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Abstract

Multimodal Large Language Models (MLLMs) have shown
remarkable progress in temporal or spatial localization tasks,
but struggle with joint spatio-temporal video grounding
(STVG). We identity two key bottlenecks hindering this capa-
bility: (1) the sheer number of visual tokens makes long-range
and fine-grained visual modeling challenging; (2) generating
a long sequence of bounding boxes in text makes it hard to ac-
curately align each box with its specific video frame. Distinct
from prior efforts that rely on attaching complex modules,
we argue for a more elegant paradigm that unlocks the in-
herent potential of MLLMs and leverages their strengths. To
this end, we propose SpaceVLLM, a MLLM equipped with
spatio-temporal video grounding capabilities. Specifically,
we propose Spatio-Temporal Aware Queries, interleaved with
video frames, to guide the MLLM in capturing both static ap-
pearance and dynamic motion features. We further present a
lightweight Query-Guided Space Head that maps queries to
precise spatial coordinates, bypassing the need for direct tex-
tual coordinate generation and enabling the MLLM to focus
on video understanding. To further facilitate research in this
area, we propose an automated data synthesis pipeline to con-
struct V-STG dataset, comprising 110K STVG instances. Ex-
tensive experiments show that SpaceVLLM achieves the state-
of-the-art performance on STVG benchmarks and maintains
strong performance on various video understanding tasks,
validating our approach’s effectiveness.

Code — https://github.com/Jayce1kk/SpaceVLLM
Extended version — https://arxiv.org/abs/2503.13983

Introduction

Multimodal Large Language Models (MLLMs) have re-
cently demonstrated significant advancements in multi-
modal understanding (Li et al. 2023; Lin et al. 2023a).
With the rapid development of MLLMs, an increasing num-
ber of works focus on multimodal comprehension from ei-
ther a temporal or spatial perspective. Some studies (Guo
et al. 2024a,b) aim to enhance the ability of MLLMs
to perceive temporal information in tasks such as video
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The standing woman clamps something and puts it on a plate,
then raises the teapot and pours tea.
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Figure 1: Three methods for spatio-temporal video ground-
ing using multimodal large language model.

temporal grounding, while others (Chen et al. 2023; Ma
et al. 2024) concentrate on localizing referred objects within
a single image. However, spatio-temporal video ground-
ing (STVG) (Zhang et al. 2021), an important capability
for multimodal video understanding that requires simul-
taneously localizing targets both spatially and temporally
in untrimmed videos given textual descriptions, remains
largely unexplored in existing MLLMs.

A straightforward approach to Spatio-Temporal Video
Grounding (STVGQ) is to treat it as a unified text generation
task, fine-tuning powerful MLLMs (Zhang et al. 2024; Bai
et al. 2025) to output a string of timestamps and bounding
boxes (Figure 1(a)). However, since the model is required
to generate frame-wise box information in textual form for
a large number of video frames, this approach poses signif-
icantly greater challenges compared to generating a single
box for a still image. There are two main bottlenecks: (1)
Long-range and fine-grained visual modeling barrier: The
substantial visual tokens from video frames overwhelm the
MLLM, making it difficult to maintain both long-range con-
text and precise focus on fine-grained details necessary for
accurate grounding. (2) Alignment ambiguity: The model



generates a long sequence of coordinates, making it difficult
to ensure that each box is accurately aligned with its cor-
responding video frame. As a result, MLLMs are not adept
at generating long sequences of high-precision, structured
coordinates as raw text. Although recent works (Li et al.
2025) have partially alleviated these issues by introducing
complex, pre-trained modules for spatio-temporal feature
extraction and alignment (see Figure 1(b)), we take a dif-
ferent view. We argue that MLLMs, after large-scale video
training, already possess strong spatio-temporal modeling
capacity, but currently lack efficient guidance to fully un-
lock this potential. Therefore, we advocate for a more ele-
gant paradigm: unlocking the inherent potential of MLLMs
and leveraging their strengths.

