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a close up of a wok
with a lot of oil in it

The frame shows a
large, worn-out
wok with a dark
interior. There is a
small amount of

oil visible at the
bottom of the wok,
indicating thatitis
ready for cooking.

eggs are friedina

wok on a stove top

cooking eggsina
wok on the stove

Scramble the eggs in the wok

Three eggs are
being added into
the wok. The eggs
are stillintact and
have bright yellow
yolks. The wok
remains in the
same position as
in the first frame.

A metal spatulais
used to stir the
eggs. The eggs are
starting to cook,
with some white
parts becoming
more solid while
others remain
runny.

cooking foodin a
wok on the stove

Image captioning

Video captioning

The scene
transitions to
show the same
wok, now
containing
scrambled eggs.
The yolks are fully
mixed into the
whites.

Progress-aware video frame captioning
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Frame 1

The hands are further
along in the peeling
process, with a larger
portion of the shell
removed. &

The hands are partially
peeling the shell from
the prawn, with fingers
grasping the edge of
the shell.

temporal hallucination p
Two hands are

holding a prawn with
the head facing the
camera. The left hand
is pulling the prawn's
head down while the
right hand is holding
the top of the prawn's

Two hands are
holding a prawn with
the head facing the
camera. The left hand
is pulling the prawn's
head and shell down
while the right hand is
holding the top of the

The shell is nearly
completely removed,
with the hands holding
the almost fully peeled
prawn.

not temporally fine-grained

%

Two hands are
holding a prawn with
the head facing the
camera. The left hand
is pulling the prawn's
head and shell down
while the right hand is
holding the top of the

body.

prawn's body.

prawn's body.
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v Evaluation

1. Benchmarking Video Frame Captioning
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HTC COIN Penn&K

Model Size Cap Prog Cap Prog Cap Prog
Proprietary models

Gemini-1.5-Pro [53] (img) - 284 59.7 24.3 586 153 512
Gemini-1.5-Pro [53] - 314 638 25.0 638 17.6 60.3
GPT-40 [2] - 324 642 213 584 182 63.2
Open-source models

Idefics2 [31] 8B 2.0 544 29 522 125 509
VILA [40] 8B 69 536 5.1 482 159 514
Qwen2-VL [62] 7B 137 696 110 70.8 85 5838
LLAVA-Video [83] 7B 39 593 88 530 97 51.8
LLAVA-OV [33] (img) 7B 59 563 176 554 119 555
LLAVA-OV [33] 7B 78 590 59 573 51 508
PL (VLM ensemble) - 186 625 176 60.1 193 524

ProgressCaptioner (ours) 7B 37.3 73.6 323 66.1 31.3 63.7

Table 1. Results on the FrameCapEval Benchmark, composed of
video from four public datasets. Cap and Prog denote caption
matching and progression detection accuracy, respectively. PL de-
notes the pseudo labeling baseline adopting filtered captions from
multiple VLMs. ProgressCaptioner greatly outperforms SOTA
open-source VLMs and even the leading proprietary models, de-
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2. User Study
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Figure 7. User study results comparing ProgressCaptioner with
top competitors show it as the most preferred model (see text).
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2. Video ReCap: Recursive Captioning of Hour-Long Videos (CVPR 2024) [link]
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Clip C drives the C turns on the C picks up C puts down the C pushes the C walks in the parking
Caption car left turn signal. apples. okra packet. trolley. lot with the trolley.
Segment 7 C shops around the supermarket and C carries the items in a trolley and put

Description ST CED R e s puts the fruits and greens in the bag. them in the car.

C drives to a supermarket to buy fruits, vegetables, and groceries. C walks around the supermarket, chooses items, and puts them
on the trolley. Then C pays at the cashier, puts the items in the car, and drives back.
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Data
Instances  Clip Segment Video
A Caption Description
o Training
Stage 3 " Stages
Figure 3. Hierarchical Curriculum Learning. We gradually
learn the hierarchical structure of the video, starting from short
low-level captions to long high-level video summaries.
o C|O|E{Q AIZ® L XZ HtHs}17| /8l Curriculum Learning2 A%

o

in
o T™X clip captionZto 2 SI&SHH 7H& SEt low-level QIME &5
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o OFX|2IOZ video summaryE 5ol 71 AEE| 29 sHS 58

f f f M
GT Copens Cpeals C cutsthe C turns off
Captions  the fridge. onions.  onions. the stove.  C takes onions from the
Vid L2 e . fridge and cuts them.
(60 nlmir?&es) '/ (Pseudo Segment
. . Description)
5 min

Figure 4. Large Language Model Supervision. Given short-
term ground truth captions, we use an LLM to generate pseudo-
ground truth annotations for medium-length segment descriptions
and long-range video summaries to augment our training data.
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o TF (Term Frequency): =&0A XtF= S&SH= HOE SRS HOZ &
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o IDF (Inverse Document Frequency): TH0{7} 0{2{ reference E&0 0| LIEILIH E SR T2 &
> ZEO|M Xt= SEOIH MHEHEE ZR5HK|= &3 (0: a, the)
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2. ROUGE-L (Longest Common Subsequence)
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o F 2N =ME FXISHHM 32 E LIEILH= 7HE 2! subsequence

