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Abstract

Video Temporal Grounding (VTG) aims to localize the001
video segment that corresponds to a natural language002
query, which requires a comprehensive understanding of003
complex temporal dynamics. Existing Vision-LMMs typi-004
cally perceive temporal dynamics via positional encoding,005
text-based timestamps, or visual frame numbering. How-006
ever, these approaches exhibit notable limitations: assign-007
ing each frame a text-based timestamp token introduces ad-008
ditional computational overhead and leads to sparsity in vi-009
sual attention, positional encoding struggles to capture ab-010
solute temporal information, and visual frame numbering011
often compromises spatial detail. To address these issues,012
we propose Temporal to Spatial Gridification (T2SGrid), a013
novel framework that reformulates video temporal under-014
standing as a spatial understanding task. The core idea015
of T2SGrid is to process video content in clips rather than016
individual frames. we employ a overlapping sliding win-017
dows mechanism to segment the video into temporal clips.018
Within each window, frames are arranged chronologically019
in a row-major order into a composite grid image, effec-020
tively transforming temporal sequences into structured 2D021
layouts. The gridification not only encodes temporal infor-022
mation but also enhances local attention within each grid.023
Furthermore, T2SGrid enables the use of composite text024
timestamps to establish global temporal awareness. Ex-025
periments on standard VTG benchmarks demonstrate that026
T2SGrid achieves superior performance.027

1. Introduction028

Video content has become a ubiquitous medium for infor-029
mation dissemination, yet efficiently localizing specific mo-030
ments within vast, unstructured video streams remains a031
fundamental challenge. Video Temporal Grounding (VTG)032
[4, 14, 32, 42, 43], the task of identifying the precise video033
segment that semantically corresponds to a natural language034
query, serves as a key step toward bridging this gap. Success035
in VTG hinges on a model’s ability to comprehend not only036
static visual content but also intricate temporal dynamics,037

Figure 1. Comparison between T2SGrid and previous Vision-
LLMs. (a) Traditional methods process frames sequentially or
apply temporal pooling to capture information at multiple scales.
However, sequential processing and pooling can cause informa-
tion loss, obscure local temporal details within a window, and of-
ten require additional time encoding/label for temporal modeling.
(b) Our T2SGrid method folds multiple frames within a temporal
window into the spatial dimension via gridification, allowing di-
rect processing a temporal window by the standard 2D ViT. This
leverages the model’s strong spatial reasoning capability for tem-
poral understanding.

including action sequences, event duration, and long-range 038
dependencies. 039

The emergence of Vision-Large Language Models 040
(Vision-LMMs) [2, 17, 22, 51, 53] has revolutionized vi- 041
sual understanding [50], exhibiting remarkable zero-shot 042
reasoning [21, 25, 27, 33, 43, 56, 63, 69, 75, 79, 80] and 043
multi-modal comprehension [13, 30, 38, 50, 76], primar- 044
ily on static images. However, extending these spatially- 045
oriented architectures to the temporal domain remains non- 046
trivial. As shown in Figure 1 (a), Current approaches to in- 047
corporate temporal awareness [9, 18, 24, 29] include adding 048
positional encoding (+PE) [15, 23, 35, 48, 57], as seen in 049
Qwen2.5-VL [2] models, and using text-based timestamps 050
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Figure 2. Illustration of Qwen2-VL temporal reasoning on 2D
grid layouts. The model correctly infers the temporal order of
events (before and after) and accurately identifies the biting action
in frame 6.

(+TextNum) [31, 81, 82], as in Qwen3-VL [51] models,051
and visual numbering (+VisualNum) [5, 60, 61]. How-052
ever, these approaches faces inherent limitations. Positional053
encoding, though effective for sequence modeling, fail to054
capture absolute temporal positions essential for ground-055
ing specific events and require additional encoding mod-056
ules. Text-based timestamps (e.g., prompting with “Frame057
1” or “1 seconds”) inevitably introduce a rapidly growing058
amount of textual tokens that leads to increasingly sparse059
visual attention as the video length increases. Visual frame060
numbering, which overlays timestamps directly on frames,061
degrades spatial detail and undermines the very visual fea-062
tures that Vision-LMMs rely on for semantic understanding.063

To address these challenges, we propose Temporal to064
Spatial Gridification (T2SGrid), a novel framework that065
partially reformulates temporal reasoning as a spatial prob-066
lem. Previously, Vision-LLMs treat a video as a linear067
sequence of frames. T2SGrid takes a different approach,068
which partitions the video into configurable temporal win-069
dows and arranges the frames within each window into070
a composite image with grid-structured layout (Figure 1071
(b)), which we call “gridification” of the temporal window.072
Then, the Vision-LLM processes the grid images rather than073
the original frames.074