To realize this new paradigm, we introduce SpaceVLLM,
a simple and efficient Decoupled Head architecture that lets
the MLLM focus on its strengths in high-level video un-
derstanding, while offloading specialized tasks to a dedi-
cated head (Figure 1(c)). Specifically, to effectively cap-
ture the fine-grained spatio-temporal details, we introduce
Spatio-Temporal Aware Queries. These are parameter-free
special tokens interleaved with the frame features, guiding
the model to perform short-range modeling for each frame
rather than relying on long-range dependencies. They also
guide the MLLM to extract static appearance and dynamic
motion features from the video input. To generate faith-
ful coordinates, we propose a lightweight Query-Guided
Space Head. This head takes the semantically rich queries
output from the MLLM and maps them into coordinates,
freeing the MLLM from the burden of spatial coordinate
generation. Further progress of MLLMs in STVG is also
constrained by the limited availability of suitable training
datasets. Most existing datasets are designed to address ei-
ther temporal grounding or spatial grounding in isolation.
However, STVG datasets are extremely limited and typically
require expensive manual annotation. To address this, we
propose an automated data synthesis pipeline to construct
a high-quality Video Spatio-Temporal Grounding (V-STG)
comprising 110K instances. V-STG features a wide range of
video sources and diverse localization targets, aiming to ad-
vance multimodal spatio-temporal understanding. We con-
duct extensive experiments on 11 benchmark datasets. The
results demonstrate that our model achieves state-of-the-art
performance on Spatio-Temporal Video Grounding, while
also maintaining strong results on various video understand-
ing tasks, highlighting the effectiveness of our approach.

Our contributions can be summarized as follows:

* We propose a new paradigm for STVG that unlocks
the latent potential of MLLMs, rather than relying on
complex external modules. Based on the paradigm, we
present SpaceVLLM, a MLLM equipped with spatio-
temporal video grounding capability.

e We propose a high-quality Video Spatio-Temporal
Grounding dataset (V-STG) with 110K instances, facil-
itating fine-grained spatial-temporal understanding.

* We conduct experiments on 11 benchmarks and achieve
state-of-the-art performance on multiple benchmarks,
demonstrating the effectiveness of our approach.
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Related Work
Spatio-Temporal Video Grounding

Spatio-temporal video grounding (STVG) is a critical multi-
modal task aiming to localize a text-described target in both
space and time within an untrimmed video (Zhang et al.
2021). Traditional STVG research evolved from two-stage
methods reliant on pre-trained detectors (Tang et al. 2021;
Zhang et al. 2021) to more streamlined one-stage approaches
that directly predict spatio-temporal proposals (Yang et al.
2022; Gu et al. 2024). Despite this progress, STVG remains
largely unexplored in MLLMs. The recent work LLaVA-
ST (Li et al. 2025), which proposes LAPE for coordinate
alignment and introduces STP to preserve spatio-temporal
information. In this work, we explore a more elegant and ef-
fective paradigm to unlock the inherent potential of MLLMs
for accomplishing Spatio-Temporal Video Grounding.

Multimodal Large Language Models

Recently, Multimodal Large Language Models (MLLMs)
have made significant advances in video understanding.
Existing video LLMs have achieved strong results in vi-
sual question answering, video captioning, and reason-
ing(Li et al. 2023; Zhang, Li, and Bing 2023; Maaz et al.
2024b). Some works focus on temporal localization, such as
VTimeLLM (Huang et al. 2024), which adopts a boundary-
aware training strategy, and TRACE(Guo et al. 2024b),
which introduces causal event modeling. Others address spa-
tial localization, as in Groma (Ma et al. 2024) with lo-
calized visual tokenization, and GroundingGPT (Li et al.
2024b), which enhances multimodal grounding with lan-
guage cues. However, current models still struggle with
joint spatial-temporal grounding. In this paper, we propose
SpaceVLLM, a novel model that empowers the MLLM with
spatio-temporal video grounding capability.