Lt

= subsequence: el A[AA0M LR THOE =ME RXITH A MEHSH] TH=E A[RA, H, A5
s els.
o Query: he parks the car in the lot
o Reference: he parks the car and walks away

o he = parks - the = car, 0| 4| 7= &=M7t RX|=EH 38, LCSe| Z0|= 4

-

o FAtDE HUL /MdE/F1 H+E €8¢
» Precision = 22 2X0||M LCS7} XHX|8t= H|E
» Recall = ¥ SHO0|M LCSTt XIX[St= H|2

= = Ot 2X0f| LCSe| 207t S » =M7t EEE FX[= THof 7t
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3. METEOR
o TSt n-gram YX|7t ofL|2t, THo] |O|7EX] 2fol H wstA| Wt
o OH%E 4THA|(Exact/Stem/Synonym/Paraphrase)= 3%t
o unigram= &%t 0| DA El tHo{= O|85IX| 5
o Query: The man driving his automobile to the store and exited it quickly.
o Reference: The man drove his car to the store and got out of it quickly.
= Exact: THO{7t HENTHX]| 2tH5| S Lot 22 OfE
e matches +=9
= Stem: 0] 7|t O
e driving = stem = drive, drove - stem = drive - matches +=1
= Synonynm: S2|0{ 7|dt Of&
e automobile <> car - matches +=1
= Paraphrase: 2% CiA| OjA
o exited <> got out of - matches +=1
« O|= Fragmentation PenaltyE Al4teh (90|17t HME= 22 1H)
o Query: The man entered some items and quickly bought the store.
o Reference: The man quickly entered the store and bought some items.
o matches =10
o HE| i oSS 2mA T (X[ OHE > 1,2,4,9,10,7,3,8,5,6
o BIt= AL RO E LiF chunks A4 = [[1,2,4,910], [7], [3,8], [5,61] = 4
Penalty = 0.5 x (chunks/matches)®

METEOR = (1 — Penalty) x Fmean
Frean = (10PR)/(R + 9P)

o chunks 37t - penalty 37t > RAL=(F_mean) Z4

1. Main Results on Ego4D-HCap
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Model Visual Text Train Clip Caption
Encoder Decoder Params | CIDEr ROUGE-L METEOR
Zero-Shot
BLIP2 [27] VIT-G  FT5-XL 0 ‘ 8.1 74 12.7
Finetuned
LaVila [64] TSF-B GPT2 258M | 88.56 47.64 28.03
HierVidCap TSF-B GPT2 339M | 98.35 48.77 28.28
HierVidCap-U | TSF-B GPT2 113M | 92.67 47.90 28.08
(a) Results for short-range clip captioning.
Model Video Text Train Pseudo | Segment Description Video Summary
Encoder Decoder Params  Ann. C R M C R M
Zero-Shot
BLIP2 [27] + GPT3.5 [11] VIT-G  FT5-XL 0 X 568 16.87 1347 | 11.13 2241 12.10
LaVila [64] + GPT3.5 [11] TSF-B GPT2 0 X 579 1977 1345 | 12,16 2449 1248
Finetuned
LaVila [64] + GPT2 [38] TSF-B GPT2 336M X 38.22 38.10 16.58 | 17.98 2948 12.81
LaVila [64] + FLANTS [14] | TSF-B  FT5-XL  586M X 39.13 38.77 16.88 | 20.12 30.06 13.17
LaVila [64] TSF-B GPT2 258M X 2463 3331 1530 | 6.54 2397 1095
HierVidCap TSF-B GPT2 339M X 41.74 39.04 1821 | 28.06 32.27 14.26
HierVidCap TSF-B GPT2 339M v 46.88 39.73 1855 | 2034 3264 1445
HierVidCap-U TSF-B GPT2 113M v 4560 3933 18.17 | 31.06 3332 14.16

(b) Results for medium-length segment description and long-range video summary generation.

347} ol o[ Al
o Ego4D-HCap2 Ego4D FA2 7|Hto =2 AXE A SH MY Oo[EAl
e Clip(5.27M, & 1%), Segment(17.5K, 2f 3&), Summary(8.3K, & 28&)2 74 &
o 7|& Ego4D0l= EA|ZH 22F0] 810 Summary Cl|0|E 8,2677HE MZE 7158
w7}
o W7} X|EZ CIDEr(C), ROUGE-L(R), METEOR(M)Z2 AtE¢
« zero-shot baseline(BLIP2 S)1} fully finetuned baseline(LaViLa §)2 H|1 %

MSh
=0

rulru
HI

« pseudo-annotation Z=7} 020 [}E d5 H}

o Video ReCap2 2 E A& (Clip/Segment/Summary)dlAd 2E baseline CHH| 2438
« E3| CIDEr 7|Z, LaViLa tiH| Clip +9.79, Segment +17.11, Summary +21.52 $4leh,

« pseudo-annotation2 F7t5lH Segment +5.14, Summary +1.28 CIDEr 45¢.