The gridification process is central to our approach, es-075
tablishing a novel paradigm for video input representation.076
T2SGrid offers several distinct advantages. First, it trans-077
forms temporal dynamics within a window into a spatial078
layout, leveraging spatial attention to enhance the under-079
standing of local temporal dynamics. Second, the row-080
major frame arrangement in the grid image and the partial081
overlap between adjacent grid images implicitly function as082
a form of positional encoding. Crucially, the effectiveness083
of these advantages is fundamentally enabled by the demon-084
strated capability of modern Vision-LLMs to interpret grid-085
based imagery. For instance, as shown in Figure 2, these086
models can infer relative temporal relationships (e.g., “be-087
fore” and “after”) by reading the spatial configuration of the088
grid from top-left to bottom-right, and can also identify the089
specific order of frames within the grid.090

As shown in Figure 1 (b), beyond the input gridification, 091
to enhance the model’s awareness of global time, we inter- 092
leave the grid images with text-based timestamps. Unlike 093
existing approaches that assign a timestamp to each indi- 094
vidual frame, we associate a single composite text-based 095
timestamp (e.g., “Frame 0 to 11”) with each grid image. 096
By grouping multiple frames under one temporal descrip- 097
tor, the model learns to associate a local window of visual 098
content with a unified time interval, further improving tem- 099
poral understanding. 100

In summary, our primary contributions are as follows. 101
(1) We introduce T2SGrid, a novel paradigm that shifts 102
video processing from individual frames to local temporal 103
clips by transforming sequences of frames within a sliding 104
window into a single, composite grid image. (2) Instead of 105
assigning a timestamp to each frame, we use a single com- 106
posite text timestamp for each grid image, enhancing global 107
temporal awareness. (3) Extensive experiments on stan- 108
dard VTG and VQA benchmarks demonstrate that T2SGrid 109
achieves superior performance. 110

2. Related Work 111

2.1. Video Temporal Grounding By Vision-LLMs 112

Video temporal grounding (VTG) [6, 8, 34, 36, 40, 66, 113
74, 77] aims to locate the precise time of specific ac- 114
tions or events within a video. For current Vision-LLMs 115
[28, 38, 47, 51, 53], VTG is crucial for both temporal 116
and spatial understanding. Many Vision-LLM-based ap- 117
proaches [12, 20, 32, 41, 43, 52, 62, 65, 80] have been 118
proposed to tackle the VTG task. Some methods focus 119
on fine-tuning existing models by providing textual times- 120
tamps [19, 36, 55] and constructing large temporally anno- 121
tated datasets [45, 49]. Others design specialized temporal- 122
aware modules using pooling operations [24, 38, 64, 72, 123
73] to enhance temporal reasoning. There are also ap- 124
proaches [59, 68, 70, 78, 83] that overlay frame indices 125
[11, 37, 46, 58, 67] onto the original images to provide tem- 126
poral information and feed the frames sequentially into the 127
model. Although these methods achieve some success, they 128
either require designing task-specific modules for tempo- 129
ral reasoning or compromise spatial information to preserve 130
temporal cues. To address these limitations, we propose 131
T2SGrid, which employs a gridification strategy along with 132
a lightweight textual timestamps to provide global tempo- 133
ral context, eliminating the need for specialized module de- 134
sign or extensive dataset construction, and achieving supe- 135
rior performance. 136

2.2. Grid-Based Video Representation 137

Although several studies [3, 7, 10, 26, 71] have explored 138
merging multiple video frames into a single composite im- 139
age for video understanding, most of them primarily target 140
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Figure 3. Overview of our T2SGrid framework. The original video frames are first arranged into a 2D grid in a row-major order (gridi-
cation) to enable spatialized temporal reasoning. A lightweight composite textual timestamp is incorporated to provide global temporal
awareness. Our framework can operate in a training-free manner or be further enhanced via LoRA fine-tuning.

video question answering (VQA) [1, 39, 47]. For example,141
IG-VLM [26] selects a small set of keyframes and con-142
catenates them into a single large image to facilitate VQA,143
yet such a keyframe grid can only model coarse-grained144
events. DynImg [3] enlarges a representative keyframe and145
appends several smaller frames below it as temporal cues146
to enhance video comprehension; however, such heuristic147
designs still fail to preserve fine-grained temporal order,148
thereby limiting the potential of grid-based representations149
for temporal reasoning. In contrast, our work is the first to150
reveal and leverage the intrinsic temporal information en-151
coded within the spatial grid itself, and to apply this prop-152
erty to video temporal grounding, thereby enhancing the153
generalization capability of gridification for temporal un-154
derstanding.155