Method

Overview We first introduce the Spatio-Temporal Aware
Query. Next, we present the Query-Guided Space Head and
two alternative decoder architectures. Finally, we describe
the training objectives.
Spatio-Temporal Aware Query The Spatio-Temporal
Aware Query (STA query) is designed as a parameter-free
special token whose function is not to learn representations
independently, but rather to guide the powerful MLLM to
summarize the spatio-temporal information of each frame
and embed that representation into the query itself.
Specifically, we first sample NV, frames from each video,
denoted as X = {z;}2",, and associate each frame with
a special token {<q2->}§21, which serve as STA queries.
The vision encoder extracts visual features from each
frame, which are then projected into the textual embed-
ding space, resulting in a sequence of visual embeddings
V € RNoxSxD where S is the number of visual tokens per
frame and D is the hidden dimension. In parallel, the text
tokenizer converts each special token into a text embedding,
yielding Q € RN»*1*P 'Finally, we construct the extended
visual representation H by interleaving and concatenating
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Figure 2: The Overall Architecture of SpaceVLLM. In SpaceVLLM, A set of ordered Spatio-Temporal Aware Queries is inter-
leaved with visual tokens of each video frame to capture spatio-temporal information. The LLM’s last-layer query embeddings,
combined with corresponding visual and description embeddings, are fed into the Query-Guided Space Head to predict frame-
wise coordinates. The left figure illustrates three types of spatial decoder architectures.

the visual and STA query embeddings:

N,—1
H = @ (Vi®Q;), HeRNxS+)xD
i=0

ey

where V; denotes the visual features of the i-th frame, Q;
represents the ¢-th STA query embedding, and & indicates
row-wise concatenation. Subsequently, H, together with the
user instruction, is fed into the LLM. We extract the last-
layer hidden embeddings from the LLM to obtain the Spatio-
Temporal Aware Queries Q € RNv*1%D the visual features
V € RNuxSxD and the textual features T € RIXL*D,
where L denotes the length of the given caption.
Query-Guided Space Head We propose a novel decou-
pled head architecture in SpaceVLLM, illustrated in Fig-
ure 2, designed to free the MLLM from the cumbersome
and imprecise task of generating coordinate sequences. In
this architecture, tasks are divided: the LLM head focuses
on the output of multimodal understanding, while an equally
lightweight Query-Guided Space Head specializes in map-
ping the STA queries into frame-specific coordinates. The
core operation is a standard, parameter-free cross-attention
that functions as a feature similarity calculation. For brevity
and clarity throughout the paper, we will refer to it as Sim-
ilarity Weighting in the subsequent text, and denote it as
SimWeight (-) in Figure 2 and formulas.

Specifically, for the i-th frame, similarity weighting is first
performed between the visual embeddings V; € R1*5xD
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and the textual embeddings of the caption T € R'*L*D
to obtain text-enhanced visual features Vi. Next, the spatio-
temporal aware query Q; € R'*1*P further interacts with
these features through similarity weighting, resulting in the
target-enhanced query Q; € R'*'*P_ This process can be
formulated as follows:

V= SilrnVVeight(Vi7 T, ’i‘),

. . 2)
Qi = SimWeight(Qi, Vi, Vl)

Finally, Qz is fed into a lightweight Multi-Layer Perceptron

(MLP) to obtain the spatial bounding box coordinates B;:

3)

where B; = (¢z, ¢y, w, h) represents the normalized center
coordinates and size of the bounding box for the i-th frame.
Alternative Decoder Architectures To validate our core
design principle that MLLMs possess strong inherent spatio-
temporal modeling capacity without needing complex exter-
nal modules, we systematically explore two alternative de-
coder architectures, as shown in Figure 2.

(1) Historical-Assisted Decoder. To test if the MLLM
inherently possesses the ability to capture dynamic motion
features—a key capability for STVG—we design this de-
coder. This decoder builds upon our proposed Query-Guided
Space Head by incorporating a gating module that fuses
the current frame’s target-enhanced query with queries from

B; = MLP(Q,), B, €[0,1]%



historical frames. Specifically, for the ¢-th frame, the fused
query Qﬁ““’d is obtained using a gated mixture-of-experts
(MoE) module, and is computed as:

Q= Y ik he(Qu), QP eRVYP (4

k=i—n

where Qk denotes the target-enhanced query of the k-th
frame, and n is a hyperparameter controlling the range of
historical frames to be fused (by default, n = 1). hg(+) is
the expert function applied to each query; it is the identity
mapping if k = ¢, and typically an MLP otherwise. The gat-
ing weights o; ;, are normalized and dynamically computed
by a gating network G(+) (e.g., an MLP). For example, when
n = 1, the gating weights are computed as:

[ i1, = softmax (G([Qi—h Qz])>, ®)]
where [-] denotes vector concatenation. Finally, the coordi-

nates B; are obtained via MLP (Qf*¢). We record all gating

weights o 3, of Q i during training and analyze whether the
model needs historical frames.