2. Video-Language Input Ablation

Segment Description | Video Summary
C R M C R M

Video 40.17 38.65 17.59|25.64 29.61 13.57

Text 40.10 38.02 17.41|23.23 29.17 13.31

Video + Text | 41.74 39.04 18.21 | 28.06 32.27 14.26
Table 4. Video-Language Input Ablation. Using both sparse

video features and recursive text inputs leads to better performance
for both segment description and video summary generation.

Input
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=5
El
oo

« recursive caption0| gi= &< (Video-only) / }= 8%
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o sparse video feature2t text featureZt A2 EHtMOIX| A

o 3 DTIB|E|OH HZS D LIHA| B 1XE SUSHA SX|¢
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o Video+Text Z80| Segment2 Summary 250 A %1 M52 7|28
o SegmentOi|A Video+Text= Video-only CHH| +1.57, Text-only CHH| +1.64 CIDEr &F&tgt.

o SummaryOl|A= Video+Text?t Video-only CHH| +2.42, Text-only CHH| +4.83 CIDEr &4gt.

[Paper Review] Video Captioning and Summarization, and Their Evaluation Methods



o Text-only= SegmentOi| A= £45tX|2 SummarydiM= 2 85 XN5t7t AZ > Visual BEE= 7|12 452

i St 4

3. Hierarchical Curriculum Learning

.. Segment Description | Video Summary

Training Scheme C R M C R M

Init — Segment 36.81 38.70 17.17 - - -

Caption —+ Segment 41.74 39.04 18.21 - - -
Init — Video - - - 8.62 26.33 11.24
Caption — Video - - - |24.84 30.74 13.25
Caption — Segment — Video | - - - |28.06 32.27 14.26

Table 5. Hierarchical Curriculum Learning. Using the pro-
posed curriculum learning scheme yields a performance boost of
+4.93% in segment description and +19.44% in long-range video

summary generation compared to training the model from GPT2
pretrained weights (Init).

7}

o CHA 74X| &t& YHAl H|W: Init->Segment, Caption—->Segment / Init->Video, Caption->Video,
Caption->Segment->Video.

o ZHHIAR BhE A|ZF A B3t otE T & A7t CHE.
o Clip>Segment->Summary =92 at&5H= WAO| X 21 M52 7|58,
o curriculum 2A10| EHA|Zt captioning?| SHAAS Hets| R F

o DO W2 A7t THRlo|M " S JHE S HA S5loF O 2[of|A EHz| o[of7| EE StEY

o EE2 Dt JIX|Tt Summary= 8 IOl 1S, HSEH SummaryE of&oHH 20| overfit

3. What Is That Talk About? A Video-to-Text Summarization Dataset for
Scientific Presentations (ACL 2025) [link]
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Complementarity of parametric and y
non-parametric memories o

Summary

Despite their impressive performance on diverse
tasks, large language models (LMs) [...], implying
the difficulty of encoding a wealth of world
knowledge in their parameters. This paper aims to
understand LMs’ strengths and [...], by [...]. We
find that LMs struggle with less popular factual
knowledge, and [...]. Scaling, on the other hand,
mainly improves memorization of popular
knowledge, and fails [...]. Based on those findings,
we devise a new method for retrieval-
augmentation[...] memories when necessary.

o S 2H FY > =2 £E &2 2942 750t ot= Uit 2 F-HAE H|O|E{ Al VISTA(18,59971) & | X = IS
st
o 7|Z End-to-End 2Al9| StAIE sl ZSt7| 2IsH, 22k M| ‘A€l (plan)’'E MM5l= Plan-based Summarization2 =
23l SOTA d52 2d<
3.4
Dataset Language Domain #Videos VideoLen SumLen

MSS (Li et al., 2017) English, Chinese News 50 34 —

YouCook?2 (Zhou et al., 2018) English Cooking 2.0K 53 67.8
VideoStorytelling (Li et al., 2019) English Open 105 12.6 162.6
VMSMO (Li et al., 2020) Chinese Social Media 184.9K 1.0 11.2
MM-AVS (Fu et al., 2021) English News 2.2K 1.8 56.8
MLASK (Krubinski and Pecina, 2023) Czech News 41.2K 1.4 334
VideoXum (Lin et al., 2023) English Activities 14.0K 2.1 49.9
Shot2Story20K (Han et al., 2025) English Open 20.0K 03 201.8
BLiSS (He et al., 2023) English Livestream 13.3K 5.0 49.0
SummScreen®” (Papalampidi and Lapata, 2023) English Open 4.5K 40.0 290.0
Ego4D-HCap (Islam et al., 2024) English Open 8.3K 28.5 25.6
Instruct-V2Xum (Hua et al., 2024) English Open 30.0K 31 239.0
MMSum (Qiu et al., 2024) English Open 5.1K 14.5 21.7
LfVS-T (Argaw et al., 2024) English YouTube 1.2K 12.2 —

VISTA (ours) English Academic 18.6K 6.8 192.6

Table 1: Comprison of video-to-text summarization datasets. #Videos = the number of videos, whereas VideoLen
and SumLen refer to the average of video duration (in minutes) and the average number of summary tokens.

