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S LLaVA-ST
m During <16.25-22s>, where is the riding man? 1
The event duration is <16.25-22s>, at 16.2s it’s at <bbox1>,..., at 18s it’s @‘
at <bbox2>, ..., at 22s, it’s at <bbox3>
B9.4 @
Video QA 332 Event Localization Y Where and when does a man takes a motorbike away? 2
and Captioning 3
The event duration is <16.2s5-22s>, at 16.2s it’s at <bbox1>,..,, at 18s it’s mﬁ»
42.4 at <bbox2>, ..., at 22s, it’s at <bbox3>
OLLAVA-ST :
Sg:gi:::ﬂgéﬁfomﬂ Temporal Video % What are the man at 16.2s <bbox1> doing and when is he stop? 3
OVtimelLM Grounding Where is he in the video?
He rides the motor bike away and stops at 22s. at 16.2s it’s at <bbox1>, ..., ﬁ
at 18s it’s at <bbox2>, ..., at 22s, it’s at <bbox3>

LLaVA-ST is the first MLLM capable of simultaneously processing spatial-temporal fine-grained understanding
tasks and demonstrates high performance across various tasks of fine-grained multimodal understanding.
* Examples of spatial-temporal interleaved fine-grained understanding tasks in the proposed ST-Align Benchmark,

which include Spatial Temporal Video Grounding (STVG), Event Localization and Captioning (ELC), and Spatial
Video Grounding (SVGQG).



Motivation

We refer to tasks that require processing visual coordinates based on linguistic input as fine-grained multimodal
understanding, designing a unified MLLM for spatial-temporal fine-grained understanding tasks faces two major
challenges:

» Difficulties in multimodal coordinate alignment

» Challenges in preserving visual details

Our contributions are summarized as follows:

1)  We propose LLaVA-ST, the first MLLM capable of end-to-end processing fine-grained spatial, temporal, and
interleaved fine-grained multimodal understanding tasks. We introduce the LAPE to reduce the difficulty of
aligning coordinate features between vision and language and STP to preserve fine-grained spatiotemporal
context in the video feature compression process.

11) We propose a progressive training strategy for LLaVA-ST, enabling the model to progressively learn content
alignment, coordinate alignment and multi-task ability. To support the training process, we construct the
STAlign dataset which includes 15 different tasks and 228K newly conducted data samples.

111) We perform experiments for on 11 different benchmarks, including TVG, video QA, REC and spatial-temporal
interleaved tasks, and the results demonstrate the outstanding capabilities of LLaVA-ST.



Model Architecture

Response: The man rides the motor to the road and says goodbye to the recorder. This event ends at <t<90>. <t<24>:
[«<w<10><h<22><w<60><h<93>], <t<25> : [<w<20><h<27><w<64><h<98>], ... <t<90>: [<w<10><h<29><w<63><h<45>]
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We introduce discrete special tokens to represent spatiotemporal coordinates within the language modality. LAPE
embed these coordinate representations into the visual feature space. Furthermore, the STP module utilizes a two-
stream packing mechanism to efficiently compress the features.



Design of LAPE
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To avoid the inefficiency of tokenizing numerical text, we extend the vocabulary of the LLM by introducing special
tokens for coordinates. These special tokens are incorporated into the input text embeddings and output layers of the
LLM. We then embed the spatial tokens into the visual features as positional embeddings. LAPE leverages coordinate-
related input text embeddings and features within the output layer matrix as visual positional embeddings.



Design of STP
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Above illustrates the calculation process of a patch feature in packer,. After obtaining the region feature and the pooled
feature, each is processed through an MLP, followed by cross-attention computation. The pooled feature is then added

to the output feature through a residual connection. packer;, share the similar architecture but with temporal pooling
dimension.