(2) DETR-like Architecture. We implement this archi-
tecture, an approach inspired by traditional methods in spa-
tial localization, to validate whether a more complex struc-
ture yields better performance. In detail, visual and textual
embeddings are first fused by a multi-layer Transformer en-
coder. These joint representations are then processed by a
multi-layer Transformer decoder, where they interact with
the STA queries. Finally, an MLP head uses the decoder’s
output to predict the bounding box coordinates.

In the ablation study section, we systematically analyze
three architectures.

Training Objectives For every spatio-temporal training
sample, we decompose the loss into two components: the
time 10sS L4 and the space 10ss Lpqcc. Each sample has a
ground-truth bounding box sequence B = {b;}/=, and the
corresponding text containing the start and end timestamps
Y+zt. For spatial localization, we involve the box prediction
loss Lspace With loss weights Az, and Agiq,, as follows:
»Cspace - >\L1 £L1 (Ba B) + )\giouﬁgiou(Bv B)a (6)
where L7, and Lo, are the L, loss and generalized IoU
loss (Rezatofighi et al. 2019) on the bounding boxes respec-
tively. Note that £, only considers predictions in [¢,, te].
As for temporal localization, we leverage MLLM to pre-
dict the time range. The time loss is computed using the
auto-regressive cross-entropy loss L;,; for text generation.
Given the ground-truth targets y;,:, Ltime can be denoted
as Liime = Lizt(Vtxt, Yiat), Where ¥4 refers the LLM’s
text output. The overall objective L is the weighted sum of
these losses, determined by A¢ime and Agpace:
L= )\ti7n,e£tim,e + Aspace‘cspace- (7)

During inference for the spatio-temporal video grounding
task, the LLM head outputs both the temporal boundaries
and a special signal token “<loc>". Upon recognizing the
“<loc>” token, the STA queries within the predicted tem-
poral range are selected and decoded to generate the bound-
ing boxes. During training, the temporal boundaries are pro-
vided by the ground-truth annotations.
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Data Curation and Training Datasets

Data Curation

Existing spatio-temporal video grounding (STVG)
datasets (Tang et al. 2021; Zhang et al. 2020) are limited in
scale and rely heavily on manual annotation. To facilitate
efficient training of MLLMs, we propose an effective
pipeline for synthesizing high-quality STVG data. Figure
3 shows the pipeline of data synthesis, which contains
four components: (1) Analyzer for object extraction. (2)
Annotator for box generation. (3) Refiner for time boundary.
(4) Filter for bounding box.

(1) Analyzer for Object Extraction. We first collect a wide
range of video data from Charades-STA (Gao et al. 2017),
TACoS (Regneri et al. 2013), DiDeMo (Hendricks et al.
2017), and Intervid (Wang et al. 2023), each paired with
captions and relevant timestamps. We then use Qwen2.5-
72B (Yang et al. 2024b) as an analyzer to extract localizable
objects from the captions, such as people, animals, objects,
vehicles, etc. In subsequent processes, we prioritize locating
the subject of the caption, followed by other mentioned ob-
jects. Figure 4 presents the distribution of video sources and
target object categories.

(2) Annotator for Box Generation. We annotate the bound-
ing box for each frame within the timestamps range. To
ensure precise spatial localization, we employ Grounding-
DINO (Liu et al. 2024a) to extract bounding boxes using the
identified object as a text prompt. It allows us to generate
multiple high-confidence bounding boxes for each frame,
filtering out those with confidence scores below 0.3.

(3) Refiner for Time Boundary. The timestamp annota-
tions in video datasets are not always precise. For instance,
DiDeMo (Hendricks et al. 2017) adopts a time interval that
is an integer multiple of five, leading to many start and end
times that do not correspond to any actual objects. To ad-
dress this issue, we refine the temporal boundaries by ad-
justing timestamps to better align with actual object appear-
ances based on the Grounding-DINO’s output. Additionally,
we filter out adjusted timestamps that are either shorter than
2 seconds or longer than 120 seconds.

