline. The gap is particularly pronounced com-
pared to VidSTG (0.701) and ST-Align (0.644).

(5) Incomplete Metrics. Some benchmarks exhibit in-
complete NEI values due to zero variance: HC-STVG (sin-
gle category), HC-STVG and Ref-YT-VOS (narrow dura-
tion ranges). This underscores the lack of diversity in exist-
ing data, motivating OmniGround’s construction.

These findings reveal that existing benchmarks are lim-
ited on either specific categories (HC-STVG) or imbalanced
distributions and low complexity (VidSTG, ST-Align). Om-
niGround achieves high scores across all dimensions on
DeepSTG, creating a new standard for STVG evaluation.

5. Experiments
5.1. Experiments Setup
Datasets. For comprehensive evaluation, we first evaluate
state-of-the-art STVG models on OmniGround to analyze
their limitations in real-world scenarios. Then, to validate
our proposed PG-TAF framework, we conduct experiments
on four benchmarks following standard evaluation proto-
cols, including HC-STVG-v2 [30], VidSTG [45] (Declar-
ative/Interrogative), and OmniGround. To ensure fair com-
parison, we primarily adopt results from original papers
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Table 2. Overall comparison on OmniGround and performance across three complex real-world scenarios.

Models Overall Performance Uncommon Categories Multiple Similar Target Objects Deep Syntactic Complexity

m tIoU m vIoU vIoU@0.3 vIoU@0.5 m tIoU m vIoU vIoU@0.3 m tIoU m vIoU vIoU@0.3 m tIoU m vIoU vIoU@0.3

Non-generative and task-specific models
TA-STVG 44.6 28.0 40.8 21.5 24.9 14.2 19.3 17.8 11.3 8.7 17.1 9.6 6.0
CG-STVG 47.5 30.4 45.2 23.4 29.5 17.1 23.6 22.3 14.2 15.0 20.6 11.6 8.3

MLLMs with Parameter Sizes of 7B
LLaVA-ST 19.7 8.7 10.2 1.9 17.8 5.6 2.4 17.6 6.6 2.8 14.7 4.9 1.5
Qwen2.5-VL 36.6 23.2 33.5 16.5 21.4 13.6 18.2 18.9 12.2 11.5 13.9 7.1 3.1
VideoMolmo 30.2 15.7 15.2 7.3 21.2 13.4 18.7 19.1 13.5 13.3 11.1 7.5 2.0

when available. When such results are not available, we
assess the models using LMMs-Eval [43] or official scripts.

Baselines. We evaluate two types of models: 1) MLLMs
(7B) including Qwen2.5-VL [3], SpaceVLLM [35], LLaVa-
ST [17], VideoMolmo [2]. All models are evaluated using
their officially released checkpoints fine-tuned on STVG in-
struction data. 2) Non-generative task-specific models, in-
cluding CG-STVG [11] and TA-STVG [12]. These models
serve as SOTA baselines representing traditional methods.

Metrics. Following [15, 28, 40], we use m tIoU,
m vIoU, and vIoU@R (R ∈ {0.3, 0.5}) as evaluation met-
rics. m tIoU evaluates temporal localization, while m vIoU
and vIoU@R measure the accuracy of spatial localization.

5.2. Experimental Results and Analysis
5.2.1. Overall Performance on OmniGround
Tab. 2 shows the overall results, revealing a significant per-
formance drop across all evaluated models. Key observa-
tions confirm inherent model weaknesses:

(1) Large Variance Among MLLMs. Qwen2.5-
VL (36.6% m tIoU) signifficantly outperforms LLaVA-ST.
This inconsistency suggests that STVG capability is highly
sensitive to model architecture and training data rather than
being an emergent property of scale.

(2) Low Spatial Precision. All models struggle with
high vIoU thresholds (best: CG-STVG at 23.4%), indicat-
ing that even when temporal localization is correct, spatial
predictions are often imprecise. This confirms the challenge
posed by OmniGround’s complex foregrounds (high FCI).

(3) Task-Specific Models Outperform MLLMs. Non-
generative models like CG-STVG (30.4% m vIoU) signifi-
cantly surpass MLLMs (best: Qwen2.5-VL at 23.2%). The
gap is particularly pronounced in m vIoU (+7.2%), high-
lighting weaknesses in object spatial grounding.

5.2.2. Fine-Grained Analysis Across Complex Scenarios
Tab. 2 show performance across three challenging scenar-
ios, validating the OmniGround design hypotheses:

Uncommon Categories: Models exhibit generalization
failure due to category bias. CG-STVG achieves only
29.5% m tIoU on uncommon objects (vs. 47.5% overall),
and Qwen2.5-VL drops by 15.2%. This validates that mod-

els are overfitting to frequent categories (e.g., “person”),
failing to generalize to balanced categories.

Multiple Similar Targets: This scenario proves chal-
lenging across all models. CG-STVG’s m tIoU drops to
22.3% (-25.2% overall), and VideoMolmo to 19.1% (-
11.1%). The m vIoU degradation is even more serious:
CG-STVG and Qwen2.5-VL falls to 14.2% (-16.2%) and
13.5% (-11.2%), respectively. This confirms that models
struggle to distinguish targets when intra-class similarity is
high, reflecting the importance of OmniGround’s high FCI.