Sentence Count Distribution Token Count Distribution Video Duration Distribution Video Shots Distribution
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Planning questions

q1:What challenge do large language models face despite their impressive performance on diverse tasks?
q2:What is the aim of this paper regarding large language models?

q3:Whatis one key finding about LMs' performance with less popular factual knowledge?

q4:How does scaling impact LMs’ ability to memorize factual knowledge?

q5:What is the proposed method based on the findings of this paper?

Summary

[Despite their impressive performance on diverse tasks, large language models (LMs) still struggle with \!
tasks requiring rich world knowledge, implying the difficulty of encoding a wealth of world knowledge in
their parameters.]t! [This paper aims to understand LMs’ strengths and limitations in memorizing factual
knowledge, by conducting large-scale knowledge probing experiments on two open-domain entity-centric
QA datasets: PopQA, our new dataset with 14k questions about long-tail entities, and EntityQuestions, a
widely used open-domain QA dataset.]t2 [We find that LMs struggle with less popular factual knowledge,
and that retrieval augmentation helps significantly in these cases.]*3 [Scaling, on the other hand, mainly
improves memorization of popular knowledge, and fails to appreciably improve memorization of factual
knowledge in the tail.]*4 [Based on those findings, we devise a new method for retrieval-augmentation that
improves performance and reduces inference costs by only retrieving non-parametric memories when
necessary.]t3

10-0d5 &

UONPAUIL) UD] ]

(

i

Figure 4: GPT-o1 generates plans based on reference summaries. Each question ¢; corresponds to a summary
sentence t;, which we assume constitutes its answer. Index i ranges from 1 to the number of summary sentences.

o S0k HIAL: Plan-based Summarization

o (1) Plan Generation (PG)

o
o EE XE2 2% H2IZ QUD 7|8t9| Plan QuestionsZ #2560 (v,p,s)HEN| supervised training triplet H|O|
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v Evaluation
v WL X|g 29
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o ROUGE-L: 29t} & AO

o VideoScore: 4 & (video)zt 20| BHE Q9% (summary) 7+ A|THE| HEFM(semantic alignment)
£ £d5t= X E [link]
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e Conciseness
e Coherence
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2. LMM-as-Judge Evaluation
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N Human Evaluation Guidelines

Prerequisites To participate in this evaluation, you must meet the following two criteria: (1) be a Master’s or
Ph.D. student in Computer Science or Computational Linguistics, and (2) demonstrate English proficiency at C2 level
or higher.“ If you do not meet both criteria, we kindly ask you to refrain from participating in this task. Eligible
participants are encouraged to follow the instructions below carefully.

Instructions The following section provides detailed descriptions of the evaluation metrics and criteria used in

this study. Please review the accompanying source video and the candidate summaries thoroughly. After evaluating

each summary, assign scores based on the five criteria below, using a 1-to-5 Likert scale where higher scores indicate
better quality:

+ Faithfulness: Assess the accuracy of the summary in representing the content of the source video. A faithful
summary should adhere closely to the source material, avoiding contradictions, misinterpretations, or unverified
information.

* Relevance: Measure how well the summary includes the topics and themes central to the source video. A relevant
summary should focus on the content that is most pertinent to the original video.

« Informativeness: Evaluate the extent to which the summary captures the main points and essential details of the
source video. An informative summary should provide a clear and comprehensive understanding of the video’s core
ideas and findings.

* Conciseness: Determine the efficiency of the summary in conveying information. A concise summary should avoid
redundancy and extraneous details while retaining all critical information from the source video.

* Coherence: Examine the logical flow and overall structure of the summary. A coherent summary should present
information in an organized and easy-to-follow manner, ensuring that ideas connect naturally and transitions between
points are smooth.

Rating System For each metric, use the following Likert scale:
* 1 (Worst): Does not meet the criteria at all.

¢ 2 (Poor): Meets the criteria minimally.

* 3 (Fair): Meets the criteria adequately.

* 4 (Good): Meets the criteria well.

+ 5 (Best): Fully meets the criteria.

Overall Ranking After assigning scores to each summary for the individual criteria, rank all candidates from
best to worst based on their overall quality. Consider the summaries’ performance across all criteria when determining
the final rankings.

“https://en.wikipedia.org/wiki/C2_Proficiency

Figure 19: A snapshot of the experimental instructions provided to human evaluators.

