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The Existing VideoQA benchmarks have following limitations:

1. Short Videos: Existing 2. Limited 3. Biased Evaluation: Our preliminary
VideoQA datasets primarily  Capabilities: Current  Study indicates that GPT-3.5-based
consist of short videos (less VideoQA evaluation is less accurate and
than a minute), that benchmarks are exhibits  significant  discrepancy
deviate from the real limited to several relative to human preferences,
application scenario. basic video tasks. diminishing the credibility of the

. evaluation results.
Low duration and shot numbers

Average Rating: 2.09

Table 1: Comparing the statistics of MMBench-Video and other widely adopted VideoQA benchmarks. 800 {
When reporting the video statistics, we follow the format of “mean value (standard deviation)™. 700 1
Bl QA pai‘rs Numb_c'r pf Question Length  Answer Length  Video Duration  Shot Number N
Generation Capabilitiecs mean(std) words  mean(std) words mean(std) sec mean(std) 5007
MSVD-QA [36] Automatic 2 6.6(2.5) 1.0¢0.0) . 2.4(34) 653 400 1
MSRVTT-QA |57 Automatic 2 T.4(34) 1.0¢0.0) I5. I(S ") 3.4(2.9) 300
TGIF-QA |25] Automatic/Human 4 9.7(2.3) 1.5(0.9) 3.7(2.0) 1.2(1.4) 200 1
ActivityNet-QA |62] Human 3 8.N24) 1.3(0.7) 111.5(66.1 12.9(20.9 100
MMBench-Video Human 26 10.9(4.1) 84(7.7) 165.4(80.7) 32.6(33.5) e Y T Sy e

Rating
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The project aims at designing a new VideoQA benchmark
featuring the following characteristics:

1. The benchmark needs to cover videos of multiple lengths and shots,
mirroring practical use cases.

2. This benchmark needs to cover a wide range of capabilities related
to video comprehension, with sufficient consideration of temporal.

3. The benchmark should be evaluated based on more advanced
LLMs (like GPT-4 or Qwen).
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Follow the MMBench, We design a
S taxonomy of multi-modal
- video understanding capabilities:
@ <% 1 Thetaxonomy features 3 capability
— levels and 26 fine-grained
) Perception  Reasoning s :‘ :’:: Capabilities’
s S 2. The two most fundamental L-1
< & &:; copc:bil.ities are perception &
w e reasoning.
ol L NG .. epey e
A, » AU 3. Three additional L-2 capabilities:
r 5 e w N Hallucination, Commonsense

LY Reasoning, Temporal Reasoning
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Dataset collection and Quality Control: Five Guidelines:

1. Each question should evaluate one or
multiple leaf capabilities.

W People m Food & Drink
Mooy e 2. You are encouraged to formulate temporal
w Siirice S indispensable questions: -

Instruction Video m ComputersaElectronics 3. AVOId including specific timestamps in the
® Films& TV shows m Sports questions
S # BusinesséIndusiriel 4 The questions should be free-form and
m Advertisements  ® Knowledge

exhibit linguistic diversified ..
5. Please provide informative and detailed

answers for each question

Video Len th/ShOt , ........................ N " mm s mm o mm o omm o omm o oEm o
g \ I Data Collection ! Cross Validation : { LVLM-based k

| (follow 5 guidelines) I Manually ; | filtering mechanism '

W Autos & Vehicles Games

Video Type

|'
!
!
!
!
!
i
/
!
!
!
!
!
[
!
!
!
!
!
\

Video Understanding Capabilities
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MMBench-Video Example:

How to Calculate GDP
according to this video?

GDP=C+ 1+ G+ (X - M).
GDP equals the sum of
consumption, private
investment, government
spending, and net exports.

How many financial terms
does this video explain?

A total of s terms are
discussed in the video.

Respectively GDP, GNP, GNI,
CPI, and PPI.

What is this video
mainly about?

This video explains some n@n
financial terms.
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MMBench-Video highlight features:

1. Long-form, multi-shot video
benchmarks

Table 1: Comparing the statistics of MMBench-Video and other widely adopted VideoQA benchmarks.

When reporting the video statistics, we follow the format of “mean value (standard deviation)”.

Benchmarks QA pai_rs Numb‘ef _of Question Length  Answer Length  Video Duration ~ Shot Number
Generation Capabilities mean(std) words mean(std) words  mean(std) sec mean(std)
MSVD-QA [56] Automatic 2 6.6(2.5) 1.0(0.0) 9.8(6.6) 24(3.4)
MSRVTT-QA [57] Automatic 2 7.4(34) 1.0(0.0) 15.1(5.2) 3.4(2.9)
TGIF-QA [25] Automatic/Human 4 9.7(2.3) 1.5(0.9) 3.7(2.0) 1.2(1.4)
ActivityNet-QA [62] Human 3 8.9(2.4) 1.3(0.7) 111.5(66.1) 12.9(20.9)
MMBench-Video Human 26 10.9(4.1) 8.4(7.7) I 165.4(80.7) 32.6(33.5) I

» boasts a substantially greater average duration
than existing benchmarks.