(4) Filter for Bounding Box. Obtaining high-quality
bounding boxes for each frame is crucial for precise spatial-
temporal localization. To refine our annotations, we imple-
ment a multi-step filtering process. First, filter the inaccu-
rate instances. If a frame contains more than three bounding
boxes, we consider it a case of either multiple objects or in-
accurate localization and thus discard it. For the remaining
frames, we retain only the bounding box with the highest
confidence score. Second, filter through the object size. Ob-
ject sizes should not fluctuate drastically between consecu-
tive frames. To enforce this, we compare the bounding box
area of each frame with that of the bounding box across ad-
jacent frames. We remove samples where the box area is less
than half or more than twice the reference box’s area, ensur-
ing stable object localization. Through this filtering pipeline,
we eliminate approximately 40% of samples.

For HCSTVG and VidSTG, some spatio-temporal annota-
tions are inaccurate. To address this, we review each instance
using the last three steps of our pipeline. Instances with sig-
nificant discrepancies are either removed or corrected. Ul-



Stage Task Datasets Samples
Video Temporal Grounding VTG-IT (Guo et al. 2025), Charades-STA (Gao et al. 2017), HIREST (Zala et al. 2023) 50K
Spatio-Temporal Video Grounding V-STG 110K
Multi-Task Referring Expression Comprehension ~ RefCOCO, RefCOCO+ (Kazemzadeh et al. 2014), RefCOCOg (Mao et al. 2016) 320K
Instruction Tuning . . X NeXTQA (Xiao et al. 2021), ActivityNetQA (Yu et al. 2019), CLEVRER (Yi et al. 2020),
Video Question Answering R 100K
STAR (Wu et al. 2024), PerceptionTest (Patraucean et al. 2023)
Video Caption & Conversation ShareGemini (Share 2024), ShareGPT4Video (Chen et al. 2024), VCG-Plus (Maaz et al. 2024a) 100K
Table 1: Overview of Datasets Used in Training for Various Tasks.
HESC Dataset Construction ad
ideo Caption . 6% .
A man wearing Subject: [Man] Boxes ) people 14% 9% 28% VIdSTFS
ahatis in front Other: [Cat]  Frame == animal Intervid
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l [xyxy]l Tlmesgamps item Charades
T|me Range r— re 4" Bounding others 22% 24% HCSTVG
Extract boxes 18% TACoS
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Video Fr?me Refiner

[xyxy]

Figure 3: Pipeline of data synthesis for STVG task.

timately, these curated datasets, together with our synthe-
sized data, comprise a high-quality Video Spatio-Temporal
Grounding (V-STG) dataset containing 110K samples.
Training Datasets

As shown in Table 1, in addition to Spatio-Temporal
Video Grounding, we also collect data for Video Tempo-
ral Grounding, Referring Expression Comprehension, Video
Question Answering, Video Captioning, and Video Conver-
sation in the training set, forming a unified multi-task video
dataset, called UniViT. This enables us to perform multi-
task instruction tuning and further investigate the impact of
our approach on other related tasks.

Experiments
Implementation Details

We employ SigLIP (Zhai et al. 2023) as the vision encoder
and Qwen2 (Yang et al. 2024a) as the LLM. The Query-
Guided Space Head is adopted in all main experiments. We
use AdamW (Loshchilov and Hutter 2017) optimizer with
the learning rate and weight decay set to le-5 and 0, re-
spectively. We also adopt cosine as the learning rate sched-
uler, where the warmup ratio is set to 0.03. We train the
SpaceVLLM with 16 NVIDIA H100 GPUs in 24 hours based
on the LLaVA-Video (Zhang et al. 2024) model and sample
64 frames per video. The loss weights are set as follows:
Atime = 1.0, Agpace = 1.0, Az, = 3.0, and Agjou = 1.0.

Main Results

For a comprehensive evaluation, we consider 11 benchmarks
that cover Spatio-Temporal Video Grounding (STVG), Re-
ferring Expression Comprehension (REC), Video Temporal
Grounding (VTG), and video understanding tasks. Notably,
all our results across different benchmarks are obtained us-
ing the same model by modifying the prompts.
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Category list in V-STG  Video list in V-STG

Figure 4: Data characteristics of V-STG for STVG task.

Spatio-Temporal Video Grounding Task To ensure fair-
ness and better highlight the effectiveness of our approach,
we conduct instruction tuning on two powerful MLLMs,
Qwen2.5-VL-7B and LLaVA-Video-7B, using the same
UniViT dataset as SpaceVLLM, resulting in Qwen2.5-VL-
SFT and LLaVA-Video-SFT.