O Prompt for GPT-o1 to Evaluate Summary Quality

Source Video: {Source Video}

Candidate Summary: {Candidate Summary}

You are tasked with evaluating the quality of the candidate summary based on the provided source video. Please adhere
strictly to the following evaluation guidelines and scoring criteria to ensure a consistent and objective evaluation.
Evaluation Guidelines: {Guidelines}

Instructions for Qutput:

¢ Provide your evaluation using the following format, outputting scores only.

* Assign a score from 1 to 5 for each dimension, with 1 being the lowest and 5 being the highest.
Output Format:

¢ Faithfulness: [Score]

* Relevance: [Score]

¢ Informativeness: [Score]

¢ Conciseness: [Score]

¢ Coherence: [Score]

If you encounter ambiguity in evaluating any dimension, prioritize adherence to the evaluation guidelines and provide
the most accurate score possible based on the provided information. Do not include any additional comments or
justifications in your response.

Figure 20: Prompt for GPT-01 to evaluate summary quality.

1. LLM/VLM Summarization Benchmark
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Method Model Open-source R1 R2 RLsum SacreBLEU Meteor BERTscore CIDEr-D  VideoScore FactVC

LLaMA-3. Tgranscript v 2368 422 21.39 2.70 14.62 80.93 1.17 1.53 34.32
LLaMA-3.100R v 2402 437 21.42 2.63 14.59 80.33 1.19 1.50 34.06
Quen2-Audio v 2352 429 21.53 2.49 14.77 80.62 1.15 1.59 3431
& Claude 3.5 Sonnet | X 2771 559 2414 314 1753 8257 1 1327 191 50.1
E Gemini 2.0 X 27.82 5.66 24.29 422 17.83 82.64 1.47 2.02 52.02
3 GPT-01 X 27.90 5.69 2437 438 17.90 82.63 1.61 2.17 51.36
g Video-LLaMA v 20.18 3.19 21.24 1.76 1373 81.31 1.08 1.63 3225
% Video-ChatGPT v 2036 352 21.43 1.79 14.01 81.35 1.11 1.63 3321
[g Video-LLaVA e 2529 450 @ 2252 2.82 1513 81.39 1.17 1.65 3645
LLaMA-VID v 2531 477 2253 2.88 1527 81.32 1.14 1.64 36.39
LLaVA-NeXT-Interleave e 2541 482 22.68 2.92 1525 81.40 1.18 173 40.12
mPLUG-0w13 v 25.57 482 22.84 2.99 15.33 81.39 1.21 1.77 4207
Plan-mPlug-Owl3* s 25.621 495t 22971 3141 15391 g81.45t 1.271% 1.86' 47371
LLaMA-3. Tgranscript v 3224 1138 3039 8.03 21.57 82.39 3.86 2.81 5322
w  LLaMA-3.10cR v/ 3301 1211 3052 8.04 21.55 82.41 3.92 277 53.19
£ Quenz-Audio . A 3217 1205 3077 787 2186 8236 41l 280 5427
2 Video-LLaMA v 3074 7 944 2833 6.45 2249 82.61 3.99 277 52.05
2 Video-ChatGPT v 3168 1050 3040 7.63 23.67 82.62 4.02 278 55.02
= Video-LLaVA v 33.16 1264 3037 8.17 23.92 82.81 4.26 2.83 59.13
= LLaMA-VID v/ 3331 1273 3049 8.22 23.90 83.01 4.31 2.88 62220
S LLaVA-NeXT-Interleave v 3337 1277 3056 8.30 23.95 83.47 4.47 293 66.14
©  PLUG-Ow13 e 3340 1282 30.66 8.29 2397 83.49 4.47 292 70.08
Plan-mPlug-Owl3 v 335218 1301t 3110t 8.33 24111 83,531 4.52 311t 73.111
LLaMA-3. Teransoript v 3337 1193 3086 8.27 25.12 83.71 4.87 321 63.38
LLaMA-3.1pcR v 3402 1242 3172 8.51 15.11 84.09 4.89 3.32 65.84
e Quen2-Audio A 3382 1237 3163 833 2509 8362 A 483 322 6662
g Video-LLaMA v 3219 11.86  31.68 8.41 24.99 83.83 477 3.04 6421
T Video-ChatGPT e 3247 1211 3221 8.72 25.09 83.91 4.82 3.11 66.09
£ Video-LLaVA v 3328 1339 3278 9.10 2542 83.97 4.87 3.13 66.12
= LLaMA-VID e 3347 1353 3280 9.21 2541 84.03 4.91 3.17 68.30
= LLaVA-NeXT-Interleave v/ 3375 1361 3288 9.26 25.63 84.11 5.01 323 7342
mPLUG-0w13 e 3422 1362 3291 9.32 2572 84.22 5.03 3.28 71.94
Plan-mPlug-Owl3 e 34531t 13741 33251 9.56' 258811 84.3711 5.15M 3.33M 75411t

