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Abstract
Enabling large language models (LLMs) to ef-001
fectively process long videos is essential for002
advancing multimodal large language mod-003
els (MLLMs). While current general-purpose004
MLLMs can handle short video clips, they of-005
ten struggle with longer videos, typically fail-006
ing to capture crucial information in videos007
over one minute. This challenge arises pri-008
marily from over-compression, where the en-009
coded video representations are inadequate to010
fully represent the entire video. To address this,011
we introduce Long Video Chat (LVCHAT), a012
novel approach focused on long video under-013
standing with MLLMs. In LVCHAT, we pro-014
pose Frame-Scalable Encoding (FSE) to en-015
code global video information, dynamically ad-016
justing the number of video embeddings based017
on video duration to prevent over-compression.018
Additionally, we introduce Interleaved Frame019
Encoding (IFE), which interleaves multiple020
video embedding groups with shared positional021
embeddings across these groups. Experimental022
results show that LVCHAT significantly outper-023
forms baselines in long-video QA and caption-024
ing tasks. Code and data will be made available025
upon publication.026

1 Introduction027

Recent efforts have focused on enhancing the mul-028

timodal capabilities of large language models, ex-029

tending their power beyond text to other modal-030

ities (Touvron et al., 2021; Bao et al., 2021; He031

et al., 2022; Hassid et al., 2023; Borsos et al., 2023;032

Sicherman and Adi, 2023). Given that video is a033

unique medium through which humans perceive034

the real world (Li et al., 2023), there is growing035

interest in advancing multimodal large language036

models (MLLMs) to better understand videos. No-037

table examples include VideoChat (Li et al., 2023),038

VideoChatGPT (Maaz et al., 2023), and VideoL-039

lama (Zhang et al., 2023b).040

While previous works demonstrate promising041

results on short videos, improving their perfor-042

Figure 1: An illustration from the long-video caption-
ing task using the TACoS dataset (Rohrbach et al.,
2014). The video is 671 seconds long. We highlight
two keyframes, each with its corresponding timestamp
and human-annotated caption. The term “V-E” refers to
Video Embeddings. Our method, LVCHAT, leverages
significantly more video embeddings compared to other
approaches. This increased embedding density allows
LVCHAT to generate detailed and accurate descriptions,
in contrast to other methods that either miss critical in-
formation (marked in yellow) or produce hallucinated
content (marked in red).

mance on videos longer than one-minute is ob- 043

served to be challenging (Li et al., 2023). We 044

believe (and empirically prove it in our experi- 045

ments) that the inability to comprehend long videos 046

comes from the over-compression of video con- 047

tent. For example, VideoChat (Li et al., 2023) 048

and Video-Llama (Zhang et al., 2023b) convert 049

entire video into a fixed number of video embed- 050

dings, regardless of the video’s duration, result- 051

ing in inadequate representations, especially for 052

longer videos (e.g., over 600 seconds). VideoChat- 053

GPT (Maaz et al., 2023) compresses video content 054

by using 256 global video embeddings along with 055

one embedding per frame, which also suffers from 056

over-compression as video length increases. As 057

shown in Figure 1, these models struggle to main- 058

tain promising performance with long video. 059

To address this challenge, we propose LVCHAT, 060

a novel framework for long-video understand- 061

ing that comprises two key components: Frame 062
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Scalable Encoding (FSE) and Interleaved Frame063