For evaluation, following (Gu et al. 2024), we con-
duct STVG experiments on three benchmarks: HCSTVG-
vl (Tang et al. 2021), HCSTVG-v2(Tang et al. 2021), and
VidSTG (Zhang et al. 2020). We use m_tloU, m_vIoU,
and vlIoU@R as evaluation metrics, where m_tloU mea-
sures temporal localization performance, while m_vIoU and
vIoU@R evaluate spatial localization.

(1) HCSTVG-vl and HCSTVG-v2. Table 2 presents the
results on the HCSTVG-v1 test set, where our proposed
method achieves state-of-the-art performance across all met-
rics. Compared to other MLLMs, SpaceVLLM attains a
39.5 m_vloU score, outperforming Qwen2.5-VL-SFT by
10.9 points, and achieves 57.0 m_tloU, surpassing it by
3.5 points. Relative to the base model LLaVA-Video-SFT,
SpaceVLLM demonstrates improvements of 11.8 and 4.2
points in m_vloU and m_tIoU, respectively. On the more
comprehensive validation set of HCSTVG-v2, our method
also achieves outstanding performance on all four met-
rics, as shown in Table 3. Specifically, SpaceVLLM outper-
forms the best-performing Qwen2.5-VL-SFT by 7.8 points
in m_vloU and by 3.4 points in m_tloU. These results
demonstrate that the decoupled head design enables MLLMs
to generate more precise coordinates while also improving
their temporal prediction capability.

(2) VidSTG. We evaluate the performance of SpaceVLLM
on the more challenging VidSTG datasets in Table 4. Un-
like HCSTVG’s declarative-only annotation, the text cap-
tions in VidSTG include both declarative and interrogative
sentences. In addition to our own trained baselines, we also



Models m_tloU  m.wloU  vIoU@0.3 vioU@0.5
Non-generative and task-specific models
STGVT 18.2 26.8 9.5
TubeDETR 43.7 324 49.8 235
STVGFormer 36.9 62.2 34.8
CG-STVG 52.8 38.4 61.5 36.3
MLLMs with Parameter Sizes of 7B
Qwen2.5-VL-SFT 535 28.6 452 21.9
LLaVA-Video-SFT 52.8 27.7 43.1 21.3
SpaceVLLM 57.0 39.5 66.8 36.4

Table 2: Comparison on HCSTVG-v1 test set (%).

Models m_tloU  m.wloU  vIoU@0.3 vioU@0.5
Non-generative and task-specific models
MMN 30.3 49.0 25.6
TubeDETR 364 58.8 30.6
STVGFormer 58.1 38.7 65.5 33.8
CG-STVG 60.0 39.5 64.5 36.3
MLLMs with Parameter Sizes of 7B
Qwen2.5-VL-SFT 55.3 26.5 38.6 20.2
LLaVA-Video-SFT 54.2 24.8 40.1 15.5
SpaceVLLM 58.7 34.3 57.0 26.1

Table 3: Comparison on HCSTVG-v2 val. set (%).

Declarative Sentences

Interrogative Sentences

Models
odel mtoU mvloU vIoU@03 vIoU@0S mtloU myloU vIoU@03  vioU@O.5
Non-generative and task-specific models
STGVT (Tang et al. 2021) - 21.6 29.8 18.9 - - - -
TubeDETR (Yang et al. 2022) 48.1 30.4 42.5 28.2 46.9 25.7 35.7 232
STCAT (Jin et al. 2022) 50.8 33.1 46.2 32.6 49.7 28.2 39.2 26.6
STVGFormer (Lin et al. 2023b) - 33.7 472 32.8 - 28.5 39.9 26.2
CG-STVG (Gu et al. 2024) 514 34.0 47.7 33.1 49.9 29.0 40.5 275
MLLMs with Parameter Sizes of 7B

Qwen2.5-VL-SFT 41.6 20.3 26.1 15.4 40.9 17.1 17.6 13.9
LLaVA-Video-SFT 39.5 19.2 20.3 13.8 38.6 15.7 15.3 104
LLaVA-ST (Li et al. 2025) 45.5 24.8 36.0 229 432 20.0 28.1 17.5
SpaceVLLM 48.7 27.5 40.5 25.5 48.8 25.2 36.7 21.6

Table 4: Comparison with existing state-of-the-art models on VidSTG test set (%).