Table 3: Model performance on VISTA dataset. In Plan-mPlug-Owl3*, only the PG module is trained. Plans
generated by the PG on the test set serve as input to the SG module for zero-shot inference (no training is applied
to the SG module). Symbols  and * indicate that the performance of P1lan-mPlug-Owl3 is significantly (p < 0.05)
different from LLaVA-NeXT-Interleave (third best) and mPLUG-Owl3 (second best), when using the paired t-test.

o CIASH QEAAHIQEAA | LMM-VLM 2ES 02| LIt X|EE Eoff 1| Et
o = dAl(transcript / OCR / Audio / Video 2| modality)of| 2} 22 Z=0|2t: CHE M52 H0|=5 MA|E
o« ZEHHEZE zero-shot 2 M52 2| H WSt H|O|ARIQI ERE It FS&0| UAS

 FactVC-VideoScore Z#2 F& 7|8t Hetd X[HE Zolsto the HIAE 00| ot HE[ZE FEHS Hotet

« 59| FactVC2 VideoScore?} I A JHME[0 Fb 7|HE AtAE-Hef 40| Lot

o 7|2 LLaVA-NeXTLI Qwen2-Audio § 7|Z 24 CHH| Plan M ZHO| A™¥HOZE =2 M+-E 7|EY

2. Modality Ablation

Modality Zero-shot Learning QLoRA Fine-tuning Full Fine-tuning
R2 RLsum VideoScore FactVC | R2 RLsum VideoScore FactVC | R2Z  RLsum VideoScore FactVC

Video only 2.68 2034 1.55 2893 | 8.83 2751 2.65 5066 | 10.78 30.02 291 60.87
Audio only 214 1972 1.41 26.84 | 7.52 2634 2.48 45.79 923 2793 2.73 58.02
Transcript only 202 18.01 1.34 2553 | 691 2433 2.39 44.87 8.44 2581 235 54.11
Video + Audio 319 21.24 1.63 3225 | 944 2833 277 52.05 | 11.86 31.68 3.04 64.21
Video + Transcript 1.87 1894 1.39 2776 | 735 2482 251 48.63 9.01 27.19 2.65 58.91
Audio + Transcript 164 1855 1.35 2748 | 723 2473 2.38 47.15 857 2582 2.54 55.39
Video + Audio + Transeript | 1.92  19.13 1.47 28.60 | 7.37 2529 252 50.72 922 2721 2.61 59.30

Table 4: Performance comparison of different modality combinations.
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Faithfulness Faithfulness

Coherence Relevance Coherence Relevance

4B

Conciseness Informativeness
Conciseness Informativeness

Models (best/worst) Models (best/worst)

Human (81.7%/0.1%) = mPLUG-OwI3 (3.3%/12.3%) = GPT-01 (0.4%/63.2%)
—— Plan-mPLUG-Owl (12.4%/6.6%) —— LLAVA-NeXT-Interleave (2.2%/17.8%)

Human (90.2%/0.0%) —— MPLUG-OwI3 (2.2%/6.9%) — GPT-01 {0.2%/77.4%)
—— Plan-mPLUG-Owl (6.1%/4.9%) —— LLAVA-NeXT-Interleave (1.3%/10.8%)

Figure 9: LMM-as-Judge evaluation results showing Figure 6: Human evaluation results. Human-written

that human-written summaries consistently outperform summaries consistently outperform all neural models.
neural models.
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4. Integrating Video and Text: A Balanced Approach to Multimodal
Summary Generation and Evaluation (AACL 2025) [link]

¥ Review
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2. Clip Captioning with
Character Names

[On a porch, Luke is helping Noah put on a jacket. | [Noah is putting a CD in a computer]|

Noah is reluctant.
3. Screenplay (inserting clip captions into the transcripts) S§5
Luke: Well, if you'd put on the jacket that | brought out for you, you'd understand. Here.

{On a porch, Luke is helping Noah put on a jacket. Noah is reluctant

Luke: Just check the pocket. No. The other one.

.}
4. Multimodal Summary

[On a porch, Luke's insistent attempts to get a reluctant Noah to put on a jacket|and
check its pocket create suspense, foreshadowing the reveal of an award hidden inside.

