VidComposition: Can MLLMs Analyze Compositions in Compiled Video?
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> V\' C lntl‘Oduce VIdCOInpOSItIOIl, s) nOVel and hlgh'quallty benChmark fOI‘ Method Cinematography Analysis Character Understanding Narrative Underst. | Scene Perception Making Analysis Overall "
1 t f. . d . d t d t d . MLLM CamM-P SS-P CamA-P | E-P A-P CMP-P Cha-C | S-M P-O B-P S-C L-P | AS-P Cut-C SE-P ‘ : ) LLaVA-OneVision-72B ,/? InternVL2-40B Y Gemini-1.5-Flash @3 GPT-40
cvaluating 1nc-grainca viaco composSition undcerstandaing in S.
g g p g Human 84.1 85.4 80.0 82.6 923 92.9 94.1 97.0 97.5 944 80.2 81.8 | 85.7 87.5 94.7 86.26 =i I-‘r |l EEE = - = & ESEEEESESESEEESESE S .S
> \M c Comprehen81vely evaluate 3 3 MLLMS for Vldeo understandlng Wlth LLaVA-OneVision-72B [24] 57.1 60.5 66.3 63.3 90.0 90.0 74.6 84.7 72.4 769 120 903 | 89.5 34.5 74.1 63.31 Bz ; | ‘ p—— l - ' l .i'
InternVL2-40B [/] 46.6 60.0 58.9 51.0 90.0 83.3 67.6 79.6 51.9 80.0 474 645 | 684 44 8 85.2 60.73 i YA _ - W |
VldCOmpOSItlon. The results ShOW the Challenglng nature Of VIdCOmpOSItlon and InternVL2-76B m 46.6 63.9 45.5 51.0 86.7 86.7 76.1 81.3 49.0 80.0 445 516 | 763 24.1 75.9 58.73 |
Qwen2-VL-72B [50] 379 56.6 37.9 347 76.7 76.7 63.4 76.2 66.5 73.8 53.6 742 | 65.8 34 35.6 58.68
1 ' ' 15 1 1 Video-LLaMA2-72B [9] 47.5 56.1 59.4 | 633 767  80.0 71.8 | 68.5 63.2 73.8 368 742 | 605 345 722 | 58.62 ' Il I ] I | |
the substantial gap between MLLMs' and humans' capabilities 1n video 1 - - - 4|63 761 W 8 | 68 - 8 368 742|605 845 72| 58 . . . . 1
g p p InternVL2-8B [7/] 55.3 56.6 59.4 449 80.0 83.3 59.2 67.2 40.6 785 325 645 | 52.6 31.0 122 54.63 Full Shot &] Full Shot % Medium Shot Close-up Close-up
m ition understandine. GPT-4o [1] 40.2 37.1 594 | 510 733  90.0 408 | 90.6 41.4 723 278 516 | 81.6 345 778 | 52.93 , , , DN
composition understanding Gemini-1.5-Flash [44] 434 327 520 |551 700 484 620 | 787 47.3 831 263 710 | 789 448 704 | 5240 Which of the following shot sizes are exhibited in this video?
*.° . VILA-1.5-40B [29] 32.0 56.6 54.5 429 83.3 86.7 57.7 67.7 44 .4 754 225 742 | 65.8 48.3 77.8 51.23 A. Full shot, medium shot  B. Long shot, close-up C. Extreme close-up, full shot D. Extreme close-up, long shot
» We analyze the critical factors that influence the performance of MLLMs GPT-40 mini [1] 338 498 505 | 490 800 900 310 | 796 414 | 662 268 613 | 763 207 796 | 5023 -
t t 11 . d t t 1 d t f d 1 . t d f t Gemini-1.5-Pro [44] 33.8 SIT 51.5 310 733 80.0 70.4 47.7 36.4 73.8 373 71.0 | 84.2 58.6 75.9 49.36 @ B(long shot, close-up).The video shows a long shot of the person walking down the alley and a close-up of the person standing in the classroom.