STAlign Dataset

Training Stage | Task | #of Samples | Data Source
Content Alignment (Stage-1) | Video Captioning | 1.28M ’ WebVid-10M [2], Panda-70M [6], InternVid-10M [63]
Temporal Video Grounding 149K VTimeLLLM-Stage2 [15]
Dense Video Captioning 92K VTimeLLM-Stage2 [15], Moment-10M [50], IntermVid-G [63]
% 5 ; Temporal Referring 95K VTimeLLM-Stage2 [15], InternVid-G [62]
- ate o a aoe-2
Cooruste 7y EnmEnt (Stage:2) Referring Expression Comprehension 101K GranD [51]*
Dense Grounded Captioning 150K GranD [51]*
Region Caption 100K GranD [51]*
Temporal Grounded Conversation 459K ANet-RTL [16], Moment-10M [50], Grounded-VideoLLM [58]
Temporal Video Grounding 84K DiDeMo [I], HIREST [77], QuerYD [48], VTG-IT [13]
Dense Video Caption 41K COIN [56], ViTT [17], YouCook2 [81], VTG-IT [13]
Image Grounded Conversation 190K MUSE [53]*, Flickr30k Entities [75]
Referring Expression Comprehension 288K RefCOCO [25], RefCOCO+ [25]. RefCOCOg [47]
Dense Grounded Captioning 22K Flickr30k Entities [75]
. : . Region Caption 288K RefCOCO [25], RefCOCO+ [25], RefCOCOg [47]
- 1asK C g ag '3 . %% . . =
Aol Reclosirietion Taniqg(Stigs:) Spatial-Temporal Video Grounding 81K Self collected
Event Localization and Captioning 36K Self collected
Spatial Video Grounding 81K Self collected
Converstation 222K VCG-Plus-112K [45], Videochatgpt-100K [43], Videochat2-Conv [33]
VideoQA 338K EgoQA [11], NExT-QA [68], Intent-QA [31], AGQA [12], STAR [66], CLEVRER [73], WebVid-QA [72]
Classification 66K SthSthV2 [46]. Kinetics [32]
Video Captioning 168K TextVR [67], YouCook2 [81], WebVid [2], ShareGPT4Video [5]

To enhance the stability of the training process and improve the model’s final performance, we partitioned the training
data into three stages based on data quality and the granularity of visual-text alignment. These stages are: content
alignment, coordinate alignment, and multi-task instruction tuning.



STAlign Benchmark

4s 7s 16.2s 18s 22s 37s
T
(bboxt)  (bbox2)  (‘bbox3)
S LLaVA-ST
m During <16.25-22s>, where is the riding man? il
The event duration is <16.25-22s>, at 16.2s it’s at <bbox1>,..., at 18sit’s ﬁ
at <bbox2>, ..., at 22s, it’s at <bbox3>
2 Where and when does a man takes a motorbike away? 2
The event duration is <16.2s-22s>, at 16.2sit’s at <bbox1>,..., at 18sit’s g
at <bbox2>, ..., at 22s, it’s at <bbox3>
@ What are the man at 16.2s <bbox1> doing and when is he stop? 3
m Where is he in the video?
He rides the motor bike away and stops at 22s. at 16.2s it’s at <bbox1>, ..., $
at 18s it’s at <bbox2>, ..., at 22s, it’s at <bbox3>

To address the current deficiency of data involving fine-grained
multimodal understanding with spatiotemporal interleaving, we
employ GPT-4-turbo to revise and enhance the textual
annotations of VidSTG, adapting them for the following three
tasks:

1) Spatial Video Grounding (SVG): based on the event
duration and textual description, locate the tracklet of the event
subject.

11) Spatial Temporal Video Grounding (STVG): localizing the
spatiotemporal tube of the event subject in the video based on
the event description.

i11) Event Localization and Captioning (ELC): given a
starting position and the bounding box of the event subject,
locate the ending position of the event and provide a description
of the event.