Encoding (IFE). To mitigate the issue of over-064

compression, we design FSE, a new global feature065

extraction strategy that down-samples the entire066

video into a primary frame group, with the number067

of video embeddings in this group scaling with the068

video’s length (T ). To extract more detailed infor-069

mation from the video, we introduce IFE, which070

shifts the frames within the primary group to cre-071

ate multiple augmented video groups. Each group072

is processed by FSE to generate augmented sets073

of video embeddings. These embeddings are then074

interleaved and fed into the language model, with075

shared positional embeddings across groups. We076

evaluate LVCHAT on long video question answer-077

ing (MVBench and EgoSchema) and caption gener-078

ation (TACoS) tasks, where LVCHAT outperforms079

baselines by up to 27% in accuracy on video QA080

and 25% in ROUGE score on caption generation,081

demonstrating its effectiveness in long video under-082

standing.083

2 Related Work084

Video Question Answering (VideoQA) VideoQA085

aims to evaluate the model’s ability to under-086

stand videos. Typical works pretrain a video-text087

model and perform a successive fine-tuning on088

VideoQA (Zellers et al., 2021; Bain et al., 2021;089

Miech et al., 2019; Wang et al., 2022; Fu et al.,090

2021; Zeng et al., 2022; Li et al., 2022; Yu et al.,091

2023). These works are focused specifically on QA092

tasks, which may limit the applications of these093

models in real-world scenarios. In contrast, multi-094

modal large language models are general-purpose095

models suitable for various applications.096

Multimodal Large Language Models(MLLMs)097

Some works adopt image captioning models to098

generate captions for each frame to convert the099

video into text, which could serve as the input to100

the large language models (Wang et al., 2023a; Li101

et al., 2023). These methods depend heavily on the102

captioning models and may pose problems when103

information beyond text descriptions exists in the104

video. Another trend introduces adapters to convert105

the visual information into representations in the106

text embedding space, which spans from image107

domain (Luo et al., 2022; Chen et al., 2022; Zhu108

et al., 2023; Liu et al., 2023) to video domain (Li109

et al., 2023; Maaz et al., 2023; Zhang et al., 2023b;110

Yang et al., 2022; Li et al., 2024a).111

3 Method 112

3.1 Preliminary of MLLMs 113

Given a video V = [Ii]i=1,2,··· ,F consisting of F 114

seconds, we sample F frames in the video. Then an 115

MLLM first uses a video encoder fvid to convert 116

the video into a list of video embeddings E = 117

fvid(V) within the word embedding space of the 118

language model fllm. The language model then 119

generates an output (e.g., the answer to a question 120

in video QA task), given the video embeddings and 121

a text query W (e.g., the question about the video): 122

output = fllm(E,W). 123

In existing works, video embeddings E are typ- 124

ically too few relative to the number of frames, 125

causing over-compression (as shown in Figure 1). 126

Therefore, we propose LVCHAT, which includes 127

Frame-Scalable Encoding (FSE) and Interleaved 128

Frame Encoding (IFE). 129

3.2 FSE: Encode Global Information 130

FSE is designed to encode global information from 131

a long video into a scalable set of video embed- 132

dings, with the number of embeddings increasing 133

as the video lengthens. 134

As shown in Figure 2, the video V is first 135

down-sampled by a factor γ into the primary 136

group, resulting in a sequence of L frames 137

([I1, I1+γ , I1+2γ , · · · IL], where L = ⌈T/γ⌉). 138

These L frames are then segmented into n clips 139

([C1, · · · ,Cn]), each containing K frames, with 140

K as a hyper-parameter and n = ⌈L/K⌉. Each 141

clip is encoded into a fixed number of embeddings 142

using the video encoder in the MLLM (we use 143

N = 96 following Li et al. (2023)): 144

E1, · · · ,En = fvid(C1), · · · , fvid(Cn). (1) 145

Here, Ei ∈ RN×d represent the N embeddings for 146

the i-th clip (i ∈ {1, · · · , n}). After concatenating 147

these embeddings, we obtain EFSE
1 ∈ R(n∗N)×d, 148

corresponding to the FSE embeddings of the pri- 149

mary group. Since this group starts from the first 150

frame, we denote it as EFSE
1 . In IFE, where groups 151

start from different frames, we use EFSE
j to indi- 152

cate the FSE embeddings for the group starting at 153

the j-th frame. As the video length (T ) increases, 154

more clips are obtained (n increases), resulting in 155

a larger number of video embeddings. This expan- 156

sion helps mitigate the risk of over-compression. 157

To enable the MLLM to understand these video 158

embeddings, we finetune it using the FSE strategy. 159
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Figure 2: Illustration of Interleaved Frame Encoding (IFE) with a down-sample factor of γ = 2. First, the entire
video is downsampled by γ = 2 to create the primary group, on which FSE is applied to produce EFSE

1 (shown in
orange). In IFE, the primary group is augmented by shifting the frames by 1 second, followed by FSE again. The
embeddings from both groups are then interleaved, with embeddings in each group sharing the same positional IDs.

3.3 IFE: Augment to Provide More Details160

While the primary EFSE
1 embeddings cover the161

whole video, they can be sparse and lose finer162

details. To address this, we propose IFE, which163

shifts the frames in the primary group by a small164

interval (e.g., 1 sec) and repeats the downsampling165

process, generating a new group of frames (e.g.,166

[I2, I2+γ , · · · ]). We then apply FSE to this new167

group to produce a new set of video embeddings168

(e.g., EFSE
2 ). By shifting the frames (γ− 1) times,169

we obtain (γ − 1) additional sets of video embed-170

dings {EFSE
2 , · · · ,EFSE

γ }, which augment the pri-171

mary EFSE
1 and provide comprehensive coverage172

of all frames in the video.173

To feed these embeddings into fllm, we assign174

the same position ids [1, · · · , N ∗ n] to each group175

(as noted in Section 3.2, each group contains N ∗n176

embeddings). This approach is based on the in-177

tuition that embeddings within each group share178

similar temporal orders, and embeddings across179

different groups with the same positions are also180

temporally aligned. When inputting these embed-181

dings into the language model, we interleave the182

embeddings from each group, reorganizing them183

according to their positional ids to ensure they are184

processed in the correct temporal order (as illus-185

trated in Figure 2). The IFE strategy intuitively186

adds more detail on top of FSE, addressing the187

potential sparsity of FSE embeddings. 188

4 Experiments 189

4.1 Experimental Setups 190

We use VideoChat2 (Li et al., 2023) as the back- 191

bone of LVCHAT and conduct training with FSE 192

(see more training details in Appendix §C.1). We 193

compare LVCHAT with VideoChat2 (Li et al., 194

2023), Video-Llama (Zhang et al., 2023b), Video- 195

ChatGPT (Maaz et al., 2023), LLoVi (Zhang et al., 196

2023a). We refer the readers to Appendix § C.2 for 197

more details about these baselines. 198

Evaluation Benchmarks We evaluate LVCHAT 199

on the following long-video QA and caption gen- 200

eration tasks: (1) MVBench-Extended: we take 201

MVBench (Li et al., 2024b) and extend its orig- 202

inal videos by concatenating distracting videos 203

from Ramachandra and Jones (2020) to 100s, 300s, 204

and 600s. (2) EgoSchema (Mangalam et al., 205

2023): a long video QA dataset with an average 206

length of 180s, derived from Ego4D (Grauman 207

et al., 2022). We use the official validation set 208

with publicly released answers for evaluation. (3) 209

TACoS (Rohrbach et al., 2014): a long-video cap- 210

tion generation dataset whose videos are 287s on 211

average with human-annotated captions of critical 212

timestamps in the video. We use OpenAI’s GPT- 213

4 (OpenAI, 2024) to generate a reference summary 214
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AS AP UA OI
100s 300s 600s 100s 300s 600s 100s 300s 600s 100s 300s 600s

VideoChatGPT 30 27.5 26 23 25.5 27 34 28 30 27.5 26 26.5
VideoLlama 24 25.5 23.5 23.5 23.5 25 39 38 37.5 27 26 26
VideoChat2 38.5 30.5 28.5 33 29 23 46.5 45 41.5 57.5 39.5 38.5

LVCHAT w/o IFE - 41 34.5 - 38.5 30.5 - 38.5 38.5 - 47 46
LVCHAT 53.5 42.5 37 45.5 37.5 34 47 37 38.5 66 52.5 48.5

Table 1: Results on QA datasets extended from MVBench. The interleaving factor γ is set to be 2 for videos of
length 5 min and 4 for videos of length 10 min. All models are evaluated using MVBench’s protocol.

Rouge1 Rouge2 RougeL RougeSum

VideoLlama 0.269 0.0490 0.196 0.193
VideoChatGPT 0.263 0.0567 0.188 0.188
VideoChat2 0.261 0.0675 0.195 0.196
LVCHAT 0.360 0.0920 0.244 0.246

Table 2: Evaluation on long-video caption generation
dataset TACoS (Average 287s). Bold: best results.

from the labeled captions and conduct the human215

inspection. We report ROUGE scores on its official216

dataset. For more details on each dataset, please217

refer to §C.5 and §C.6.218

4.2 Comparisons on MVBench-Extended219

We report the QA performance of various mod-220

els on MVBench-extended across different video221

lengths in Table 1. The results indicate that222

LVCHAT consistently outperforms previous meth-223

ods on nearly all datasets and in almost all settings,224

demonstrating its superior ability to extract critical225

information from videos, even those up to 600 sec-226

onds long. Additionally, we present results without227

the IFE strategy, where a noticeable performance228

drop occurs, highlighting the effectiveness of IFE.229

4.3 Comparisons on TACoS and EgoSchema230

In this section, we evaluate the performance of231

LVCHAT on two datasets, EgoSchema and TACoS,232

both of which feature naturally long videos. For233

TACoS caption generation task, all models gener-234

ate up to 100 new tokens using greedy search, and235

the results are reported using the ROUGE score in236

Table 2. For EgoSchema QA task, we maintain the237

same settings and report the accuracy in Figure 3.238

It’s important to note that our focus is on zero-shot239

performance. As shown in the tables, LVCHAT out-240

performs all other baselines by a significant margin.241

We provide the case study in Table 1, where we242

demonstrate that existing methods either fail to cap-243

ture detailed information in contiguous frames or244

suffer from hallucinations, whereas LVCHAT effec-245

tively captures correlations within the long video,246

providing detailed and accurate descriptions. 247

VideoLlama 28.4
VideoChatGPT 26.0
VideoChat2 50.0
LLoVi 51.2

LVChat 55.4

Figure 3: Accuracy on
EgoSchema.
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Figure 4: Comparison
with different lengths.