SysSicmatically, providing potential dircCtions 10r modaclt 1mprovement and 1uturce Qwen2-VL-7B [50] 201 468 371 | 388 700 767 549 | 7322 49.4 723 522 613 | 421 172 704 | 49.30 | )
Oryx-7B [35] 34.7 34.1 57.4 57.1 80.0 73.3 66.2 48.5 34.7 73.8 41.6 613 | 395 20.7 66.7 48.77 . : . : o,
: S I chose (B) long shot, close-up, because the video shows a man walking down a street in a long shot, and then a close-up of a woman in a classroom. The long (/A
L t h :
advancements . CamM-P milrlliloisp d G:snum—l.S—Flash—SB [44] 43.4 45.9 56.9 36.7 70.0 76.7 35.2 69.8 36.0 73.8 268 484 | 71.1 24.1 64.8 48.59 shot captures the man's entire body as he walks, while the close-up focuses on the woman's face and upper body. //
or SS-P y Video-LLaMAZ2.1 [9] 44.3 35.6 39.6 51.0 76.7 83.3 50.7 60.9 45.2 754 354 58.1 | 36.8 20.7 81.5 47.77
aking . N
Combposi- Compiled Fine- Analysis ViceoChat2 [26] ekd 58.0 2.1 4.3 867 83.3 60.6 02.6 27.5 738 350 355 | 500 3 22,3 4130 The answer is (D) extreme close-up, long shot. The first shot of the video is a long shot showing the man walking down the street. Later, the video cuts to a
Benchmark I/V #Data #Task . f A Vi P Grai Anno. InternVL.2-26B [7] 33.3 47.8 39.6 35.1  76.7 83.3 56.3 68.9 33.9 76.9 254 452 | 34.2 41.4 75.9 46.42 extreme close-up on the woman's face as she speaks. This demonstrates both long shots and extreme close-ups.
tional Q Videos rained a LongVA [62] 24.7 41.0 48.0 40.8 70.0 73.3 42.3 51.9 322 723 426 484 | 52.6 34.5 70.4 43.73
Winoground [49] I 400 8 v - X M MiniCPM-V2.6 [56] 28.3 43.4 43.6 23,1 3.3 80.0 50.7 | 59.1 23.0 754 220 71.0 | 579 207 722 | 4249 B. The initial images show a wide view of an outdoor scene, characteristic of a long shot where the human figure is relatively small and the environment is @
MME [11] I 1lk 14 X - v M P | InternVL2-4B [/] 274 42.9 26.2 327 66.7 733 493 | 604 28.0 78.5 41.6 355 | 4.7 103 722 | 41.68 prominent. Later images are tightly framed on the subject's face, typical of a close-up, which focuses on facial expressions and details.
MMBench [34] I 17k 20 X - v A+M Video-LLaMA2.1-AV [9] 27.4 45.9 38.6 351 7T3.3 76.7 47.9 46.4 30.1 81.5 258 452 | 34.2 34.5 83.3 41.50
MMComposition [17]| T 4.3k 13 v - v M | | VILA-1.5-8B [29] 31.5 40.0 37.6 51.0 63.3 66.7 40.8 40.9 26.8 70.8 37.8 419 | 60.5 44.8 59.3 40.21 c Cat Difficulty Distributi
MSVD-QA [55] Vv 504 5 X X X A | | GPT-4-turbo [1] 23.7 37.1 351 | 469 633 800 254 | 549 36.4 508 29.7 645 | 395 448 704 | 39.85 o parsETaREaony FIICHY FISHbEen o
MSRVTT-QA [55] V 29% 5 X X X A S LongLLaVA [53] 28.3 37.1 27.2 245 60.0 56.7 549 | 48.1 32.6 61.5 383 419 | 263 24.1 66.7 38.45 Easy 06 1)
TGIF-QA [19] V 9.6k 4 X X X A Kangaroo [31] 29.2 42.0 24.3 30.6 56.7 66.7 57.7 31.5 26.8 67.7 478 613 | 21.1 6.9 55.6 37.10 . S50 ] s © Medium (0.3 - 0.6)
TVQA [22] Vo 22 8 v v X AM | InternVL2-2B [7] 23.7 244 248 | 367 767 633 53.5 | 489 21.8 80.0 402 29.0 | 474 69 833 | 3675 4, 4,% © = o)
ActivityNet-QA [59] | V. 5.8k 4 X X X M P_P/,*" Characte{* LongVILA [29] 25.1 35.6 40.6 40.8 80.0 60.0 38.0 32.8 25.1 769 20.6 64.5 | 50.0 37.9 79.6 36.46 @OO%ZZG o\}*‘oa:\
NEXT-QA [4] v Ik 8 i a & & // Understanding AuroraCap [5] 347 420 406 | 469 533 567 352 | 353 22.2 63.1 225 323|500 310 593 | 36.28 7 o ol
AutoEval-Video [6] vV 327 9 X X X A+M y ‘) Qwen2-VL-2B [50] 21.0 29.3 25.2 30.6 63.3 70.0 42.3 50.6 23.8 6777 373 742 | 34.2 24.1 63.0 36.16 Shot g;;, .