Results on Fine-Grained Spatial-Temporal Grounding

Model |Spatial-Temporal Video Grounding| Event Localization and Captioning | Spatial Video Grounding
|tloU@0.5 m;IoU sloU@0.5 m,IoU |tloUQ@0.5 m;IoU sloU@0.5 m,IoU METEOR |sloU@0.3 sloU@0.5 m,IoU
GroundingGPT 7.1 12.2 2.9 92 4.8 6.6 2.1 6.4 8.2 19.7 54 17.9
VTimeLLM 7.1 15.5 - - 33.1 40.3 - - 6.0 - - -
Grounded-VideoLLM 30.0 33.0 - - 531 56.4 - - . - - -
LLaVA-ST | 44.6 43.8 21.1 228 | 604 60.0 324 33.5 247 | 472 30.9 32.5
Model | Charades-STA Model RefCOCO RefCOCO+ |RefCOCOg
| R@03 R@0.5 R@0.7 | silald val test-A test-B| val test-A test-B|val-u test-u
Video-LLaMA-7B 25.2 10.6 3.4 16.8 Generalist models w. full resolution input
SeViLast 270 150 58 | 183 gRereryv27B [92.8 947 887 [87.4 928 793 [89.4 893
Video-ChatGPT-7B 212 6.2 1.9 19.7
Valley-7B 28.4 1.8 0.3 21.4 Generalist models w/o full resolution input
ViceoChatZ-JB 380 143 38 | 246 opaL 80.0 83.7 764 (683 760 61.8|67.6 67.6
oo sy 20| 27 shikiaTB 87.0 90.6 802 |81.6 87.4 721|823 822
el EMETR 510 275 114 | 31,  GroundingGPT-7B|88.0 91.6 825 (81.6 87.2 732 |81.7 820
GroundingGPT-7B B 29.6 11'9 28.7 MiniGPT-v2-7B  |88.7 91.7 85.3 [80.0 85.1 74.5 |84.4 84.7
TimeChat-7B ) 39 13.4 . Ferret-7B 87.5 91.4 825 (80.8 87.4 73.1 839 84.8
VTG-LLM-7B . 33.8 15.7 i} VistaLLM-7B 88.1 91.5 83.0 1829 89.8 748 [83.6 844
HawkEye-7B 50.6 31.4 14.5 33.7 Elysium-7B 89.1 92.1 85.0 [82.9 889 75.6 [829 83.6
Grounded-VideoLLM-4B 54.2 36.4 19.7 36.8 Groma-7B 89.5 92.1 86.3 |83.9 88.9 78.1 [86.3 87.0

LLaVA-ST-7B | 63.1 44.8 234 | 42.4 LLaVA-ST-7B 90.1 93.2 85.0 (86.0 91.3 78.8 ’86.7 87.4




Results on General Video QA

e | MSVD-QA | MSRVIT-QA | VCG-Bench
| Acc. Score |  Acc. Score | CI DO CU TU cCoO | Avg
Video-LLaMA [79] 51.6 25 29.6 1.8 1.96 2.18 2.16 1.82 1.79 1.98
Video-ChatGPT [44] 64.9 33 493 2.8 2.50 251 2.69 2.16 2.20 2.42
GroundingGPT [36] 67.8 347 51.6 3.1 - - - - - -
Momentor [50] 68.9 3.6 55.6 3.0 - - - - - -
MovieChat [55] 092 3.8 52.7 2.6 2.76 293 3.01 2.24 2.42 2.67
VTimeLLM [15] - - - ¥ 278 3.10 3.40 2.49 2.47 2.85
LongVLM [65] 70.0 3.8 59.8 33 2.76 2.86 3.34 2.39 3.11 2.89
VideoChat2 [35] 70.0 39 54.1 3.3 3.02 2.88 3:51 2.66 2.81 2.98
Chat-UniVi [24] 65.0 3.6 54.6 31 2.89 2.91 3.46 2.89 2.81 2.99
LITA [16] - - - - 2.94 2.98 3.43 2.68 3.19 3.04
P-LLaVA-7B [70] 76.6 4.1 62.0 3.5 3.21 2.86 3.62 2.33 2.93 21122
ST-LLM [38] 74.6 3.9 63.2 34 3.23 3.05 3.74 2.93 2.81 3115
VideoGPT+ [45] - - - - 3:27 3.18 3.74 2.83 3.39 3.28
Elysium [59] 75.8 3.7 67.5 39 - - - - - -
Grounded-VideoLLLM [58] 76.3 4.1 60.3 3.6 3.34 2.94 3.66 3.12 3.14 3.24
LLaVA-ST | 759 4.1 | 59.0 335 | 3.29 3.18 3.80 29 3.41 | 3.32
Model ‘ Avg. | AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC FP CO EN ER (I
VideoChatGPT [44] S 235 260 620 225 265 540 28.0 400 23.0 200 31.0 30.5 255 395 485 290 33.0 295 26.0 355
VideoLLaMA [79] B4l 27.5 255 51.0 29.0 390 480 40.5 38.0 225 225 430 340 225 325 455 325 400 300 21.0 370
VideoChat [34] Bl 335 265 56.0 335 405 530 405 300 255 270 485 350 205 425 460 26.5 41.0 235 23.5 360
TimeChat [52] 38.5 |40.5 36.0 61.0 325 53.0 535 415 29.0 19.5 26.5 66.5 340 20.0 435 42.0 36.5 36.0 29.0 350 35.0
Video-LLaVA [79] 430 [ 460 425 56.5 39.0 53.5 530 48.0 41.0 29.0 31.5 825 45.0 260 53.0 415 335 415 275 38.5 315
P-LLaVA-7B [70] 46.6 | 58.0 49.0 55.5 41.0 610 56.0 61.0 36.0 23.5 260 82.0 39.5 420 52.0 450 42.0 535 30.5 48.0 31.0
VideoChat2 [35] 51.1 [66.0 475 83.5 49.5 60.0 58.0 71.5 42.5 23.0 23.0 88.5 39.0 420 585 44.0 49.0 36.5 350 40.5 655
ShareGPT4Video [5] S1EAN 405 395 79.5 40.0 545 825 545 325 505 415 845 355 625 750 51.0 255 46.5 285 39.0 515
ST-LLM [38] 549 [66.0 53.5 84.0 44.0 58.5 80.5 73.5 38.5 425 31.0 86.5 36.5 565 785 43.0 445 46,5 345 415 585
VideoGPT+ [45] 58.7169.0 60.0 83.0 48.5 66.5 855 755 36.0 44.0 340 89.5 395 71.0 90.5 45.0 53.0 50.0 29.5 44.0 60.0
Grounded-VideoLLM [58] | 59.4 | 76.0 75.5 77.0 48.0 67.5 855 77.0 345 395 59.5 86.5 44.5 60.5 79.0 51.5 49.0 46.0 350 425 54.0