4.3.1 Ablation Study 248

We present an ablation study on the impact of FSE 249

and IFE in LVCHAT, with VideoChat2 as our back- 250

bone model. We evaluated various model variants 251

on videos ranging from 100 to 600 seconds in 252

length, reporting the average accuracy on OI and 253

AS. The downsample factor γ varies from 1 to 6 254

as the video length increases from 100 to 600 sec- 255

onds. When IFE is not enabled, only the primary 256

group with 96 video embeddings is used. However, 257

with IFE enabled, we interleave multiple groups of 258

embeddings. For example, videos of 600 seconds 259

are downsampled into 6 groups, with the positional 260

IDs of the obtained video embeddings repeated 6 261

times across all groups. As shown in Figure 4, 262

there is a clear trend: incorporating FSE signifi- 263

cantly enhances the model’s capability to handle 264

long videos, and as video length increases, the ad- 265

ditional benefit of IFE augmentation becomes even 266

more pronounced. 267

5 Conclusion 268

In this study, we introduced LVCHAT, a novel 269

approach for long video understanding, consist- 270

ing of Frame-Scalable Encoding (FSE) and Inter- 271

leaved Frame Encoding (IFE) to deal with the over- 272

compression problem. We evaluated LV-Chat’s 273

performance in long-video qustion answering and 274

captioning tasks. The experimental results demon- 275

strate that LVCHAT consistently surpasses previous 276

methods on videos with varying lengths. 277
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6 Limitations278

One limitation is that LVCHAT uses VideoChat2 as279

the backbone model, whose LLM inside is Vicuna-280

7B-v1.0. We acknowledge that there are LLMs281

that are more advanced such as Vicuna-7B-v1.5,282

released during the development of LVCHAT. We283

plan to update the backbone in LVCHAT by training284

more advanced LLMs or at larger size, to further285

boost the long-video understanding capabilities of286

LVCHAT.287

References288

Max Bain, Arsha Nagrani, Gül Varol, and Andrew Zis-289
serman. 2021. Frozen in time: A joint video and290
image encoder for end-to-end retrieval. In ICCV.291

Hangbo Bao, Li Dong, Songhao Piao, and Furu Wei.292
2021. Beit: Bert pre-training of image transformers.293
In International Conference on Learning Representa-294
tions.295

Zalán Borsos, Raphaël Marinier, Damien Vincent,296
Eugene Kharitonov, Olivier Pietquin, Matt Shar-297
ifi, Dominik Roblek, Olivier Teboul, David Grang-298
ier, Marco Tagliasacchi, et al. 2023. Audiolm: a299
language modeling approach to audio generation.300
IEEE/ACM Transactions on Audio, Speech, and Lan-301
guage Processing.302

Jun Chen, Han Guo, Kai Yi, Boyang Li, and Mohamed303
Elhoseiny. 2022. Visualgpt: Data-efficient adaptation304
of pretrained language models for image captioning.305
In CVPR, pages 18009–18019. IEEE.306

Tsu-Jui Fu, Linjie Li, Zhe Gan, Kevin Lin,307
William Yang Wang, Lijuan Wang, and Zicheng308
Liu. 2021. Violet: End-to-end video-language trans-309
formers with masked visual-token modeling. arXiv310
preprint arXiv:2111.12681.311

Kristen Grauman, Andrew Westbury, Eugene Byrne,312
Zachary Chavis, Antonino Furnari, Rohit Girdhar,313
Jackson Hamburger, Hao Jiang, Miao Liu, Xingyu314
Liu, Miguel Martin, Tushar Nagarajan, Ilija Ra-315
dosavovic, Santhosh Kumar Ramakrishnan, Fiona316
Ryan, Jayant Sharma, Michael Wray, Mengmeng Xu,317
Eric Zhongcong Xu, Chen Zhao, Siddhant Bansal,318
Dhruv Batra, Vincent Cartillier, Sean Crane, Tien319
Do, Morrie Doulaty, Akshay Erapalli, Christoph Fe-320
ichtenhofer, Adriano Fragomeni, Qichen Fu, Abrham321
Gebreselasie, Cristina González, James Hillis, Xuhua322
Huang, Yifei Huang, Wenqi Jia, Weslie Khoo,323
Jáchym Kolár, Satwik Kottur, Anurag Kumar, Fed-324
erico Landini, Chao Li, Yanghao Li, Zhenqiang Li,325
Karttikeya Mangalam, Raghava Modhugu, Jonathan326
Munro, Tullie Murrell, Takumi Nishiyasu, Will327
Price, Paola Ruiz Puentes, Merey Ramazanova, Leda328
Sari, Kiran Somasundaram, Audrey Southerland,329
Yusuke Sugano, Ruijie Tao, Minh Vo, Yuchen Wang,330
Xindi Wu, Takuma Yagi, Ziwei Zhao, Yunyi Zhu,331

Pablo Arbeláez, David Crandall, Dima Damen, Gio- 332
vanni Maria Farinella, Christian Fuegen, Bernard 333
Ghanem, Vamsi Krishna Ithapu, C. V. Jawahar, Han- 334
byul Joo, Kris Kitani, Haizhou Li, Richard A. New- 335
combe, Aude Oliva, Hyun Soo Park, James M. Rehg, 336
Yoichi Sato, Jianbo Shi, Mike Zheng Shou, Anto- 337
nio Torralba, Lorenzo Torresani, Mingfei Yan, and 338
Jitendra Malik. 2022. Ego4d: Around the world in 339
3, 000 hours of egocentric video. In CVPR, pages 340
18973–18990. IEEE. 341

Michael Hassid, Tal Remez, Tu Anh Nguyen, Itai Gat, 342
Alexis Conneau, Felix Kreuk, Jade Copet, Alexan- 343
dre Defossez, Gabriel Synnaeve, Emmanuel Dupoux, 344
et al. 2023. Textually pretrained speech language 345
models. arXiv preprint arXiv:2305.13009. 346

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Pi- 347
otr Dollár, and Ross Girshick. 2022. Masked autoen- 348
coders are scalable vision learners. In Proceedings 349
of the IEEE/CVF conference on computer vision and 350
pattern recognition, pages 16000–16009. 351

Dongxu Li, Junnan Li, Hongdong Li, Juan Carlos 352
Niebles, and Steven CH Hoi. 2022. Align and 353
prompt: Video-and-language pre-training with en- 354
tity prompts. In CVPR. 355

Feng Li, Renrui Zhang, Hao Zhang, Yuanhan Zhang, 356
Bo Li, Wei Li, Zejun Ma, and Chunyuan Li. 2024a. 357
Llava-next-interleave: Tackling multi-image, video, 358
and 3d in large multimodal models. arXiv preprint 359
arXiv:2407.07895. 360