3. Method156

We propose an innovative temporal-to-spatial gridification157
(T2SGrid) method. In Section 3.1, we first analyze how158
the gridification mechanism enhances local attention from a159
spatial perspective and improves temporal perception from160
the viewpoint of temporal attention. As illustrated in Fig-161
ure 3, our approach consists of two main stages: (1) Sliding-162

Window Spatiotemporal Gridification, and (2) Temporal 163
Modeling with T2SGrid, which are detailed in Section 3.2 164
and Section 3.3, respectively. 165

3.1. Attention Analysis 166

Current Vision-LLMs process videos by encoding frames 167
into a sequential feature representation. This sequence, con- 168
catenated over time, is then aligned with a language query 169
to facilitate understanding. While this approach is effective 170
for content recognition, it presents inherent challenges for 171
tasks requiring fine-grained temporal reasoning. To inves- 172
tigate the underlying limitations of this sequential method- 173
ology, we conducted an in-depth analysis of the model’s in- 174
ternal attention mechanisms. Our central hypothesis is that 175
the sequential processing of individual frame features biases 176
Vision-LLMs towards recognizing a series of static spatial 177
configurations rather than understanding the dynamic tem- 178
poral evolution between them. To test this, we used Qwen2- 179
VL-7B as case studies. 180

We visualize the cross-attention maps between the visual 181
tokens and the query text token, and project them back to the 182
original image or the grid representation. As shown in Fig- 183
ure 4, when given the query “a person is putting a picture 184
onto the wall”, the attention maps under sequential-frame 185
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Figure 4. Top: spatial and temporal attention with sequential
frame input. Bottom: spatial and temporal attention with grid-
based input. The grid method captures dynamic actions and main-
tain focus on the correct temporal intervals.

input appear scattered or focus mainly on the person or the186
picture in a specific frame. This pattern indicates that se-187
quential processing encourages the model to recognize what188
objects are present, but fails to capture how these objects189
change over time, resulting in weak sensitivity to motion-190
induced spatial variations. In contrast, our T2SGrid repre-191
sentation reorganizes the video into a structured 2D layout192
that places temporally adjacent patches into spatially coher-193
ent neighborhoods. This gridified structure strengthens lo-194
cal spatial attention and enables the model to capture subtle195
structural changes in the picture frame across neighboring196
cells. As shown in the Figure 4, the model now attends to197
how the person moves the picture onto the wall, demon-198
strating improved temporal understanding through spatial199
reasoning. We further average the attention over all visual200
tokens within each frame to obtain frame-level temporal at-201
tention. As shown in the figure, the temporal attention de-202
rived from sequential-frame input exhibits peaks that de-203
viate substantially from the Ground Truth (GT), indicating204
that its temporal modeling is primarily driven by static ob-205
ject saliency rather than the actual progression of the action.206
In contrast, T2SGrid makes temporal cues more explicit:207
by embedding temporal adjacency into a 2D spatial layout208
and combining it with lightweight text-based temporal an-209
chors, the model produces temporally consistent activation210
patterns that closely align with the GT. Further illustrative211
examples can be found in the Appendix.212

In conclusion, our analyses reveal a fundamental limita-213
tion in sequential-frame processing: although the model is214
proficient at spatial recognition, this ability does not nat-215
urally extend to capturing fine-grained temporal progres-216
sion. Sequential alignment encourages frame-by-frame ob-217
ject matching, causing the model to rely on static object218
saliency while overlooking subtle inter-frame motion cues.219
By contrast, the proposed gridification mechanism strength-220

ens local spatial attention, enhances sensitivity to dynamic 221
changes, and produces temporally consistent activation pat- 222
terns that align closely with the GT. By reframing temporal 223
reasoning into a structured 2D spatial layout, our approach 224
enables the model to leverage its inherent spatial priors to 225
capture genuine temporal cues and achieve more accurate 226
action localization. 227

3.2. Sliding Window Spatiotemporal Gridification 228

We first employ a sliding window mechanism to obtain 229
frame sequences, after which we apply spatiotemporal grid- 230
ification to convert them into a coherent 2D spatial layout. 231
Concretely, given a video with T frames, we define a tempo- 232
ral window size k and stride s. The i-th window Wi consists 233
of: 234