I:] caption information

e Screenplay-based Summarization
o HI|CIQ MAON 'EL23 272 AL l= F2H(silent segments) 22 Ho|at
= transcript?t audioE 7|ECE TAE|7F LW A|ZE S HX|E|X| gt= 772 Silent ClipL = TEhet
= =22 0[2{%t silent FZHOA SHA AZH AA (HS-HH-2b2 Ho}) 0| Xt eMetsS Z2HE &2

1. & silent F1Zt=S SR FU2Z MEHSHY video cliplZ FEY

2. FEE clip2 VLMO|| 2&3sto{, S& Q= (character)zt &S (action)2 HAISH= clip caption2 MMt
o IEIEOQ= transcripts & 2o 2t ®M3gt

« 20| transcripte] 2t HAIS HIC| 29| 2|99 LYEHOR oizetel, 2t Taelo| SFot= H2UE 9l 0|52

<VIDEO CLIP>

Here are the transcripts for the corresponding video:

<CLIP TRANSCRIPTS>

Describe what is happening in the video in all the details

Explicitly state the names of the characters in your description when possible

-

o

3. clip caption2 transcript2| timestamp | X|0f| & 5t0d, 'CHAF + A|ZE BH HdH'S A&t screenplay-like A

g 243

4. LLMOJ 0] screenplay A& 7|dto =, HIAE MHQ} H|C|Q HEJ #HEl multimodal summaryE A4t

-

2. fact evaluation

fact recall: 67%@

Monomodal Summary

&
1. groundtruth v visual recall: 0%
summary facts ? textual recall: 100%
a
a MFactSum: 50%
Multimodal Summary | fact recall: 67%@
a

x| visual recall: 100%

::‘j textual recall: 50%

=

= MFactSum: 75%©

e MFACTSUM
o H|C|Q 2t&H AfAl(visual facts)af EIAE 2 AtA (textual facts)S M2 ZMSIH WHES L= BHAI9| metricg M
Z X2 > A|Z HEQI HIAE MEJI 73 QA ZSE|A=X] LWL
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o 7|Z metric(fact recall)2 & summary(mono vs multi)E £2Z0| “67%"=2 H7t5tX|2F, MFACTSUM A2t &
H(visual fact)E 0Ot ZEHA=XE B2 AL HE[ZE Q90| O ELtA SHIEA It
o LLMS 7|2toZ 3Lt ntHE £Hlst

1. Fact Identification
¢ groundtruth summarys 2%
o LLMI} few-shot X E AtE
o “Cassie shakes pills into her hand while Jonathan sleeps.”
- fact 1: Cassie shakes pills into her hand
- fact 2: Jonathan sleeps
2. Visual Fact Classification

o ZtfactZt AlZt FE 7|HIQIX| Eoi= CHAL 7| 2HIX] EhEhet

visual fact

kd
o
o
i
no
1
50
rir
J
)
v
no
1
52
I'_'E'.

e transcript?t &

o few-shotQ 2 St&E visual/textual 23 O|A| &

o YWE/EM/HH/AX|/ZEIH SZIY - visual
o YohLHE, #tA, Z4H EH > textual

3. Fact Evaluation
<TRANSCRIPTS> <« generated summary
Is the Input supported by the above summary?

Input: <INPUT FACT>. # 1-22}° 0| A X|Z}H&E

Answer by True or False. Justify your answer

o MMEI Q0F0| factE BIEM =X HEE LLMO| True/FalseZ 2H et
o Recall(HY 29 & A SOIA 0|= Q0| AN|Z BtHSH H|E)2 visual/text 2442 Al = WH

o Zt RErA|E|OM 2Rt factS HOFL} WILR| K] EUALIE ZHUA Hotot= Aol S8

Nvis_supported

Vis-rec =
Nvis_total
N, text_supported
text-rec =
Ntemt_total
vis-rec + text-rec
MFACTSUM =

2

v Evaluation

1. Evaluation results on SummScreen3D

vis-rec text-rec MFS ‘fact—rec rl 2 rlsum’avg-len

multimodal baselines
Modular-Kosmos (Mahon and Lapata, 2024) 7.39 19.56 13.48| 17.90 44.86 11.83 42.97| 314.0
VLog 7.77 15.66 11.72| 14.62 25.99 3.11 24.69| 314.0
Qwen2-VL-72B (no video) 16.16 38.0 27.08| 350 40.6 8.97 39.28| 718.5
Qwen2-VL-72B (video)* 23.69 37.50 30.60| 35.61 38.06 8.11 36.95| 889.0
Screenplay Summary (Qwen2-VL-72B) 2443 3545 2994|3393 36.50 7.23 35.51| 749.5
Gemini 1.5 Pro (no video) 21.54 4244 31.99| 39.52 41.52 9.04 40.06| 573.9
Gemini 1.5 Pro (video)* 27.48 43.00 35.24| 40.87 46.67 11.77 44.99| 688.3
Screenplay Summary (Gemini 1.5 Pro) 33.04 45.12 39.08| 43.53 40.23 8.57 38.82| 601.1

Table 1: Evaluation results on SummScreen3D. We report the visual recall (vis-rec), textual recall (text-rec)
and MFACTSUM denoted as MFS. For comparison, we also include ROUGE-1 (r1), ROUGE-2 (12), ROUGE-Lsum
(rlsum) and the simple fact recall (fact-rec). The average summary word count is denoted by (avg-1en). Best
results are in bold. * indicates the VLM is prompted on the full video and transcripts in an end-to-end fashion using
the maximum number of frames allowed by the APL