LLaVA-ST

64.2 ] 770 69.0 91.5 50.0 68.5 935 84.5 40.0 445 495 93.0 440 77.5 975 41.0 57.0 56.5 37.0 49.0 63.0




Ablation Study

Mitkad RefCOCO (val) | ST-Align (STVG) | Charades-STA
g Acc@0.5 m,JoU  m,loU mloU

LLaVA-ST 89.6 435 21.0 38.5

w/o LAPE 88.7 42.1 17.9 36.1

w/o STP 89.2 42.0 18.2 35.5

Table 7. Ablation studies on LLaVA-ST modules.

Results for

REC, STVG, and TVG evaluated on RefCOCO, ST-Align, and
Charades-STA. The LAPE and STP modules significantly im-
prove LLaVA-ST performance.

Training Data RefCOCO (val) | ST-Align (STVG) | Charades-STA
ACC@0.5 m;loU  mgloU mloU
S.1+8S.3 88.4 37.5 16.6 33.3
S.1+(S.2+8S.3) 88.7 41.2 18.3 35.0
S1+S2+8.3 88.6 41.5 21.2 33.3

Table 9. Ablation study about training stage. (S.2 + S.3) indicates
mix training data of S.2 and S.3.

Training Data RefCOCO Charades-STA

T S T+S | val test-A test-B | R@0.3 R@0.5 mloU
v - - - 48.7 32:0 34.6

v o 89.8 925 851 32.9 34.1 32.3

v v v 896 921 85.1 58.0 39.8 38.5

Table 8. Ablation studies on training data. Results evaluated on
RefCOCO and Charades-STA for REC and TVG tasks. (T: Tem-
poral, S: Spatial, T+S: Spatial temporal interleaved data)

Model ST-Align (STVG) | Charades-STA
packer, packer, | token# | m;IoU  mgloU mloU
25x9x9 0 2025 36.2 8.3 8.8
0 100x5x5 | 2500 42.5 18.9 36.7
20x9x9  100x3x3 | 2520 43.5 21.0 38.5

Table 10. The ablation study about packer, and packer,. We dis-
play the feature resolutions of the outputs of packers and packer;
in spatial and temporal dimensions.



Quantitative Results

00:02 00:03 Time
4 @ B
~= Starts in 1.8s, can you identify the event about the object within the region [0.138, 0.302, 0.55,
L 0.848]? Where is the corresponding object located? )
~

‘% Ends in 2.5s, a child in orange pushes a toy on the beach. Object bounding box:
1.95:[0.172,0.384,0.535,0.828], 2.0s:[0.162,0.374,0.525,0.818], 2.25:[0.152,0.364,0.515,0.808],
2.35:[0.141,0.343,0.505,0.788], 2.4s:[0.131,0.323,0.495,0.768], 2.55:[0.121,0.303,0.485,0.747].

G

Figure 8. Visualized result of event localization and captioning.

00:03 00:05 Time
@ \
2 In the time range 3.3s5-4.5s, a child grabs a ball in the playground. Can you identify the position
of the corresponding subject/object within this video? )
<
(W Object bounding box: 3.3s:[0.424,0.393,0.545,0.737], 3.5s5:[0.414,0.383,0.535,0.727],
3.7s:[0.404,0.373,0.525,0.717], 3.9s:[0.393,0.363,0.515,0.707], 4.1s:[0.373,0.353,0.494,0.696],
¢ 4.3s5:[0.353,0.343,0.474,0.686], 4.55:[0.313,0.313,0.434,0.656]. )

Figure 9. Visualized result of spatial video grounding.