Wi = {fi×s, fi×s+1, . . . , fi×s+k−1}. (1) 235

For each Wi, we spatially rearrange its k original resolu- 236
tion frames into a single composite grid Gi. Notably, our 237
method does not compromise spatial resolution; it only per- 238
forms gridification of the original frames. The layout of 239
this grid is flexible (e.g., M ×N ) as long as M ×N = k. 240
For instance, nine frames can be arranged in a 3 × 3 grid. 241
The frames are consistently ordered in a row-major fashion 242
(left-to-right, top-to-bottom). 243

Temporal localization methods processing input videos 244
that uniformly sample frame sequences are fundamentally 245
equivalent to sliding window processing with stride s = 246
1 and window size k = 1. While capturing per-frame 247
static information, this approach poorly perceives dynamic 248
changes between adjacent frames. Our method overcomes 249
this limitation by setting k > 1 (e.g., 3×3 grid), where each 250
window contains k consecutive frames forming a local tem- 251
poral segment. When processing center frame ft, the model 252
simultaneously receives its neighborhood ft−4, . . . , ft+4, 253
establishing complete dynamic context. To avoid splitting 254
critical actions in short videos, we introduce overlap by set- 255
ting the sliding-window stride s < k, preserving temporal 256
continuity and allowing the model to capture both local dy- 257
namics and maintain global consistency. For longer videos, 258
we set s = k to avoid excessive overlap and computational 259
redundancy. This design makes our approach suitable for 260
long videos and robust to a wide range of frame rates (FPS), 261
while maintaining the original video resolution throughout 262
the spatiotemporal gridification process. 263

3.3. Temporal Modeling with T2SGrid 264

3.3.1. Implicit Temporal Encoding via Grid Layout 265

Although the T2SGrid is inherently spatial, arranging 266
frames in a row-major order induces a deterministic map- 267
ping that implicitly encodes temporal information. Let Nc 268
denote the number of frames per row. The temporal index tf 269
of a frame with row-column coordinates (rf , cf ) is uniquely 270
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defined as271

tf = rf ×Nc + cf , (2)272

reflecting the linear progression along the row-major layout.273

The self-attention mechanism, however, operates on274
patch-level coordinates (rp, cp) and their corresponding 2D275
positional embeddings E(rp, cp). A frame-level coordinate276
can be recovered from patch-level coordinates using277

rf = ⌊rp/hpatch⌋, cf = ⌊cp/wpatch⌋, (3)278

where hpatch and wpatch are the height and width of a frame279
in patches. Substituting Equation (3) into Equation (2) gives280

tf = ⌊rp/hpatch⌋ ×Nc + ⌊cp/wpatch⌋, (4)281

showing that the temporal index is a well-defined function282
of patch coordinates.283

Therefore, the 2D positional embeddings E(rp, cp) con-284
tain sufficient information for the model to infer the tempo-285
ral order of frames, enabling implicit temporal reasoning286
without requiring explicit timestamps or frame identifiers.287

Figure 2 shows concrete examples of how Qwen2-288
VL [53] interpret the grid structure, providing empirical ev-289
idence that the grid layout enables implicit temporal encod-290
ing via spatial understanding.291

3.3.2. Absolute Global Temporal Awareness.292

Although the sliding window strategy enhances local tem-293
poral reasoning through spatiotemporal grid representations294
of videos, it loses the absolute temporal position of each295
segment. This limitation arises from its capture of only rel-296
ative temporal relationships, such as action continuity be-297
tween adjacent frames. This limitation prevents the estab-298
lishment of absolute positioning along the global timeline,299
as the model loses perception of corresponding absolute300
time intervals in the original video (e.g., “From Frame 0 to301
Frame 8”) while comprehending dynamic evolution within302
grid Gi. Such deficiency impedes video temporal localiza-303
tion tasks demanding precise timestamp outputs (e.g., “Xs304
to Ys”) or global narrative comprehension (e.g., “What hap-305
pened at 7 seconds in the video?”), where absolute timing306
remains essential to satisfy rigid requirements for a tempo-307
ral reference system.308

To preserve global time awareness, we introduce Abso-309
lute Time as solution. Before passing each grid image Gi310
to the LMM, we prepend a textual timestamp to the input311
prompt:312

Prompti =
[
“ from Tstart to Tend.”

]
;
[
Image: Gi

]
(5)313

where Tstart and Tend correspond to the start and end time of314
the i-th grid.315

For holistic video understanding, multiple grids are or- 316
ganized in an interleaved text-image sequence: 317[

Text: T (1)
start to T

(1)
end

]
→

[
Image: G1

]
;[

Text: T (2)
start to T

(2)
end

]
→

[
Image: G2

]
;

...[
Text: T (n)

start to T
(n)
end

]
→

[
Image: Gn

]
.