KunChang Li, Yinan He, Yi Wang, Yizhuo Li, Wen- 361
hai Wang, Ping Luo, Yali Wang, Limin Wang, and 362
Yu Qiao. 2023. Videochat: Chat-centric video under- 363
standing. arXiv preprint arXiv:2305.06355. 364

Kunchang Li, Yali Wang, Yinan He, Yizhuo Li, 365
Yi Wang, Yi Liu, Zun Wang, Jilan Xu, Guo 366
Chen, Ping Luo, Limin Wang, and Yu Qiao. 2024b. 367
Mvbench: A comprehensive multi-modal video un- 368
derstanding benchmark. 369

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae 370
Lee. 2023. Visual instruction tuning. arXiv preprint 371
arXiv:2304.08485. 372

Ziyang Luo, Yadong Xi, Rongsheng Zhang, and Jing 373
Ma. 2022. VC-GPT: visual conditioned GPT for end- 374
to-end generative vision-and-language pre-training. 375
CoRR, abs/2201.12723. 376

Muhammad Maaz, Hanoona Rasheed, Salman Khan, 377
and Fahad Shahbaz Khan. 2023. Video-chatgpt: 378
Towards detailed video understanding via large 379
vision and language models. arXiv preprint 380
arXiv:2306.05424. 381

Karttikeya Mangalam, Raiymbek Akshulakov, and Ji- 382
tendra Malik. 2023. Egoschema: A diagnostic bench- 383
mark for very long-form video language understand- 384
ing. In Thirty-seventh Conference on Neural Informa- 385
tion Processing Systems Datasets and Benchmarks 386
Track. 387

5

http://arxiv.org/abs/2311.17005
http://arxiv.org/abs/2311.17005
http://arxiv.org/abs/2311.17005
https://openreview.net/forum?id=JVlWseddak
https://openreview.net/forum?id=JVlWseddak
https://openreview.net/forum?id=JVlWseddak
https://openreview.net/forum?id=JVlWseddak
https://openreview.net/forum?id=JVlWseddak


Antoine Miech, Dimitri Zhukov, Jean Baptiste Alayrac,388
Makarand Tapaswi, Ivan Laptev, and Josef Sivic.389
2019. Howto100m: Learning a text-video embed-390
ding by watching hundred million narrated video391
clips. In ICCV.392

OpenAI. 2024. ChatGPT (4) [Large language model].393
https://chat.openai.com.394

Bharathkumar Ramachandra and Michael Jones. 2020.395
Street scene: A new dataset and evaluation proto-396
col for video anomaly detection. In Proceedings of397
the IEEE/CVF Winter Conference on Applications of398
Computer Vision, pages 2569–2578.399

Anna Rohrbach, Marcus Rohrbach, Wei Qiu, An-400
nemarie Friedrich, Manfred Pinkal, and Bernt401
Schiele. 2014. Coherent Multi-sentence Video De-402
scription with Variable Level of Detail, page 184–195.403
Springer International Publishing.404

Amitay Sicherman and Yossi Adi. 2023. Analysing dis-405
crete self supervised speech representation for spo-406
ken language modeling. In ICASSP 2023-2023 IEEE407
International Conference on Acoustics, Speech and408
Signal Processing (ICASSP), pages 1–5. IEEE.409

Hugo Touvron, Matthieu Cord, Matthijs Douze, Fran-410
cisco Massa, Alexandre Sablayrolles, and Hervé Jé-411
gou. 2021. Training data-efficient image transform-412
ers & distillation through attention. In International413
conference on machine learning, pages 10347–10357.414
PMLR.415

Alex Jinpeng Wang, Yixiao Ge, Rui Yan, Yuying Ge,416
Xudong Lin, Guanyu Cai, Jianping Wu, Ying Shan,417
Xiaohu Qie, and Mike Zheng Shou. 2022. All in one:418
Exploring unified video-language pre-training. arXiv419
preprint arXiv:2203.07303.420

Junke Wang, Dongdong Chen, Chong Luo, Xiyang Dai,421
Lu Yuan, Zuxuan Wu, and Yu-Gang Jiang. 2023a.422
Chatvideo: A tracklet-centric multimodal and ver-423
satile video understanding system. arXiv preprint424
arXiv:2304.14407.425

Yi Wang, Yinan He, Yizhuo Li, Kunchang Li, Jiashuo426
Yu, Xin Ma, Xinhao Li, Guo Chen, Xinyuan Chen,427
Yaohui Wang, et al. 2023b. Internvid: A large-scale428
video-text dataset for multimodal understanding and429
generation. arXiv preprint arXiv:2307.06942.430

Junbin Xiao, Xindi Shang, Angela Yao, and Tat-Seng431
Chua. 2021. Next-qa: Next phase of question-432
answering to explaining temporal actions. In CVPR,433
pages 9777–9786. Computer Vision Foundation /434
IEEE.435

Antoine Yang, Antoine Miech, Josef Sivic, Ivan Laptev,436
and Cordelia Schmid. 2022. Zero-shot video ques-437
tion answering via frozen bidirectional language mod-438
els. In NeurIPS.439

Kexin Yi, Chuang Gan, Yunzhu Li, Pushmeet Kohli, Jia-440
jun Wu, Antonio Torralba, and Joshua B. Tenenbaum.441
2020. CLEVRER: collision events for video repre-442
sentation and reasoning. In ICLR. OpenReview.net.443

Shoubin Yu, Jaemin Cho, Prateek Yadav, and Mohit 444
Bansal. 2023. Self-chained image-language model 445
for video localization and question answering. In 446
NeurIPS. 447

Rowan Zellers, Ximing Lu, Jack Hessel, Youngjae Yu, 448
Jae Sung Park, Jize Cao, Ali Farhadi, and Yejin Choi. 449
2021. Merlot: Multimodal neural script knowledge 450
models. In NeurIPS. 451

Yan Zeng, Xinsong Zhang, Hang Li, Jiawei Wang, 452
Jipeng Zhang, and Wangchunshu Zhou. 2022. X2- 453
vlm: All-in-one pre-trained model for vision- 454
language tasks. arXiv preprint arXiv:2211.12402. 455

Ce Zhang, Taixi Lu, Md Mohaiminul Islam, Ziyang 456
Wang, Shoubin Yu, Mohit Bansal, and Gedas 457
Bertasius. 2023a. A simple LLM framework 458
for long-range video question-answering. CoRR, 459
abs/2312.17235. 460

Hang Zhang, Xin Li, and Lidong Bing. 2023b. Video- 461
llama: An instruction-tuned audio-visual language 462
model for video understanding. arXiv preprint 463
arXiv:2306.02858. 464

Deyao Zhu, Jun Chen, Xiaoqian Shen, Xiang Li, and 465
Mohamed Elhoseiny. 2023. Minigpt-4: Enhancing 466
vision-language understanding with advanced large 467
language models. arXiv preprint arXiv:2304.10592. 468

6

https://chat.openai.com
https://doi.org/10.1007/978-3-319-11752-2_15
https://doi.org/10.1007/978-3-319-11752-2_15
https://doi.org/10.1007/978-3-319-11752-2_15


A Notations469

All the notations are provided in Table 3.