"ot cllolg{ Al
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w7}
« MFACTSUMS AtE3dl visual fact recall(vis-rec) 2} textual fact recall(text-rec)2 ZtZf A4t
- ROUGE-1, ROUGE-2, ROUGE-Lsume &7 Z53 7|1Z A E Z4 metricat H|m 3
e avg-len(@= 29 Z0|)S F7t2 Hasl 20| Xj0|= Qlot H4 HIFS FHE
e D E paseline2 S promptZ zero-shot R4S £ 2HMS 2t
o % 213 modality(video / transcript / screenplay)0il 2t & X10| 2 H| gt
NCEE
o videoE ZF HHE2 VLM(Gemini, Qwen2-VL)2 visual factE 29| 8tFstX| 2} vis-recO| A LIS
o screenplay #Al2 S DHS AL T vis-rectt text-rec ZF 712 22 AHE HY
o E£79| screenplay 4!9| vis-rec2 Gemini(video) CHH| 2f 20% 7177t0] 7 M &
e ROUGE AZ0A= 23|21 MEH transcript-only 20| =3
o ROUGELS "HEFt n-gram FH9I2 LOtLt EZHo| K=7t2"2 =2

o AlZtH AtAlo] ZXBH=El Multimodal summary= O abstractivesiAl ROUGEO]| 22|&t

2. Ablation results for screenplay

vis-rec text-rec MFS ‘fact-rec rl 2 rlsum‘avg-len

w/o handcrafted prompt 20.55 40.66 30.61| 37.96 40.91 8.78 39.54| 609.9
w/o character ident. 34.35 43.32 38.84| 42.14 39.97 8.26 38.58| 576.5

Screenplay Summary (Gemini 1.5 Pro) 33.04 45.12 39.08| 43.53 40.22 8.65 38.90| 601.1

Table 2: Ablation results for our screenplay summarization pipeline using Gemini 1.5 Pro as the based model.
We report the visual recall (vis-rec), textual recall (text-rec) and MFACTSUM denoted as MFS. For comparison,
we also include ROUGE-1 (r1), ROUGE-2 (12), ROUGE-Lsum (rlsum) and the simple fact recall (fact-rec). The
average summary word count is denoted by (avg-1en). Best results are in bold.

Yot gy

o Ifo|mzjolo| siAl 1M Q@ AE0| AXZE multimodal 22 M50 7|0dSH=X|E =tolst X} ablation2 st

o handcrafted prompt: A3 2I1Z2|0] 229F A| LLMO| A|Zt HE (HS- AW §)E HIXHOZ SIS E QT 5t
7| 9i3t B M TEZES ARY

—_— a0 —

o character identification: H|C|2 221t sliT CHES A XS5, 20| L |L-CHAI HAS Edl| S&E Q=9
O|E2 Hets| FESILE o= HAIY

o vis-rec, text-rec, MFACTSUM=Z AtE5I0] FAHEIAE MHE 3|22 22| WItet
e ROUGE-1/2/Lsum2} fact-reck &/H 211, BIAE J|dt WIIX|HO|| A2

o avg-lens &M 7|F5t0] R9f 20| At0| 2 QIgt d&5 HES iAot 2R} &

NCEE
 handcrafted prompt X[ A| vis-recO| &f 40% 5t2t5t0{ LLMO| 7| 2X o2 HAE MEXQlo| E&{H
« handcrafted prompt X|A A| text-rec= 874 t2sH multimodal 222 EE0| MM o= HOo{ &
o DHEI2 AT X7} QIO MESHA HE HAE-only QA= S0t
 character identification X7{= MFACTSUM-ROUGE 250 2 H3t7t QIS
o transcriptsOi| 0|0| &= CHAMOIC $EX} O[S0 R0 YLEE, LLME2 29 M Al S& 21E2 0|5 S M

HE NAARA £ T 4 9

AN

alo

« ROUGE A0M= d50| 42
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o visual HEE 0| @245 HH0| TS| T THO| overlap0| &7| IfZ0f| ROUGEZI HO{ &

o MUSHHM MM 58 I} LLM-VLM based QA
(Progress-Aware Frame Captioning, CVPR 2025 — Cap/Prog 7|2t fine-grained Z7f)
o BIAE Mzt M} ROUGE-L / METEOR / CIDEr
(Video ReCap, CVPR 2024 — FMEX ZiM 5 It X/ H)
o H|C|R-29F MetM MI}: VideoScore / FactVC
(Video-to-Text Summarization, ACL 2025 — Z&tnf EIAES| AFA X[ OfE T 7H
o HE|ZRE EX ZH HIt: LLM-as-Judge
(Video-to-Text Summarization, ACL 2025 — 29F9] MErx ZZX 4l o #tA T )

4

o
OF

o HAE.H|C|Q # et m™Jt: MFACTSUM

(AACL 2025 — /A E9f HIL| R FHO 78 9li= B 0= & 7))

0
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