(6) 318

These absolute timestamps form a continuous temporal 319
chain across the video, enabling the model to establish se- 320
quential relationships while preserving temporal coherence. 321
By interleaving grids with global textual time and leverag- 322
ing cross-attention mechanisms, the model can reason not 323
only about the dynamics within each grid but also about 324
their placement along the full video timeline. 325

4. Experiment 326

We evaluate our model on standard Video Temporal 327
Grounding benchmarks. Following prior work [19, 42, 44, 328
54], we evaluate our method on the test sets of Charades- 329
STA [14] and ActivityNet [4]. The evaluation metrics 330
include mean Intersection over Union (mIoU) and Re- 331
call@1 at multiple IoU thresholds (R@m), where m ∈ 332
{0.3, 0.5, 0.7}, consistent with previous studies [19, 44]. 333

4.1. Experiment setup 334

Training dataset and benchmark We adopt a mixed 335
training set, combining the training splits of ActivityNet- 336
Captions [4] and Charades [14], containing 18K videos and 337
50K question–answer pairs. Each video in our dataset is 338
augmented and arranged using our T2SGrid method. The 339
question–answer pairs follow a consistent template: ques- 340
tions are formatted as “During which frames can we see 341
query?”, and answers are formatted as “From x to y”, where 342
x and y denote the start and end frame numbers of the 343
queried event. 344
Training Detail We use Qwen2-VL-7B as the base 345
model, which lacks temporal encoding and therefore en- 346
ables a fair comparison of temporal strategies. The model 347
is trained for 3 epochs with a batch size of 32 and a learn- 348
ing rate of 2 × 10−5. We adopt LoRA fine-tuning (rank 349
64, α = 128) on all linear layers. All experiments are 350
conducted on 4×A100 GPUs. Charades-STA is trained 351
and evaluated under the overlap configuration (g43 s7), 352
whereas ActivityNet-Captions uses the no-overlap config- 353
uration (g43 s12). Additional details are provided in the 354
Appendix. 355

4.2. Main result 356

4.2.1. Superior performance on VTG datsets 357

Table 1 reports the performance of our T2SGrid and 358
T2SGrid-FT methods compared with previous approaches 359
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Table 1. Performance comparison on the video temporal grounding task with prior state-of-the-art methods. T2SGrid denotes
the use of spatiotemporal gridification with global time awareness, while T2SGrid-FT indicates fine-tuning with the instruction dataset
augmented using our T2SGrid method.

Model Charades-STA ActivityNet
R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

VTG-Tuned Vision-LLMs

GroundingGPT [32] - 29.6 11.9 - - - - -
LITA [20] - - - - - 25.9 - 28.6
VTG-LLM [17] 52.0 33.8 15.7 - - - - -
TimeChat [44] 47.7 22.9 12.5 30.6 30.2 16.9 8.2 21.8
VTimeLLM [19] 51.0 27.5 11.4 31.2 44.0 27.8 14.3 30.4
Momentor [42] 42.9 23.0 12.4 29.3 42.6 26.6 11.6 28.5
HawkEye [54] 50.6 31.4 14.5 33.7 49.1 29.3 10.7 32.7
TimeSuite [72] 69.9 48.7 24.0 - - - - -
TRACE [16] - 40.3 19.4 - - 37.7 24.0 39.0
NumPro [61] 63.8 42.0 20.6 41.4 55.6 37.5 20.6 38.8

General Vision-LLMs

GPT-4o [22] 55.0 32.0 11.5 35.4 33.3 21.2 10.4 23.7
+T2SGrid 57.3 (+2.3) 36.7 (+4.7) 14.8 (+3.3) 36.9 (+1.5) 47.5 (+14.2) 32.1 (+10.9) 19.7 (+9.3) 35.6 (+11.9)

Qwen3-VL-8B [51] 69.3 43.4 17.5 43.1 39.0 26.2 15.8 29.3
+T2SGrid 71.4 (+2.1) 47.0 (+3.6) 20.7 (+3.2) 44.9 (+1.8) 44.8 (+5.8) 26.8 (+0.6) 16.1 (+0.3) 32.5 (+3.2)

LLaVA-OneVision-1.5-8B [28] 19.8 6.7 2.3 14.5 9.2 4.9 2.1 7.5
+T2SGrid 45.0 (+25.2) 26.3 (+19.6) 11.9 (+9.6) 28.8 (+14.3) 31.5 (+22.3) 17.4 (+12.5) 10.4 (+8.3) 23.6 (+16.1)