Symbols Meanings

T duration
F total number of frames
K number of frames in one clip
N number of tokens per clip
Fs number of sampled frames
n number of clips
nm max number of clips
γ number of interleaved times
ni number of clips in interleaved setting

Table 3: Notations

470

B Additional Experimental Results471

B.1 Model performance on all subsets of472

MVBench473

Table 6 shows the results on the original MVBench474

and Table 7 shows the results on the augmented475

MVBench with Street-Scene.476

B.2 Additional Ablation Study of IFE477

As shown in Figure 2, we interleave the embed-478

dings encoded from different clips. A more straight-479

forward way is shown in Figure 5. However, this480

strategy shows inferior performance compared to481

IFE, with the results shown in Table 4. We provide482

some potential insights behind the table: Imagine483

there are eight frames in total, and IFE encoding484

would be split them into [1,2,1,2,1,2,1,2], where485

“1” and “2” refer to the indices of two groups. The486

other strategy in Figure 5 would be [1,1,1,1,2,2,2,2].487

Then the major reason may lie in the positional en-488

coding. When inputted into the language model,489

the positional encoding would be [1,1,2,2,3,3,4,4].490

Then for the IFE split, all the frames in group one491

would have the positional encoding [1,2,3,4], with492

the same case for group two. Whereas for the other493

strategy, the positional encoding for the first group494

is [1,1,2,2], and for the second group, the positional495

encoding would be [3,3,4,4]. Note that during496

FSE training, the model has only seen the embed-497

dings equipped with positional encoding [1,2,3,4],498

thus the positional encodings such as [1,1,2,2] and499

[3,3,4,4] may potentially make the model confused500

and yield inferior performances.501

B.3 Case Study 502

We compare LVCHAT against the baselines on the 503

TACoS and show two cases in Table 5. For each 504

video, we choose two representative scenes and 505

match them with the captions from the TACoS. 506

In many cases, VideoChatGPT and VideoChat2 507

can only summarize the whole video in one sen- 508

tence without any further detail. While VideoL- 509

lama generates longer answers generally, it often 510

has strong hallucinations on the details of the video 511

and gives far-off descriptions. In contrast, our 512

model captures much more detail, including the 513

actions of the subject and the environment where 514

the video was shot. Intuitively this is due to the use 515

of more embeddings (as shown in the captions of 516

Table 5) in LVCHAT. In the cases we show, we also 517

highlight the correct action descriptions that these 518

models generate. All three baselines fail to cor- 519

rectly capture the actions of the person from both 520

two scenes while LVCHAT succeeds in describing 521

both. LVCHAT benefits from longer encodings us- 522

ing FSE; and with the IFE technique, even more 523

frames can be compressed into encodings of lim- 524

ited lengths. 525

C Experiment Settings 526

C.1 Additional Implementation Details 527

We initialize our model from VideoChat2 (Li 528

et al., 2023). For LVCHAT, we use the equation 529

n = ⌈T/K⌉ to determine the number of frames 530

to sample, and encode every K frames into N 531

embeddings, where K = 16, N = 96. During 532

the training, we specify nm = 10. Thus if the 533

video length T is shorter than nm ∗ K = 160, 534

we do not need IFE and only FSE is turned on, 535

whereas if the video length T is longer than 160, 536

we determine the interleaving factor γ with γ = 537

⌈⌈T/K⌉/nm⌉ and then perform the IFE process. 538

We set the learning rate as 2e-6, with warmup 539

epochs=0.3, num_epochs=1, scheduler=cos, op- 540

timizer=AdamW. The fine-tuning is performed on 541

4 NVIDIA-RTX-A6000 GPUs. For FSE, we fine- 542

tune our model on the instruction dataset collected 543

for training VideoChat2 (Li et al., 2023) with the 544

detailed datasets shown in Appendix §C.3. We use 545

evaluate package to calculate ROUGE score for 546

TACoS dataset. 547

C.2 Links to the baselines 548

We put the details and the links to the baselines as 549

below: 550

7



Figure 5: A more straightforward encoding strategy to allow longer context input to the LLM.

300s 600s
AS AP UA OI AS AP UA OI

LVCHAT 42.5 38.5 37 52.5 37 34 38.5 48.5
LVCHAT (IFE replaced) 31 35.5 39 48 31 35 33.5 43

Table 4: Ablation study of IFE. “(IFE replaced)" means using the encoding strategy in Figure 5. Bold: best results.

VideoChat2 (Li et al., 2023): The backbone of551

our model without FSE and IFE. We follow the552

implementation in VideoChat2 and sample 16553

frames from the given video regardless of the554

video length. The link is https://github.555

com/OpenGVLab/Ask-Anything/blob/556

main/video_chat2/mvbench.ipynb557

Video-Llama (Zhang et al., 2023b): We exclude558

the audio modality here for fair comparison. Fol-559

lowing the setting from the original implementation560

model, we use the Video-LLaMA-2-7B-Finetuned561

checkpoint and sample 16 frames from each562

video. The link is https://github.com/563

DAMO-NLP-SG/Video-LLaMA564

Video-ChatGPT (Maaz et al., 2023): We use565

the same setup as in the official demo and566

samples 100 frames from each video. The link567

is https://github.com/mbzuai-oryx/568

Video-ChatGPT/blob/main/docs/569

offline_demo.md570

LLoVi (Zhang et al., 2023a): (On EgoSchema571

benchmark) A framework that can generate572

dense captions for short video clips, where the573

captions are aggregated for long videos to be574

inputted into LLMs. We report the results in the575

paper (Zhang et al., 2023a) with Captioner being 576

LaViLa and LLM being GPT-3.5-Turbo. the link is 577

https://github.com/CeeZh/LLoVi 578

C.3 Instruction Tuning Dataset Details 579

To fine-tune our model with FSE, we adopt the 580

dataset collected by VideoChat2 (Li et al., 2023), 581

where there is 1.9M video instruction data in to- 582

tal1. However, due to that some datasets are not 583

accessible, we use a subset of this dataset: 584

• VideoChat (Li et al., 2023), collected from 585

InternVid (Wang et al., 2023b). 586

• VideoChatGPT (Maaz et al., 2023), the origi- 587

nal caption data is converted into conversation 588

data by (Li et al., 2023). 589

• NExTQA (Xiao et al., 2021), a multi-choice 590

question answering dataset. 591

• CLEVRER (Yi et al., 2020), an action predic- 592

tion, multi-choice question answering dataset. 593

1https://github.com/OpenGVLab/
Ask-Anything/blob/main/video_chat2/DATA.
md
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Captioned scenes Results

He cut off ends of cucumbers.

He put cucumber on plate.