» significantly surpasses all other benchmarks in
average shot count.

0.8 1
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MMBench-Video highlight features:

2. Rich linguistic diversity
3. Comprehensive Capability Coverage in
video understanding

what
49%

Video Type: Advertisements

/Dum’:ns:ont Object Recognition
: What did Mr. Bean eat to turn him into a different person?
: A Snickers chocolate candy bar.

Dimension: OCR
: What words appeared on the screen when Mr. Bean turned into a soldier?

who/can/have/others
| /1n=2: The sentence is "YOURE NOT YOU WHEN YOU'RE HUNGRY." ) 8%

(" Dime nsion: Video Topic, Video Style
: What is the most likely use of this video?
: The most likely use of this video is to act as an advertisement for Snickers chocolate candy bar.

& ' P MMBench-Video
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MMBench-Video highlight features:
4. Adequate Temporal Indispensability

1.

2.

Benchmark MSVD TGIF MSRVTT ActivityNet
Input Frames 1 8 1 8 1 8 1 8
Original Score 2.62 293 2.66 3.18 2.01 2.33 2.65 3.05
__ Normalized Score | 524 86 82 ! 636 |__ 402 466 | __ B30 80
Score-[1f] / Score-| 8f] 89.4% 80.5% 86.3% 87.0%
Benchmark EgoSchema Video-MME* Next-GQA MMBench-Video
Input Frames 1 8 | 8 | 8 | 8
Original Score 0.65 0.70 0.54 0.68 0.78 0.84 0.78 1.63
~ Normalized Score | 650 700 | 540 ¢ 680 | 780 840 26.0 54.3
Score-[1f] / Score-| 8f] 88.6% 79.4% 92.9% 47.8%
Allow most videos for its content to be Exhibit Great
adequately represented by a single frame. wp Temporal Importance
Many of the QAs are too simplistic of MMBench-Video
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Main Results (Oct. 2024)

Model

FP-S FP-C HL | Mean

GPT-40 [43] 011 007 182
Open-Source Video-LLMs

Video-ChatGPT-[100f] [39] 093 | 091 094 081 039| 09 |070 115 112 084 09 | 097
Video-LLaVA-[8f] [34] 105 | 114 108 088 050| 104 [072 123 103 089 097 | 099
Chat-UniVi-[64f] 099 | 107 100 093 039 | 098 |059 118 114 075 098 | 097
LLaMA-VID-[1fps] [33] 108 | 130 109 093 042 109 (071 121 108 083 104 | L02
VideoChat2-[16f] {321 099 | 118 094 098 066| 098 (042 113 124 086 094 | 095
MiniGPT4-Video-[90f] [5] 070 | 076 055 054 144| 062 |062 103 105 062 082 | 085
MovieLLM-[1fps] [49] 087 |095 08 070 015)| 081 (052 112 122 054 105| 097
PLLaVA-7B-[16f] [58] 103 | 108 106 08 052 102 [064 125 117 098 101 | L03
ShareGPT4Video-8B-[16f*] 121 | 105 | 120 105 100 032| 104 (08 106 119 101 09 | 103
VideoStreaming-[64f+] [46] 112 |13 113 08 032 113 (077 127 11 101 L10| L9
LLaVA-NeXT-Video-[32f] [64] L14 | 135 115 097 058 | L14 |064 138 130 127 103 | L13

Full results shows
on the OpenVLM

Video Leaderboard.