Qwen2-VL-7B [53] 8.7 5.4 2.4 7.9 17.0 9.4 3.9 12.5
+T2SGrid 70.1 (+61.4) 46.7 (+41.3) 20.1 (+17.7) 44.3 (+36.4) 46.2 (+29.2) 27.2 (+17.8) 15.4 (+11.5) 33.3 (+20.8)
+T2SGrid-FT 76.9 (+68.2) 60.6 (+55.2) 35.9 (+33.5) 53.2 (+45.3) 64.4 (+47.4) 48.4 (+39.0) 29.5 (+25.6) 46.7 (+34.2)

on video temporal grounding benchmarks. After integrating360
the proposed T2SGrid temporal encoding, both open-source361
and closed-source models exhibit consistent improvements.362

Specifically, GPT-4o, which already possesses strong363
temporal reasoning capability, achieves further gains with364
T2SGrid, showing that our method can enhance well-365
trained multimodal LLMs. Qwen3-VL-8B, a state-of-366
the-art vision-LLM utilizing textual timestamps for tem-367
poral modeling, also benefits modestly; for instance, its368
Charades-STA R@0.3 increases from 69.3 to 71.4. The369
smaller gain mainly arises from a slight conflict between our370
local temporal encoding and its original timestamp-based371
scheme. In contrast, Qwen2-VL-7B, which lacks explicit372
temporal encoding, exhibits a significant performance boost373
when combined with T2SGrid, reaching 70.1 R@0.3 and374
44.3 mIoU on Charades-STA thatsurpassing several VTG-375
tuned video LLMs.376

Finally, LLaVA-OneVision1.5-8B, a model trained377
solely on static images, achieves remarkable improvements378
with T2SGrid: absolute gains of 25.2, 19.6, 9.6, and 14.3 on379
R@0.3, R@0.5, R@0.7, and mIoU, respectively. On Activ-380
ityNet, the corresponding improvements are 22.3, 12.5, 8.3,381
and 16.1. These results confirm that T2SGrid effectively382
leverages the spatial reasoning capability of image-based383
models to enable temporal understanding.384

To further validate the effectiveness of our approach, We385

fine-tune Qwen2-VL-7B on a dataset augmented and ar- 386
ranged using our T2SGrid framework, resulting in the best 387
mIoU scores on Charades-STA and ActivityNet, reaching 388
53.2 and 46.7, respectively. 389

4.2.2. Training Effectiveness 390

In Table 5, we observe consistent performance gains when 391
incorporating T2SGrid during fine-tuning (+T2SGrid-FT). 392
Both the standard fine-tuning (FT) and T2SGrid-FT exper- 393
iments are conducted on the same training data, ensuring a 394
fair comparison. For LLaVA-OneVision-1.5-8B, T2SGrid 395
yields clear improvements of +4.8 R@0.5 and +2.4 mIoU 396
on Charades-STA, and large boosts of +13.4 R@0.3 and 397
+10.2 mIoU on ActivityNet. For Qwen2-VL-7B, it fur- 398
ther improves results by +3.8 R@0.5 and +2.8 mIoU on 399
Charades-STA, and by +9.8 R@0.5, +10.3 R@0.7, and +9.0 400
mIoU on ActivityNet. Overall, models fine-tuned with our 401
T2SGrid framework not only achieve consistently higher 402
scores across all metrics and datasets but also demonstrate 403
stronger temporal grounding capability, confirming the su- 404
perior training effectiveness of our approach. 405

4.2.3. Qualitative Results 406

Figure 5 illustrates a visualization on the Charades dataset, 407
comparing our method with previous approaches. Given the 408
query “person throwing a blanket onto the vacuum”, other 409
methods predict incorrect temporal intervals, whereas our 410
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Table 2. Training effectiveness of our method. T2SGrid-FT consistently outperforms standard fine-tuning (FT) when trained on the same
data with identical training settings, demonstrating the benefits of our approach.

Model Charades-STA ActivityNet
R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

LLaVA-OneVision-1.5-8B [28] 19.8 6.7 2.3 14.5 9.2 4.9 2.1 7.5
+FT 70.6 52.9 29.8 48.4 50.1 35.1 18.5 33.4
+T2SGrid-FT 73.9 (+3.3) 57.7 (+4.8) 32.7 (+2.9) 50.8 (+2.4) 63.5 (+13.4) 45.4 (+10.3) 26.2 (+7.7) 44.6 (+10.2)

Qwen2-VL-7B [53] 8.7 5.4 2.4 7.9 17.0 9.4 3.9 12.5
+FT 73.1 56.8 32.7 50.4 54.9 37.2 19.2 37.7
+T2SGrid-FT 76.8 (+3.7) 60.6 (+3.8) 35.9 (+3.2) 53.2 (+2.8) 64.4 (+9.5) 48.4 (+9.8) 29.5 (+10.3) 46.7 (+9.0)

Table 3. Performance comparison on Video-MME, MVBench, and VideoInstruct benchmarks. Our T2SGrid method consistently
improves temporal perception and action understanding, demonstrating strong generalization QA tasks.