Video-Bench [41] vV 59 10 X X X A+M Video-LLaMA2-7B [9] 25.1 29.3 23.3 306 70.0 66.7 40.8 31.5 26.4 723 40.2 29.0 | 44.7 27.6 66.7 34.35 P?’;gpﬁo; S S
LVBench [51] vV 500 6 X X X M VILA-1.5-3B [29] 20.1 32.7 38.1 51.0 533 46.7 31.0 26.4 10.5 723 354 323 | 36.8 10.3 83.3 31.95 E p/}//&?‘ Counting g’ 150
MVBench [26] V. 3.6k 20 X X v AM Video-LLaVA [28] 26.5 25.9 38.1 327 533 400 254 | 26.8 23.0 554 30.1 387 | 21.1 517 519 | 31.07 / (os} 5
}‘F’IOV“‘“CChat'Ik% z i(l’g i i ‘; j x Chat-UniVi [20] 25.1 1.7 302 | 306 533 300 225 | 264 24.3 292 21.1 323 | 342 448 407 | 28.02 B g
empCompass : . i 5
Video-MME [13] vV 900 12 X X / M Narrative Understanding InternVL2-1B [7] 24.7 24.9 22.8 224 46.7 33.3 225 26.4 26.8 30.8 30.6 22.6 | 23.7 34.5 29.6 26.61 100 ]
VioComrosITIoN | V. 982 15 ” > o -  LLaVAOneVision72B  —— Video-LLaMA2.728 RANDOM 26.0 258 253 | 243 237 237 248 | 25.0 25.3 274 244 203 | 247 252 287 | 2533
— InternVL2-40B — GPT-40
—— InternVL2-76B —— Gemini-1.5-Flash 50 -
gE, - 55 uenaire VAT Models #tem | V| Res. | CA CU NU sp MA Overall
- #©:VidComposition N '
: . e | . Chat-UniVi [20]; Video-LLaVA [28]; VideoChat2 [26] 224 | 31.68 42.22 31.02 40.11 42.98 34.94 0
| [G)Cinematography Analysis N _‘%% Charf‘f’ter Understanding Chat-UniVi-v1 5 [20]: LongVA [62]; Video-LLaMA2[9] | 8 | 7B | 336 | 336,100 4889667 3242.,4 44.26,4.5 5096,70s | 38.04.3,
| What kind of movements of camera are shown in ﬂ]Eﬁdm? iﬁzll:‘fj’inﬂlﬂi:zs::n@ o saais What actions can be seen in the ﬁdeu?ﬁl W Video-LLaMA2.1 [9]; Video-LLaMAZ2.1-AV [9] 384 36.9+3'3 55-28—1—{:‘.3‘.) 46.0+ 13.58 4311 115 53'72+2.?('5 43'7—1—5.66
A. zoom in, pan left B. pan right, pan down (1) Camera Movement s B.sad Perception A, driving a vehicle B. running ) AC IF,“
| C. zoom out, pan left D. static shot, pan up Perception . C.surprise  D. happiness | C. talking to someone D. all of the above Perception Chat-UniVi [20]; Video-LLaVA [28]; VideoChat2 [26] 224 | 29.66 39.81 31.86 2852 34.71 51.52
s = f - e E T m e e e s = o H- e J Chat-UniVi-vl.5 |20|, LOl‘lgVA IQ]_, Video-LLaMA2 [ﬂ 16 7B 336 32.75+3_(}9 49.07+§;_2(-5 32.21+[]‘35 44-92—-:—16.4 49.04.{_14‘33 37.67_%5‘15 Model Res. #rm | LLM ssize | CA CU NU SP MA Overall
LB BN B B B Bl _ - . ... E .. ! . . \ C N N - - . .