EBANLEELR=

Shanghai Artificial Intelligence Laboratory

Open-Source LVLM5s for Images
ldefics2-8B-{1] 095 | 106 08 08 135] 090 |073 L14 108 109 104 | 103
Idefics2-8B-[8f] 110 | 123 107 089 077 106 | 077 127 141 L1 L4 | 116
" Qwen-VL-Char{1f] 6] | 060 |072 059 053 116| 063 |058 060 054 053 047 | 053
Qwen-VL-Chat-[8] 052 |044 062 033 015| 053 [045 059 050 036 037 | 045
" mPLUG-Ow2-{1f) (60] | 085 |105 079 079 068 | 08 |054 106 105 074 08 | 086
mPLUG-Owl-{8f) 115 134 118 099 027 | 115 |063 133 130 103 L1 | L1
InternVL-Chat-v1 5-(1f] (13] | 084 | 098 072 078 144 | 080 |057 102 112 083 088 | 090
IntemVL-Chat-v1 5-[8f] 126 151 122 101 121 125 |088 140 148 128 109 | 122
InternVL2-26B-[16f] 141 | 156 148 123 o052 | 142 | 106 161 145 138 123 | 135
VILALS-13B{14f] (35] | 136 | 151 145 126 024| 139 |080 152 130 140 128 | 128
VILA1.5-40B-[14f] 161 |178 172 135 047| 163 [112 178 161 148 145 1LS2
Proprietary LVLMs for Images
Claude 3y Opus 41 119 137 _tu_ 10 16| 1d6 [102 135 136 L1105 ] 120
" Gemini-Pro-v1.0-[8] (511 | 149 | 172 150 128 079| 149 | 102 166 158 159 140 | 145
Gemini-Pro-v1.0-{16f] 148 | 161 156 130 065| 150 | 115 157 155 136 133 | 139
" Gemini-Pro-vl S8 511 | 130 | 151 130 098 203 | 132 | 106 162 136 125 094 | 122
Gemini-Pro-v1.5-[16f] 160 |18 15 160 200| 161 | 158 177 169 180 124 | 155
Gemini-Pro-v1.5-{1fps] 194 | 199 204 170 190 198 | 198 202 192 178 163 | 186
CGPrav-sn @2l | 153 | 168 145 143 179| 151 114 181 170 159 139 | 152
GPT-4v-[161] 168 |18 165 140 176 | 166 145 191 18 183 153 | 169
TGPT4o-f] @3 | 070 |09 o061 053 219| 073 |047 082 063 069 044 | 059
GPT-40-[8f] 162 |18 15 143 195| 163 | 133 189 160 160 144 | 157
GPT-40-[16f] 186 |203 18 167 213| 18 |[178 195 178 190 168 | 180
GPT-4o-{1fps] 215 |223 224 200 190 | 219 |211 212 217 194 197 | 208
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Performance of Video-LLMs on Image VQA Benchmarks

LB ANTLTEREELR S

Shanghai Artificial Intelligence Laboratory

Model MMBench MMStar
FP-S FP-C Ccp LR AR RR Overall Ccp FP IR LR Math ST Overall
Open-Source Video-LLMs
Video-ChatGPT 4187 2737 32387 13.71 5305 3046 34.50 4080 2480 3600 2600 2800 2240 2967
Video-LLaVA 5744 4246 6298 1452 6890 4310 52.32 5520 2040 3760 2520 2560 2400 3133
Chat-UniVi 4775 3575 57.18 9.68 62.19 3391 45.04 5000 3080 4280 3040 3000 2440 34.73
VideoChat2 4291 30,72 5414 7.26 5488 3218 41.02 4760 2280 3280 27.20 2640 13.20 2833
PLLaVA-7B 59.17 4078  60.50 17.74 5854 5805 52.79 5360 3440 4080 3240 3000 17.20 3473
Open-Source LVIMs for Images

MiniCPM-V-2 7889 5084 7293 2661 75.00 6552 66.02 5800 3240 5000 3840 3280 2280 39.07
LLaVA-v15-7TB 6990 5698 70.17 2581 67.07 5345 61.38 5720 2440 4160 2840 2640 2040 33.07
InternVL-Chat-vl.5 | 8858 7318 8094 5806 8598 8046 79.95 7040 5280 6520 5840 5600 3960 57.07
Idefics2-8B 81.31 6536 7320 4194 8049 7644 72.29 66.00 4240 6160 4960 4000 3720 4947
Phi-3-Vision 7889 6145 T680 4758 7927 7414 72.29 6000 3880 5920 4520 4240 4080 47.73

Table 4: Comparison of Image Models and Video Models on MMBench and MMStar. We follow the
official practice to perform evaluation on these two benchmarks. For MMBench, we report the results on
MMBench-DEV-EN-v1.1. We adopt the abbreviations for capabilities that are defined in the original papers.
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The Superior Performance of GPT-4 as a Judge

LVLM LVLM
Video-LLaVA GPT-do Video-LLaVA GPT-do

Judge Model SRS Judge Model i
GPLASTube 1106 2.09 2.45 e (188 0.98 0.815
0613 1.80 2.11 0613 0.89 0.685
1106 1.05 1.62 1106 0.36 0.295

SPT-4- GPT-4-Turbo

GPT-4-Turbo 4125 0.90 1.61 0125 0.36 0.255
Qwen2-72B-Instruct 1.15 1.80 Qwen2-72B-Instruct 0.41 0.320

Table 6: Evaluation results obtained with different Table 7: The mean absolute error (MAE) of dif-

GPT judges on MMBench-Video. The overall mean ferent GPT Judges with human preferences on a
scores are reported. randomly selected subset.
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Thanks for your attention!
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