Model
Video MME MVbench VideoInstruct

Temporal
Perception

Temporal
Reasoning All

Action
Sequence

Fine-grained
Action

State
Change

Scene
Transition All

Temporal
Understanding

Detail
Orientation

Qwen2-VL-7B 60.0 41.7 63.3 60.5 46.5 44.0 79.5 51.7 2.47 2.57
+T2SGrid 74.5 50.2 64.1 71.5 49.5 51.5 89.0 58.3 2.52 2.69

method accurately captures the start and end times of the411
action, demonstrating the effectiveness of T2SGrid. Addi-412
tional examples are provided in the Appendix.413

4.2.4. Effectiveness on Long-Video and VQA Tasks414

To further evaluate the effectiveness of our T2SGrid method415
in enhancing temporal understanding and action reason-416
ing, we conduct experiments on three video understand-417
ing benchmarks: VideoMME [13], MVBench [30], and418
VideoInstruct [38]. Among them, VideoMME is a long-419
form video QA benchmark that further demonstrates our420
method’s ability to reason over long-duration videos.421

As shown in Table 3, the T2SGrid-enhanced model con-422
sistently outperforms the base Qwen2-VL-7B model across423
all metrics. On VideoMME, it improves temporal per-424
ception and temporal reasoning by 14.5 and 8.5, respec-425
tively. Similarly, on MVBench, TGrid yields consistent426
gains across all subcategories including action sequence,427
fine-grained action, state change, and scene transition, rais-428
ing the overall score from 51.7 to 58.3. On the VideoInstruct429
dataset, our method also achieves higher scores in both tem-430
poral understanding and detail orientation, confirming that431
T2SGrid effectively enhances temporal reasoning and fine-432
grained perception across diverse video QA tasks.433

These results demonstrate the generality and robustness434
of T2SGrid across both long and short video QA tasks,435
highlighting its strong ability to improve temporal percep-436
tion and question answering performance.437

4.3. Ablation studies438

To isolate the contributions of each component of our439
method, we conduct a series of ablation studies on the Cha-440
rades dataset using Qwen2-VL-7B.441

Table 4. Ablation study of key components: composite tex-
tual timestamps (ComTextNum), sliding window, and grid layout.
Each component contributes to improved temporal modeling and
overall grounding performance.

ComTextNum Sliding Window Grid R1@0.3 R1@0.5 R1@0.7 mIoU

✗ ✗ ✗ 8.7 5.4 2.4 7.9
✓ ✗ ✗ 53.5 23.2 7.9 32.9
✓ ✓ ✗ 58.3 35.1 13.6 36.5
✓ ✓ ✓ 70.1 46.7 20.1 44.3

Component Ablation. We conduct a comprehensive ab- 442
lation study to evaluate the contribution of each component 443
in our temporal encoding framework. ComTextNum de- 444
notes the use of a textual timestamp inserted before each 445
grid element, providing an explicit temporal anchor for the 446
model. Sliding Window refers to partitioning the sequential 447
frames into temporally localized windows, while Grid rep- 448
resents the transformation of frames within each window 449
into a 2D spatial grid. 450

As shown in Table 4, introducing ComTextNum substan- 451
tially improves temporal information, boosting mIoU from 452
7.9 to 32.9. Incorporating the sliding window mechanism 453
further enhances local spatiotemporal attention, raising 454
mIoU to 36.5. When we additionally reformulate each tem- 455
poral window into a 2D grid structure, the model achieves 456
the largest performance gain, reaching 70.1 R1@0.3 and 457
44.3 mIoU. These improvements demonstrate that local im- 458
plicit temporal encoding within the grid provides advan- 459
tages over TextNum, validating the effectiveness of our core 460
grid-based approach. 461

Temporal Modeling Method Ablation. We conduct an 462
ablation study to evaluate four temporal encoding strategies 463
on the Qwen2-VL-7B baseline: PE, TextNum, VisualNum, 464
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Figure 5. Qualitative Comparison with State-of-the-Art. Our method outperforms TRACE [16] and Numpro [61] on Charades by accu-
rately identifying event boundaries in challenging scenes.

Table 5. Comparison of different temporal modeling strategies
applied to the Qwen2-VL-7B baseline, including position encod-
ing (PE), textual timestamping (TextNum), visual frame-level nu-
meric labeling (VisualNum), and our proposed T2SGrid frame-
work. mToken and mTime/s denote the average token count and
inference time per sample, respectively.