00:00 00:05 Time
4 N\
% At which time interval in the video can we see an adult in white clothes watches a fastest adult
occurring? Please describe the location of the corresponding subject/object in this video. ,
<
@ During the span of 0s-5s. Object bounding box: 0s:[0.464,0.141,0.606,0.919],
0.45:[0.464,0.141,0.606,0.920], 0.85:[0.464,0.142,0.617,0.919], 1.25:[0.464,0.141,0.606,0.920],...
4.4s:[0.474,0.143,0.610,0.905], 4.85:[0.476,0.142,0.616,0.919] )

Figure 7. Visualized result of spatial-temporal video grounding.

- - - -
N

00:36
( (@ﬁ When did the event 'person dressing by putting a jacket on' occur in the video?

v

00:43 Time

&=

[ w During the period 36.1s - 43.3s

Figure 10. Visualized result of temporal video grounding.



Quantitative Results
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e B
r@"u Please describe in detail the contents of the image.

] ] > Please respond with interleaved bounding boxes
00:13 00:21 Time L for the corresponding parts of the answer. )
[ ,»@\ What was going on within the time frame of 13s-21s in the video? ] N
wThe image shows a white dome-shaped camera

[0.313,0.212, 0.696,0.808] mounted on the wall.
There is also a red and white sign [0.262,0.909,

; 1. i i i A
\_ 0.636,1.000] below it, which reads "HIKEVISION Y,

[ w A woman is doing yoga on a mat with a sign that says "spread your legs."

Figure 11. Visualized result of temporal referring.

- ™
(@\I Please describe in detail the contents of the image.
Please respond with interleaved bounding boxes

for the corresponding parts of the answer.

ot ™\ B
r@’\ Where is catcher situated within ( g What object can be observed . 4
' this image? ithi i S
i J ;”';:;"Ot ';Z;’?'°;[°.'3’°‘Ois' @A woman [0.434,0.000,0.868,1.000] is sitting in a
.724,0. in the image? 0
( w The location of the catcher is ) ~ . field of green grass [0.000,0.242,1.000,1.000].
[0.484,0.414,0.757,0.969] [ * banana on top ] She is holding three sunflowers
" : N R N [0.515,0.505,0.797,0.989] and wearing a white
2 Where is bowl of carrots g What object can be observed
situated within this image? ) ; within the region [0.33,0.038, ‘ dress [0.525,0.393,0.858,1.000]. The sunflowers
y ~N | 0.904,0.916] in the image? ) ’ k are in her arms, creating a beautiful scene. /
? It appears at
[0.242,0.333,0.949,0.989) .. [ Y the zebra in the back ]

Figure 12. Visualized result of dense grounded captioning.

Figure 13. Referring expression comprehension and region caption visualize result.



Quantitative Results

9
=

-

Can you describe the video in detail?

¢

|\

Sure, the video shows a man sitting in a chair and watching TV. He is wearing a white shirt and black pants. The TV\
is placed on a stand next to him, and there are two chairs facing it. The room has a pink wall with a window that
lets in natural light. There is also a staircase behind the man. The man seems to be engrossed in the TV show, and
he is not moving much. The lighting in the room is bright, and the colors of the furniture and walls are muted.
Overall, the video depicts a peaceful scene of a man enjoying his favorite TV show while relaxing in a comfortable
setting.

-

Where is the scene in the video?

N

|| Jo

The scene in the video is set in a living room.

0

Can you write a short poem inspired from the video?

Sure, here's a short poem inspired from the video:
A man in a chair,

Watching TV with ease,

Relaxing and enjoying,

His favorite show!

Figure 14. Example for multi-turn open-ended video QA of LLaVA-ST.




Quantitative Results

00:05 00:10

s B
r@\ What is the man in the video doing?

(g 2\
ﬁ The man in the video is seen standing in a room and picking up various objects. He then proceeds

g to put them on a table while still watching TV

J

{ @ 2
~— When does the man take the cup?
ﬁ During the period 5.15-10.25
(@’\ When does he tidies up the books on the desk?

‘
39 During the period

o J

Figure 15. Example for multi-turn open-ended video QA of LLaVA-ST.
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