LVCHAT: “The video shows a man standing in a kitchen and cutting a
cucumber on a cutting board. He then places the cucumber on a plate and
walks away. The kitchen has a counter with a sink and a refrigerator. The
man is wearing a black shirt and is standing in front of a black and white
fridge. The video is shot from an overhead angle, giving a bird’s eye view of
the kitchen...”

VideoChatGPT: “The video shows a person cutting vegetables on a counter-
top in a kitchen.”

VideoChat2: “The video shows a man cutting a cucumber on a cutting
board.”

VideoLlama: “1. A man is standing in a kitchen with a black countertop and
a wooden table. 2. He is wearing a black shirt and a black jacket. 3. He is
preparing food in the kitchen. 4. He is using a knife to cut a piece of meat. 5.
He is cutting the meat on a cutting board. 6. He is using a spoon to stir the
food. 7. He is standing in the kitchen”

The man slices the broad beans.

The man continues to stir the beans as
they cook.

LVCHAT: “In the video, we see a man standing in a kitchen and preparing
food. He is wearing a blue shirt and a white scarf around his neck. He is
cutting vegetables on a cutting board and placing them in a pan. He then adds
some oil to the pan and starts cooking the vegetables. The man is standing in
front of a counter with a black and white marble top. There is a microwave
oven on the counter, and a white bowl...”

VideoChatGPT: “In the video, a woman is standing in a kitchen and preparing
food. She is using a knife to chop vegetables on a cutting board, and she is
also using a spoon to stir something in a bowl. The video also shows her
using a spoon to stir something in a bowl.”

VideoChat2: “The video shows a man cutting vegetables on a cutting board.”

VideoLlama: “The video shows a man and a woman in a kitchen. The man is
standing in front of a stove while the woman is standing in front of a counter.
They are both wearing blue shirts. The kitchen has a black countertop and
a black stove. There is a brown wooden table in the kitchen. The man is
holding a knife and the woman is holding a plate. They are both preparing
food.”

Table 5: Two cases (s23-d21, s28-d51) on the TACoS dataset of LVCHAT compared with the baselines. The lengths
of the two videos are 2 min 46 s and 11 min 11 s respectively. VideoChatGPT uses 100 frames; VideoChat2 and
VideoLlama use 16 frames. LVCHAT uses 192/672 frames from the two videos and compresses them into 96 frame
encodings. The highlighted parts are correct descriptions of actions.

C.4 Datasets Selection Criteria594

By manually looking at the examples, we compiled595

a few rules that a valid set of data should satisfy:596

1. The baseline’s performance drops as the target597

length of the extended video increases.598

2. The baseline’s performance should be better599

than random guesses.600

3. Questions in the subset should not be greatly601

affected by video from Street-Scene.602

4. Video should not be too short compared to our603

target length.604

5. The questions in the subset should be answer-605

able by a visual-only model. (i.e., the an-606

swers should not be all in the subtitles or the607

captions, leading to unanswerable questions 608

based on visual data only) 609

By applying these rules, we select four datasets 610

(Action Sequence, Action Prediction, Unexpected 611

Action, Object Interaction) that are valid for testing 612

long video-language models. 613

C.5 Dataset Extension 614

Despite the variety of videos that MVBench(Li 615

et al., 2024b) has. The average length of the four se- 616

lected datasets are merely 25.5s, which can barely 617

benefit from the capability of long-video models. 618

To make use of these videos, we extend them with 619

a second video sampled from the Street-Scene 620

dataset(Ramachandra and Jones, 2020). The Street- 621

Scene dataset contains 91 videos with 15 frames 622

per second, and we select the first 54000 frames 623
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from the dataset, totaling an 1 hour video from624

which we sample the second video.625

The extension process is as follows:626

1. Set a target length of video T that the model627

should see.628

2. For a original video v of length L(v) < T , we629

applies a hash function H (see below) to the630

file name Nv of the video v to get a integer631

t0 that is between 0 and 3600, which will be632

used as the starting time of the second video.633

The hash function in python is:634

def hashstr(s: str) -> int:
return sum(ord(c) * 31 ** (i % 3)

for i, c in enumerate(s))

3. Draw a second video from the Street-Scene635

dataset that starts at t0 = H(Nv) and ends at636

t0 + (T − L(v)).637

4. Choose a time point t1 = H(Nv + ":insert")638

in the second video where we will insert the639

original video.640

5. Insert the original video at t1 of the second641

video and returns the extended video.642

C.6 GPT-4 TACoS summarization643

We use the following content to query the “GPT-4”644

API from OpenAI on Oct.9th, 2023. The context645

is composed of human-labelled captions and their646

starting times. The template we use for prompting647

GPT-4 is:648

You are an assistant answering questions649
based on video contexts. Your650

answer should be based on the given651
contexts, but you can also infer the652
actual video content from the tag653

information and your common sense.654
The timed description is a655
description for the video at the656
given second. When describing,657
please mainly refer to the timed658
description. Don't create a video659
plot out of nothing.660

Contexts for the video: \{context\}661
Question: Could you please describe what662

is happening in the video?663

Here is an example of video s13-d21. The664

prompt for GPT-4 is:665

You are an assistant answering666
questions based on video contexts.667
Your answer should be based on the668
given contexts, but you can also669
infer the actual video content from670
the tag information and your common671
sense. The timed description is a672
description for the video at the673

given second. When describing, 674
please mainly refer to the timed 675
description. Don't create a video 676
plot out of nothing. 677

Contexts for the video: """ 678
Second 9: He took out cutting board 679
Second 17: He took out knife 680
Second 22: He took out cucumber 681
Second 35: He took out plate 682
Second 47: He washed cucumber 683
Second 57: Cut off ends of cucumbers 684
Second 72: He sliced cucumbers 685
Second 90: He put cucumbers on plate 686
Second 9: person takes chopping board 687

out 688
Second 17: person removes knife from 689

draw 690
Second 22: person removes cucumber out 691

of refrigerator 692
Second 35: person removes plate out of 693

cabinet 694
Second 47: person then washes cucumber 695
Second 57: person then places cucumber 696

on plate 697
Second 64: perosn then cuts ends off 698

cucumber 699
Second 72: person then cuts cucumber in 700

slices 701
Second 90: person then places cucumber 702

on plate. 703
Second 9: The person gets out a cutting 704

board. 705
Second 17: The person gets out a knife. 706
Second 22: The person gets out a 707

cucumber. 708
Second 35: The person gets out a plate. 709
Second 47: The person rinses the 710

cucumber. 711
Second 57: The person cuts the tips off 712

the cucumber. 713
Second 96: The person slices the 714

cucumber and puts the slices on the 715
plate. 716

Second 9: The person gets out a cutting 717
board. 718

Second 17: The person gets out a knife. 719
Second 25: The person gets out a 720

cucumber. 721
Second 35: The person gets out a plate. 722
Second 47: The person rinses the 723

cucumber. 724
Second 57: The person cuts off the tips 725

of the cucumber. 726
Second 72: The person cuts up the 727

cucumber. 728
Second 90: The person puts the cucumber 729

slices on the plate. 730
Second 9: The person takes out a cutting 731

board from the drawer. 732
Second 17: The person takes out a knife 733

from the drawer. 734
Second 25: The person procures a 735

cucumber from the fridge. 736
Second 35: The person procures a plate 737

from the cabinet. 738
Second 47: The person washes the 739

cucumber in the sink. 740
Second 57: The person cuts the ends off 741

the cucumber then cuts the body into 742
slices. 743
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AS AP AA FA UA OE OI OS MD AL