compare with LLaVA-ST, which adopts a more complex ar-
chitecture and training strategy. The results demonstrate that
SpaceVLLM outperforms all baselines, including the previ-
ous best model LLaVA-ST, across all metrics. Specifically,
on declarative sentences, SpaceVLLM surpasses LLaVA-ST
by 2.7 points in m_vIoU and 3.2 points in m_tloU. On the
more challenging interrogative sentences, it achieves im-
provements of 5.2 and 6.6 points in m_vIoU and m_tloU,
respectively. These results highlight that unlocking the in-
herent spatio-temporal understanding of MLLMs is more ef-
fective than imposing complicated external modules.

(3) Comparison with Task-specific Models. Notably,
SpaceVLLM outperforms state-of-the-art task-specific mod-
els on HCSTVG-vl and demonstrates remarkable gen-
eralization capabilities. Although it still falls short of
task-specific models on certain metrics, it is important
to emphasize that these specialized models are meticu-
lously engineered for single tasks and require separate,
resource-intensive training for each benchmark. In con-
trast, SpaceVLLM serves as a unified generative model that
achieves strong performance across multiple tasks, includ-
ing STVG, REC, and VTG with a single round of training.

Referring Expression Comprehension Task Our method
is effective for spatio-temporal video grounding while
also being seamlessly adaptable to image grounding tasks.
Specifically, we simply introduce an image-specific spe-
cial token, “<g_img>", which is trained to capture only
spatial information. As shown in Table 5, on datasets
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such as RefCOCO (Kazemzadeh et al. 2014), Ref-
COCO+ (Kazemzadeh et al. 2014), and RefCOCOg (Mao
et al. 2016), SpaceVLLM outperforms the previous best
MLLMs (e.g., LLaVA-ST). For instance, it achieves a 2.1%
improvement on the RefCOCO validation set and a 1% in-
crease on the RefCOCO+ test-B set.

Video Temporal Grounding Task We compare our
model with state-of-the-art models fine-tuned on Charades-
STA (Gao et al. 2017) for video temporal grounding. As
shown in Table 6, our approach achieves competitive per-
formance compared to previously best-performing models.
Furthermore, SpaceVLLM outperforms the baseline LLaVA-
Video-SFT by 2.4 and 3.5 points in R1@0.5 and R1@0.7,
respectively. These results demonstrate that the STA queries
enhance the temporal sensitivity of the MLLM.

Video Understanding Task We further evaluate
SpaceVLLM on multiple video understanding bench-
marks, including MVBench (Li et al. 2024a), Egoschema
(Mangalam, Akshulakov, and Malik 2023), TempCom-
pass (Liu et al. 2024b), and VideoMME (Fu et al. 2024). As
shown in Table 7, Our model supports various fine-grained
grounding tasks while maintaining the general performance
of the LLaVA-Video base model. Notably, SpaceVLLM
achieves a significant 6.9% improvement on MVBench,
particularly on spatio-temporal sub-tasks. This demonstrates
that guiding the MLLM with STA queries enables it to
better capture spatio-temporal details, thereby enhancing its
performance on general spatio-temporal tasks.



Vodels | RefcoCO RefCOCO+ RefCOCOg

‘ val test-A val test-A val-u test-u
Shikra-7B 870 906 | 816 874 | 823 822
GroundingGPT-7B | 880 916 | 81.6 872 | 817 820
MiniGPT-v2-7B 887 917 | 80.0 851 | 844 847
Groma-7B 895 921 | 839 889 | 863 870
Qwen2.5-VL-7B 90.0 925 | 842 891 | 872 872
LLaVA-ST-7B 90.1 932 | 860 913 | 867 874
SpaceVLLM-TB | 90.7 934 | 863 910 | 868  88.1

Table 5: Comparison on RefCOCO, RefCOCO+, and Ref-
COCOg (%). The accuracy with IoU threshold is 0.5.

Models Type ‘ R1@0.5 R1@0.7
SnAG (Mu, Mo, and Li 2024) Trad. 64.6 46.2
EaTR (Jang et al. 2023) Trad. 68.4 449
VTG-LLM-7B (Guo et al. 2024a) ~MLLM 57.2 334
TRACE-7B (Guo et al. 2024b) MLLM 61.7 414
TimeSuite-7B (Zeng et al. 2024) MLLM 67.1 43.0
LLaVA-Video-SFT MLLM 62.1 38.4
SpaceVLLM-TB MLLM 64.5 419

Table 6: Comparison on Charades-STA for VTG in fine-tune
settings. “Trad.” refers to traditional models.