u‘ 111 1;: I .r li TI H I.' ?' E::‘:r:;.;:ls;liesﬂei:t = ‘ i.; '-' ‘!&- # ::*1 1 VldeO'LLaMAZI Iﬂa VldBO—LLaMAZI—AV 12] 384 37.064—4_31 57.22+815 45.68-}—13.47 43-44—148 54-13—{—5_(}9 43-96+{'3,2$3 7B 2508 4722 3705 4754 4463 3617
= ‘l . . L -"_ ”1“' 31“1“ & 5 QY _ ! LongVA [62]; Video-LLaMA2 [9] 1 g | 336 | 3139 46.67 35.26 44.26 53.72 37.98 Qwen2-VL [50] Dynamic | 2 fps B 34354927 56.671945 61.051240 57384984 48.76,413 | 4931313
N N NN TN N W NN TN NN : R T Rk M T AR R Video-LLaMA2.1 [9]; Video-LLaMA2.1-AV [9] 384 | 385,711 59.72..505 45471021 4295 13 54.55.033 | 44.64 72B 5048 1613 60.0.553  71.16.1011 60.01 562 4628 545 | 58.68. 35
o _ : (G i 3B 26.84 43.89 19.16 37.38 47.11 29.84
::E;ﬂ gfﬁ;ﬂ;ﬁgﬂg Ehut stece are pre:e:ntli‘n t‘;:e ﬁ&e:?i' | in tll::: ﬁ&:o‘; propens Hm\];man}? l‘::hﬂtli?ﬂte.l.'iﬂ : Overall on different #frm 8 8B 3594 ., 5278 . 350 34741555 42.62.55, 56.2 .99 40.04. 1 >
: i £ : P ' can be seen in the video? . NU == = _
;; izz':;ﬁ;?;:;szﬂ;e.u (@ Shot _5133 ;:"B. IE: :.ngzi ::ﬂrfnsl:};e ﬂ:-::w A. coat ® CMP (Costume, Ma_kn:'up_. ;;; E:;'lilfril:r Loam B30 Characte Model #frm | Res. | LLM size | Data volume | CA CU NU SP MA Overall =—Es VILA-1.5129] 384 3B 26.04 41.67 2337 34.75 48.76 30.13
' P Perception s s B. skirt and Props) Perception C.6 D, 12 : _ 45 - 16
E- long Shﬂtslfuﬂ shot l C Em‘ds eve view, h;ls.h ?;legle C. cargo pant ; %EUH s : Counting ) Chat-UniVi [20] 2 994 8 0.65M 25.56 34.44 23.37 25.9 36.36 26.73 8B 3578, 974 SL1l,944 36421305 3934450 60331157 | 39.98 955
e s Voo b B NG 5 s VideoChat2 [26] M 3946139 57.78 233, 44840147 58.03.3213 50.41.1405 | 47.01, 2028 — 7B 25.88 47.78 28.84 45.9 50.41 34.35
0] N~ Video-LLaMA2 [9] | 336 32 ' ' ' ' ' '
; d di - : 2k Ivs; Chat-UniVi-v1.5 [20] s | 336 - 1.27M 37.38 47.78 26.53 37.38 46.28 36.11 72B 541512507 7167, 2389 65.68.3551 48.52,262 595,900 | 58.62.24.7
_ [g)Narrative Understanding foj Scene Fercephion =f Making Analysis LongVA [62] 132M | 3754010 SL6T.0e 418955 495Lioss S62ioe | e 3| S 0sB | 2412 283 2653 084 2893 2661
" Which script corresponds w1th this ﬁdf:u? _ ";;"h"hat Ll nd is depicted in ﬂ“:\ -"TC.an ygu identify the art style of this VILA-1.5 [29] 8B 1.21M 35.94 52.78 34.74 42.62 56.2 40.04 g —e— Chat-UniVi-7B-224x224 1.8B 24.28+0. 16 54.44+26.11 35.16+8.63 47.54+17.7 53.72+24.79 36.75+10. 14
A. James locked angry ?t Anna in the submarine for ... B | | video? video? : - Video.LLaMA2. 1-AV [0 4 7B SM 46 577 705 4 58.68 4 o e /\/\ —e— Chat-UniVi-v1.5-7B-336x336 3.8B 32.1147 53 51.67_5 7 44.04 5 g4 48.85_1 31 48.76_4 o5 41.68.4 93
B. A few dlaFS later, Rex's funeral was }!E]d (@ Script A Tkoside 40 Background A, Japanese Cel Anime I3 Art Stvl 1d€0- o= 9] 8 38 3.3 35.46_ 45 ‘ 8+0 37,0 +3.31 39.34_3 .08 0012 48 0.09+0_05 30 - / S —e— VILA-1.5-3B-384x384 +7.8¢ . +8. +1. . 4.