VideoChat2 66 47.5 83.5 49.5 60 58 71.5 42.5 23 23
VideoChatGPT 23.5 26 62 22.5 26.5 54 28 40 23 20
VideoLlama 27.5 25.5 51 29 39 48 40.5 38 22.5 22.5
LV-Chat 62.5 47 79.5 44 61.5 56 74 40.5 23.5 27

ST AC MC MA SC FP CO EN ER CI Average

VideoChat2 88 39 42 58.5 44 49 36.5 35 40.5 65.5 51.125
VideoChatGPT 31 30.5 25.5 48.5 29 39.5 33 29.5 26 35.5 32.675
VideoLlama 43 34 22.5 45.5 32.5 32.5 40 30 21 37 34.075
LV-Chat 82 47.5 39.5 69.5 47 48.5 40 34.5 38.5 60 51.125

Table 6: Model Performance on the original MVBench. The results of VideoChat2, VideoChatGPT and VideoLlama
are from the MVBench repository (https://github.com/OpenGVLab/Ask-Anything/blob/main/
video_chat2/MVBENCH.md).

Second 90: The person sets cucumber744
slices on the plate.745

Second 9: The person takes out a cutting746
board from the drawer.747

Second 17: The person takes out a knife748
from the drawer.749

Second 22: The person procures a750
cucumber from the fridge then takes751
a plate from the cabinet.752

Second 47: The person washes the753
cucumber in the sink.754

Second 57: The person cuts the ends from755
the cucumber.756

Second 72: The person chops the cucumber757
into slices on the cutting board.758

Second 90: The person sets the cucumber759
slices on the plate.760

Second 9: The person takes out a cutting761
board from the drawer.762

Second 17: The person takes out a knife763
from the drawer.764

Second 22: The person procures a765
cucumber from the fridge.766

Second 35: The person procures a plate767
from the cabinet.768

Second 47: The person washes the769
cucumber in the sink.770

Second 57: The person cuts the ends off771
the cucumber.772

Second 72: The person slices the773
cucumber on the cutting board.774

Second 90: The person sets the sliced775
cucumber on the plate.776

Second 9: He goes to the drawer and777
takes out a cutting board and knife.778

Second 25: He goes to the refrigerator779
and takes out a cucumber.780

Second 35: He goes to the cupboard and781
takes out a plate and places it on782
the counter.783

Second 50: He goes to the sink and784
washes the cucumber.785

Second 57: He then cuts off the ends of786
the cucumber and then slices the787
cucumber.788

Second 72: He picks up the cucumber and789
places it on the plate.790

Second 9: He opens the drawers and takes 791
out a cutting board and a knife. 792

Second 25: He gets a cucumber from the 793
refrigerator and a plate from the 794
cabinet. 795

Second 47: He sets the plate down and 796
washes the cucumber in the sink. 797

Second 57: He puts the cucumber on the 798
plate and dries off his hands. 799

Second 64: He uses the knife to cut off 800
the ends of the cucumbers. 801

Second 72: He uses the knife to slice 802
the cucumber into smaller pieces. 803

Second 96: He picks up the pieces of 804
cucumber and places them on the 805
plate. 806

Second 9: The person takes out a cutting 807
board from the drawer. 808

Second 17: The person takes out a knife 809
from the drawer. 810

Second 22: The person procures a 811
cucumber from the fridge. 812

Second 35: The person procures a plate 813
from the cabinet. 814

Second 47: The person washes the 815
cucumber in the sink. 816

Second 57: The person chops the ends off 817
the cucumber on the cutting board. 818

Second 72: The person slices the 819
cucumber on the cutting board. 820

Second 90: The person sets the sliced 821
cucumber on the plate. 822

Second 9: He gets out the cutting board, 823
knife, plate, and cucumber from 824
drawers and the refrigerator. 825

Second 50: He washes the cucumber in the 826
sink and puts it on the plate. 827

Second 60: He wipes his hand on the rag. 828
Second 65: He chops the ends off the 829

cucumber. 830
Second 72: He chops the cucumber into 831

pieces with the knife. 832
Second 96: He gathers the chopped 833

cucumbers together on a plate. 834
Second 9: the man is opening the drawer 835
Second 17: the man is placing a knife on 836

the cutting board he got from the 837
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drawer838
Second 22: the man is opening the839

refridgerator840
Second 25: he got a cucumber from the841

refridgerator842
Second 35: the man is washing the843

cucumber844
Second 50: the man is slicing the845

cucumber width-wise846
Second 96: then the man arranges the847

cucumbers on a plate848
Second 9: The man places a cutting board849

on the counter.850
Second 17: The man places a knife on the851

cutting board.852
Second 22: The man gets a cucumber out853

of the refrigerator.854
Second 35: The man gets a plate out of855

the cupboard.856
Second 47: The man rinses the cucumber.857
Second 57: The man dries his hands.858
Second 64: The man cuts the ends off of859

the cucumber.860
Second 72: The man cuts the cucumber861

into slices.862
Second 96: The man arranges the cucumber863

slices on the plate.864
Second 9: The person takes a cutting865

board from the drawer.866
Second 17: The person removes a large867

knife from a drawer and puts it on868
the cutting board.869

Second 25: The person takes a cucumber870
from the fridge.871

Second 35: The person takes a plate from872
the cabinet.873

Second 47: The person washes the874
cucumber in the sink.875

Second 57: The person dries his hands876
with the towel.877

Second 64: The person slices the878
cucumber.879

Second 90: The person places the sliced880
cucumber onto the plate.881

Second 9: He places the cutting board on882
the counter883

Second 17: He placed the knife on the884
cutting board885

Second 25: He got a cucumber from the886
refrigerator887

Second 35: The man washed the cucumber888
in the sink889

Second 57: The man dried his hands on890
the towel891

Second 64: The man cut the cucumber into892
slices893

Second 90: The man placed the cucumber894
slices on the plate895

"""896
Question:Could you please describe what897

is happening in the video?898

And the response is:899

The video is showing a person preparing900
a cucumber. They start by taking out901
a cutting board and a knife from a902

drawer. Then, they get a cucumber903
from the refrigerator and a plate904
from the cabinet. After that, they905
wash the cucumber in the sink. They906

then cut off the ends of the 907
cucumber and slice it into pieces on 908
the cutting board. Finally, they 909

place the sliced cucumber on the 910
plate. 911

We manually inspect the generated responses and 912

query GPT-4 again if there are unreasonable re- 913

sponses or clear hallucinations. 914

C.7 Prompt for different models 915

C.7.1 System Prompt 916

For Video-ChatGPT, we use the system prompt (as 917

used in the original paper): 918

You are Video-ChatGPT, a large vision- 919
language assistant. You are able to 920
understand the video content that 921
the user provides, and assist the 922
user with a variety of tasks using 923
natural language. Follow the 924
instructions carefully and explain 925
your answers in detail based on the 926
provided video. 927