Temporal Modeling R1@0.3 R1@0.5 R1@0.7 mIoU mToken mTime/s

PE 53.1 28.4 10.6 33.8 5760.4 1.69
TextNum 53.5 23.2 7.9 32.5 5791.2 1.45
VisualNum 60.7 36.8 15.9 38.5 5760.4 2.17
Ours (wo/ overlap) 64.5 42.9 18.1 41.2 5766.1 1.43
Ours (w/ overlap) 70.2 46.7 20.1 44.3 7909.7 2.31

and Ours. PE encodes temporal order through positional465
encoding; TextNum adds textual timestamps before each466
frame or grid element; VisualNum draws numeric indices467
directly on frames. As shown in Table 5, Under the non-468
overlap setting, our method delivers the best overall perfor-469
mance while reducing inference time by 34.1% over Visu-470
alNum. With overlap, it trades only 6% additional time for471
a 14% performance gain.472

Ablation Study on Grid Configuration We conduct473
ablations over different grid configurations, denoted as474
g{col}{row} s{stride} where k = col × row.475

In Stage 1, we vary both grid size and stride (with k = s).476
As shown in Table 6, performance improves as the win-477
dow size increases: R1@0.3 rises from 53.5 (g11 s1) to478
63.7 (g33 s9), and mIoU increases from 32.9 to 41.2. The479
best configuration in this stage is g43 s12, reaching 64.5480
R1@0.3 and 41.2 mIoU. However, excessively large grids481
(e.g., g44 s16) lead to degraded performance, with mIoU482
dropping to 35.9. Similarly, g43 is also the optimal config-483
uration on ActivityNet.484

Notably, under the no-overlap setting, our method does485
not reduce the resolution of the original frames, with the486
average token count (mToken) essentially the same as se-487
quential frame input (g11 s1), since we simply concatenate488
full resolution frames into a single grid. This design already489
yields strong gains.490

In Stage 2, we fix the grid size to g43 and adjust the stride491

Table 6. Ablation results of grid configurations on Qwen2-VL-
7B. g{col}{row} s{stride} denoting grid size and stride.
Stage 1 varies size and stride, and Stage 2 refines stride for g43.

Config R1@0.3 R1@0.5 R1@0.7 mIoU mToken mTime/s

Stage 1: Exploring Grid size and stride
g11 s1 53.5 23.2 7.9 32.9 5791.2 1.45
g22 s4 56.5 26.9 8.7 34.2 5789.0 1.43
g23 s6 61.6 38.7 16.2 38.8 5784.3 1.42
g32 s6 61.8 38.8 16.9 39.0 5784.3 1.43
g33 s9 63.7 42.8 18.4 41.1 5782.1 1.43
g34 s12 64.1 42.7 18.0 41.1 5781.4 1.42
g43 s12 64.5 42.9 18.1 41.2 5781.4 1.42
g44 s16 61.6 29.1 10.4 35.9 5779.7 1.41

Stage 2: Fine-tuning stride for optimal Grid size (g43)
g43 s5 68.9 45.1 18.2 43.2 8971.4 2.39
g43 s6 69.5 46.4 19.6 43.7 8357.2 2.34
g43 s7 70.2 46.7 20.1 44.3 7909.6 2.31
g43 s12 64.5 42.9 18.1 41.2 5781.4 1.42

to introduce overlap. Overlapping windows yield consistent 492
improvements: as the stride decreases from 12 to 7, R1@0.3 493
increases from 64.5 to 70.2, and mIoU improves from 41.2 494
to 44.3. The best configuration is g43 s7, which increases 495
the number of tokens modestly but brings best performance. 496

5. Conlcusion 497

In this work, we introduced T2SGrid, a novel frame- 498
work designed to tackle the challenge of video temporal 499
grounding (VTG) for Vision-LLMs. Our core idea is to 500
reformulate temporal understanding as a spatial reasoning 501
problem. By “gridifying” frames from a sliding temporal 502
window into a single composite 2D image, T2SGrid directly 503
leverages the powerful, pre-existing spatial attention mech- 504
anisms of 2D Vision Transformers. This approach enhances 505
the model’s ability to capture fine-grained local temporal 506
dynamics without the need for task-specific temporal 507
modules. We further combined this local gridification with 508
a global absolute time modeling strategy, using composite 509
text timestamps for each grid. Together, these components 510
provide a stronger temporal encoding mechanism. Exten- 511
sive experiments on standard VTG and VQA benchmarks 512
demonstrate that T2SGrid achieves superior performance. 513

514
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