B R Nt chine B. grassland Perception .31 Remcierad 2B Look  Perosption Video-LLaMA2.1 [9] 7B 3.35M 3834, 588 577850  54.95.179 46.89. 775 4876 992 | 473,720 = ViA=L SBBI e InternVL2 [8] 448 16 8B 57.0312402 62781111 53.68,968 45.57-328 56.247.44 54.63 1 12.95
na',mm'tﬁ pol o ; - Mksning . wood e _ % 1” CG.. ﬁmg:;ﬁn H — M ‘ zfgeo'ttamng;sB;BXjB;M 20B 40.1_16.03 63.89+1,11 51.16_5 52 38.36_7.921 54.55_165 46.42_g 21
0 e A oo e ke e ST A 10 ) \_D. snow-covered landscape b e SR ERAAS S C%‘lat—UmVl I& 16 294 7B 0.65M 24.92 3222 23.37 24.92 38.84 26.26 25 1 e Ve L o an a4xs8a 34B 54.95. 1455 69.44.555 65471431 5607 1771 7025 157 | 60.73. 143
T e VL TS TR T L T N e [ e——— ‘What's the total number of cuts in | VideoChat2 [26] 2M 39311438 60.0127.73 44849147 31Bigss 26451239 | 40811454 e LA Ri2081024 70B | 5192 305 727855 6484 g6 5279 505 6364 g6 | 58.73 50
1% are present in the video? 1) Scene . B0 G Chat-UniVi-v1.5 [20] e | s | o 127M | 345 48.89 25.89 40.98 42.98 35.4 20— - - - - "
T (A R &8 B Conntng L C.3 D. 21 LongVA [62] 1.32M 378633 S111,52, 418960 4787 680 53.72 1072 | 43.32, 792 #frm
..,.-mfm;hr?itrm:ﬂt!m Ek{ Ed] Duke, but Ripcord et T Nktr el VILA-1.5[29] 8B 1.21M 35.78 51.11 36.42 39.34 60.33 39.98 LLM | " E E
seoives wnd sesd i, () Cobs sratips thevideo? (2 Lighting Perception | | | , . Video-LLaMA2.1-AV [9] | 16 | 384 | 7B 335M | 35.78 56.67 36.42 40.0 59.5 40.62 } | ~ | I0/Vi it
destroyed the drill vehicle ... Based on th ol i E / ) ; ) ) 3 . . 1840 0/45.56 AL U10.66 2-0.83 0240.64 Model Res. 5 .
video, how should these events be sequenced? ADeieiy e e Wt Video-LLaMA2.1 [9] 7B 335M | 3834,55 578,14, 54955555 468950 4876 107 | 47.3 66 size | 4 8 16 32 64 128 https://yunlong10.github.io/VidComposition/
Lt b amiguk BT €. natural Hghting lovekey lighting Asnow ~ Brain P PO T Kangaroo [31] 204M | 31.79 51.67 29.05 53.44 33.06 37.1 LongVA[62] | 336 | 7B | 4074 4373 4332 4162 3998 39.39 https://github.com/yunlong10/VidComposition/
| : Jrdering . D. all of the above ! C.tornado | D. explosion 5 s 64 448 8B
i il (e - MiniCPM-V [56] 8.32M 38.18. 630 60.0 5 33 4084 1179 38.36_1508 55.37 2031 | 42.5,54 LongVILA [29] | Dynamic | 8B | 33.00 35.87 35.11 3646 3617 36.11 E