For VideoChat2, Video-Llama, and our own 928

model, we use the same system prompt from 929

MVBench(Li et al., 2024b): 930

Carefully watch the video and pay 931
attention to the cause and sequence 932
of events, the detail and movement 933
of objects, and the action and pose 934
of persons. 935

C.7.2 Dataset-specific prompt 936

In TaCoS generation, the user asks the assistant: 937

Based on your observations, describe 938
what is happening in the video as 939
detailed as possible. 940

In QA datasets (MVBench and EgoSchema), we 941

use the same format as in MVBench. Following is 942

an example: 943

Question: What happened after the person 944
took the food? 945

Options: 946
(A) Ate the medicine. 947
(B) Tidied up the blanket. 948
(C) Put down the cup/glass/bottle. 949
(D) Took the box. 950
Only give the best option. 951
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Length 100s

AS AP AA FA UA OE OI OS MD AL

VideoChat2(16*1) 38.5 33 64.5 34 46.5 53 57.5 31.5 23.5 29
VideoChat2(16*10) 35.5 33.5 41.5 29.5 36.5 54.5 43 38 19.5 22
VideoChat2(8*10) 36.5 33 43 28 34.5 54 41.5 38 18.5 23
VideoChatGPT 30 23 54.5 24 34 53.5 27.5 41 24.5 26.5
VideoLlama 24 23.5 42.5 27 39 52.5 27 33 23.5 21
LVCHAT (8*10) 48.5 44 52.5 28.5 42.5 55 61 34 20.5 29
LVCHAT (16*10) 53.5 45.5 59.5 30 47 53 66 36.5 20.5 28

ST AC MC MA SC FP CO EN ER CI

VideoChat2(16*1) 72 43.5 30.5 57.5 54 29 40 31 39.5 43.5
VideoChat2(16*10) 40 39.5 22.5 37.5 58.5 26.5 38 24.5 30.5 39.5
VideoChat2(8*10) 40 38 22.5 37 57.5 27 41 25.5 32 44.5
VideoChatGPT 40 30 29 36.5 48.5 21 36 28.5 29 39
VideoLlama 32.5 29 28 41.5 45.5 29 34.5 30 25 35.5
LVCHAT (8*10) 55 39.5 26 46.5 48.5 31.5 39 37.5 35 39
LVCHAT (16*10) 62 41.5 27 49.5 47.5 28 36 38 37 38

Length 300s

AS AP AA FA UA OE OI OS MD AL

VideoChat2(16*1) 30.5 29 63 31.5 45 53 39.5 32 23 28.5
VideoChat2(16*10) 32 28.5 40.5 24 28.5 55.5 39 39 19 25
VideoChat2(8*10) 32 28.5 40.5 24 28.5 55.5 39 39 19 25.5
VideoChatGPT 27.5 25.5 54 23.5 28 53.5 26 43.5 24.5 29
VideoLlama 25.5 23.5 41.5 26.5 38 52 26 33 21.5 21
LVCHAT (8*10) 42.5 35.5 50 26.5 36 54 49.5 33.5 21.5 29
LVCHAT +IFE(8*10) 43.5 37 48.5 26.5 33.5 56 50 33 21 29.5
LVCHAT (16*10) 41 38.5 54 26.5 38.5 53.5 47 32.5 20.5 28.5
LVCHAT +IFE(16*10) 42.5 37.5 54 25 37 53.5 52.5 32.5 20 29

ST AC MC MA SC FP CO EN ER CI

VideoChat2(16*1) 60 44.5 28.5 58 57.5 27.5 41 33 35 42
VideoChat2(16*10) 36.5 38.5 22.5 37 58 25.5 38.5 25 26 39
VideoChat2(8*10) 36.5 38.5 22.5 37 58 25.5 38.5 25 26 39
VideoChatGPT 38.5 29.5 23.5 28 52 27 38 27 28.5 40.5
VideoLlama 30.5 29 28.5 41.5 47 29 33 32 22.5 34.5
LVCHAT (8*10) 51.5 39 25.5 45 48 29.5 34.5 36.5 30 34
LVCHAT +IFE(8*10) 46 40 28 46 48 29.5 35.5 36.5 29 33
LVCHAT (16*10) 49 37.5 29.5 45 48.5 27 34.5 36.5 35 34
LVCHAT +IFE(16*10) 48.5 39 29 47 48.5 29.5 30 35 32 35

Length 600s

AS AP AA FA UA OE OI OS MD AL

VideoChat2(16*1) 28.5 23 63 32 41.5 53 39 30.5 21.5 28.5
VideoChat2(16*10) 27 28 39 26.5 28 53 35.5 39 19 22.5
VideoChat2(8*10) 30 28 40 24.5 28.5 51 35.5 39 20.5 21.5
VideoChatGPT 26 27 56 25 30 52.5 26.5 40 24.5 25.5
VideoLlama 23.5 25 40 27 37.5 52.5 26 33 21.5 20
LVCHAT (8*10) 34 32 49 27.5 34.5 54 49 33 21.5 30
LVCHAT +IFE(8*10) 34 32 49 27.5 34.5 54 49 33 21.5 30
LVCHAT (16*10) 34.5 30.5 54 24 38.5 54 46 33.5 19 29.5
LVCHAT +IFE(16*10) 37 34 50.5 24.5 38.5 53.5 48.5 32.5 19.5 28.5

ST AC MC MA SC FP CO EN ER CI

VideoChat2(16*1) 51 45.5 28 59.5 56.5 30.5 36.5 33 32.5 43.5
VideoChat2(16*10) 38.5 38.5 22.5 36 57 26 39.5 25.5 25 38
VideoChat2(8*10) 35.5 38.5 23 33.5 59 26 37.5 24.5 25 36.5
VideoChatGPT 38 29.5 31 36.5 49 25.5 38.5 28.5 26.5 39
VideoLlama 28 29 29.5 42.5 47.5 29 33 31 22 33.5
LVCHAT (8*10) 42.5 42.5 26 43 48 30 33 36 29.5 35.5
LVCHAT +IFE(8*10) 42.5 42.5 26 43 48 30 33 36 29.5 35.5
LVCHAT (16*10) 44.5 37 24.5 46.5 48.5 27.5 35.5 36.5 33 35
LVCHAT +IFE(16*10) 47 41.5 24 47 47.5 27.5 37 36 35 33.5

Table 7: Model performance on extended MVBench
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