Deep Syntactic Complexity: Linguistically complex
queries (nested spatial relations, multiple clauses) cause the
most severe performance decreased. CG-STVG’s m tIoU
drops to 20.6% (-26.9%). While MLLMs also perform
poorly (Qwen2.5-VL, -9.3%), the decrease is generally
less than that of task-specific models, revealing that de-
spite lower absolute localization precision, MLLMs exhibit
semantic robustness to linguistic complexity due to their
strength in holistic language understanding.

5.3. Prompt-Guided Temporal Alignment
To improve the models’ performance and generalization
facing real-world scenarios, we propose the Prompt-
Guided Temporal Alignment Framework (PG-TAF).

5.3.1. Two-Stage Architecture
The PG-TAF framework is designed as a training-free, two-
stage inference architecture that decouples STVG into: (i)
high-level temporal grounding and (ii) fine-grained spatio-
temporal propagation (as shown in Fig. 5).

Stage 1: MLLM-Guided Temporal Grounding. The
first stage uses an MLLM (Qwen3-VL-8B [41]) to perform
coarse temporal localization. We prompt the MLLM with
specific query as shown in Fig. 5. Based on MLLMs’
ability in holistic video understanding and complex rela-
tional reasoning—capabilities that small task-specific mod-
els lack—the MLLM can accurately determine the relevant
temporal segment, effectively filtering out irrelevant frames
and guiding the subsequent spatial localization module.

Stage 2: Agent-Based Spatial Propagation. The sec-
ond stage performs fine-grained localization within the tem-
porally constrained clip. We use a multi-modal scoring
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Figure 5. The mainframe of PG-TAF. We decouple STVG into high-level temporal grounding and fine-grained spatio-temporal propagation.

Table 3. Comparison of m tIou and m vIoU on four STVG datasets. ‘-’ represents the code is not officially available.

Datasets HC-STVG VIDSTG OmniGround Average

Metrics Declarative sentence Interrogative sentence
m tIoU m vIoU m tIoU m vIoU m tIoU m vIoU m tIoU m vIoU m tIoU m vIoU

MLLMs with Parameter Sizes of 7B
LLaVA-ST 21.2 7.6 44.1 14.2 18.5 7.5 19.7 8.7 25.9 9.5
Qwen2.5-VL 22.9 13.0 16.8 10.9 13.8 8.5 36.6 23.3 22.5 13.9
SpaceVLLM 58.0 34.0 47.7 27.4 48.5 25.4 - - - -
VideoMoLMO 44.6 26.8 41.7 15.6 30.2 11.7 30.2 11.7 36.7 16.5

PG-TAF(Ours) 56.2 34.0 48.4 28.1 46.4 24.5 49.2 36.2 49.6 28.2

mechanism to select key reference frames. This mech-
anism combines semantic segmentation scores Sseg from
EVF-SAM [44] to ensure visual quality/object clarity, and
contrastive text-image similarity score Salign from Alpha-
CLIP [29] to ensure semantic relevance/match with text de-
scription. Subsequently, the top-K frames (K=3 in our ex-
periments) are selected as references based on a composite
score: Sframe = αSseg + βSalign. We set α = 0.6, β =
0.4 through grid search on our validation set, which ensure
the selected frames have both high visual quality and se-
mantic relevance. We then use pixel-level tracker [6] to
propagate object masks across the entire temporal segment,
generating the final spatio-temporal tube.

The decoupling addresses the challenge: MLLMs excel
at temporal reasoning but lack fine-grained spatial preci-
sion, while specialized trackers provide accurate localiza-
tion but struggle with semantic understanding. PG-TAF
combines their complementary strengths in a training-free
manner, making it practical for real-world deployment.

5.3.2. Evaluation Results
Tab. 3 shows the performance of PA-TAF across four bench-
marks. PG-TAF achieves the highest m tIoU and m vIoU
(49.2% and 36.2%) on OmniGround, even better than the
task-specific models. Notably, PG-TAF achieves these re-
sults in a training-free manner, without requiring any fine-
tuning on STVG data. This validates our motivations that

decoupling temporal reasoning (MLLM’s strength) from
spatial localization (tracker’s strength) effectively addresses
the challenges posed by OmniGround’s complexity. For
other benchmarks, PG-TAF maintains a relative better per-
formance comparing with the MLLMs that need additional
traning for specific datasets (SpaceVLLM, LLaVA-ST).

6. Conclusion

In this paper, to bridge the gap between the current STVG
MLLMs and real-world demands involving diverse objects
and complex queries. We first construct OmniGround,
a comprehensive benchmark (3,475 videos, 81 balanced
categories) with high-quality FBR annotation pipeline.
Second, we introduce DeepSTG, a systematic frame-
work that quantifies dataset quality, revealing critical
issues in existing benchmarks like category bias and
linguistic imbalance. Extensive experiments show that
the current state-of-the-art STVG models drop up to
23.4% on OmniGround. Finally, we propose PG-TAF,
a training-free, two-stage framework that decoupling
high-level temporal understanding from specialized spatial
tracking. We hope that our work could inspire ideas to
improve STVG performance in real-world applications.
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