Ablation Study

In this section, we first compare and analyze the STVG per-
formance of the architectures mentioned. Next, we conduct
experiments to verify the effectiveness of the synthesized
data. Finally, we compare the inference speed of our ap-
proach with other methods on the STVG task.

Model Architecture As shown in Table 8, we compare
three decoder variants across STVG benchmarks, all trained
on the UniViT. Among the three architectures, the simplest
space head achieves the best overall performance, which
supports our design principle. For the historical-assisted de-
coder, we set n = 1 and observe that in the later stages of
training, the gating weight «; ; for Qi is consistently equal
to or close to 1. This indicates that the queries have already
fully interacted with the historical frames within the MLLM
without relying on additional historical queries. Notably, the
most complex DETR-like architecture yields the lowest ac-
curacy. This demonstrates that the STA queries encoded by
the LLM are already highly refined and interpretable, allow-
ing downstream prediction to achieve promising results with
a lightweight head. In contrast, a complex architecture may
introduce noise or disrupt the existing representations.
Dataset To verify the effectiveness of our proposed dataset
V-STG, we conduct ablation studies as shown in Table 9. We
find that incorporating our synthetic data leads to improve-
ments of 2.7% in m_tloU and 5.1% in m_vIoU. It demon-
strates that our synthetic data is effective for improving the
MLLM’s spatio-temporal video grounding capability.
Inference Efficiency Inference speed for the STVG task
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VideoMME
Models MVBench  EgoSch.  TempCom.
(w-subs)
LLaVA-Video-7B 58.6 573 67.0 63.3/69.7
LLaVA-Video-SFT 61.6 57.7 67.1 62.0/69.9
SpaceVLLM-TB 65.5 574 67.3 62.6/70.4

Table 7: Comparison on MVBench, EgoSchema, Temp-
Compass, and VideoMME for video understanding task (%).

Methods HCSTVG-vl VidSTG-D
DETR-like Architecture 56.1/35.5 46.2/24.1
Historical-Assisted Decoder 55.5/38.5 47.5126.6
Query-Guided Space Head 57.0/39.5 48.7/21.5

Table 8: Ablation studies on architecture of SpaceVLLM.
VidSTG-D denotes declarative sentences. Results are re-
ported as “m_tloU / m_vIoU” for each benchmark.

Datasets m_tloU m-vloU vioU@0.3 vioU@0.5
V-STG w/o synthetic data 54.3 344 57.6 254
V-STG 57.0 39.5 66.8 36.4

Table 9: Ablation studies on proposed dataset, evaluated on
the HCSTVG-v1 test set.

Model Total Time(s) Avg Time per Sample (s)
LLaVA-ST 81256 17.63
SpaceVLLM 13323 2.89

Table 10: Inference speed comparison of different models.

is another advantage of our method. Previous approaches
generate spatial coordinates for each frame sequentially, re-
sulting in a long, token-by-token output process. In con-
trast, SpaceVLLM batches STA queries and feeds them into
the space head to output all required coordinates simultane-
ously. On the VidSTG declarative test set (4609 instances)
using a single H100 GPU without any acceleration, LLaVA-
ST (Li et al. 2025) takes 17.63 seconds per sample on aver-
age, while SpaceVLLM only takes 2.89 seconds (Table 10).

Conclusion

In this paper, we introduce SpaceVLLM, a MLLM with
spatio-temporal video grounding (STVG) capability. Our
design principle is unlocking the inherent potential of
MLLM:s and leveraging their strengths. Specifically, we em-
ploy Spatio-Temporal Aware Query to guide the MLLM in
extracting spatio-temporal information. We then utilize a
lightweight Query-Guided Space Head, which relieves the
MLLM from the burden of spatial coordinate generation.
Moreover, we introduce a Video Spatio-Temporal Ground-
ing (V-STG) dataset to advance multimodal spatio-temporal
understanding. Extensive experiments demonstrate that our
model achieves state-of-the-art performance on multiple
benchmarks, fully validating the effectiveness of our model.
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