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image_encoder - ResNet or Vision Transformer
text_encoder - CBOW or Text Transformer

I[n, h, w, c] minibatch of aligned images
T[n, 1] - minibatch of aligned texts
W_i[d_i, d_e] - learned proj of image to embed

W_t[d_t, d_e] learned proj of text to embed
t - learned temperature parameter

FHoH HH H H

xtract feature representations of each modality
= image_encoder(I) #[n, d_i]
= text_encoder(T) #[n, d_t]

— H

e
i 5
_f
oint multimodal embedding [n e]

, d_
12_normalize(np.dot(I_f, W_i), axis=1)
12_normalize(np.dot(T_f, W_t), axis=1)

# ]
I_e
T_e

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2



AR

RIREHR R EFE, B
IXILLEITE, ERME
ERBERNESREESTS

F @ BRI TS,

KiEelF=

- LIBAESFAREES
- EZEIILLF 3125 B 1R

- M EWITEXIIREHREEETT
] [E%n

el T 2RSIlgE
HOEIN, FOUEE T EHE
FEBFIENTEST
HNBEXEDSETE.



BLIP #1 BLIP-2

|
—‘

iR £ i

28



BLIPRIRE S =505k
@ B VLP {EBRIEHR BLIP B KtZ 5k

(E5E1%: BRSSERMELIFRR MED iR&55Y: HR—IEMESHER
REEEBNER—ES (WaERE f2H Encoder-Decoder FiRB GRS
Fm) ®RUHe, REF—HNSES ), FTm{ESSEEERE, LU TSRS
EERAES], BRSERESHNGE—EE.

FURIRH: IR EETI (R CapFilt {258 : SAFIRIREEIRE

BT K P 23 TEEN Y IR E SRR 5| \“Captioning and Filtering”seHg, =+
&R, B—MURHISE AT, L INBETIRNEEETRESRER
S IZIEEIEIME. BHES, RAFINE,



BLIPHYEEESEHE

SOTA MRERIR B IER +2.7%

e B EER (Recall) 12+
G- STARER. BIEEeR. Wi ST
2 (VQAE S T - B I IE L,

RIS T SAHUBRSTH (SOTA) .

BigFRERL
+2.8%

CIDEr tH& o #08TT
AIGC ZypIFR
[ iz AT EREREERIGIR R (Prompt)
, B AIGC ESIEE B, fIa A (VQA) o
ControlNet Ay Automatic Prompt IJ8E, VOA Accuracy fEHfEiE ﬂ-+ 1 R 6 /()

IERET BLIP f=REISLIIAY,



BLIP{ERIZEY) . MEDRES 22443
S—IBRE S ERRIMEDSRS

Multimodal Mixture of Encoder-Decoder

F—RIIRBUESR
—EREREEREFMIS, B
RESEE, HERASRE.

SIF=HHZIOIRE,

ERERIRSXEL. BG5S TES | .53 | L .
N N | “[CLS)+ | * [Encode] + ® “[Decode] + |

XARLER, BEERSERES. ' i 7 /

_ I kA R AR EE SRS

IRERYAEE S TERE
HEREMESESHE BE
IRFHERE NIHES RO,




BLIP — —IBR S5 RLIESE (Salesforce, 2022)
=4I BE

S R-55(E55 LS SOTA, 3El
TEES%/EIR—,

n AT : MED (StREEHmESEE-H46D
R )

RiBHSAESTUSGREE, ERRES
fmioes. BRSSP mBERIERS|ISNX
FRRRERRIETT
m FWARGEMA2: CapFilt (FRERSITIE)

NEREER-XAFNREIWEIES | SHHh
hiE, RASURERE
{£ AIGC 2 (40 ControlNet A
Automatic Prompt B BLIP 4ERk)

n ITC (BIE-XAFIEHEFES)
RIS RIOEE, XIS AIHIE
=a
n ITM (BEUR-XFThEIRK)
AEEIRE | S A RmiEsE, MREENS
BERFFEY, (EREAEIZHERE
s LML ((GESEIEREK)
HEEIRS | S A R8s, EAERISRS
B TEREX S ik
=4 BRSNS, HESHIESIIGHE
, LML{FEEBIZH 0.1



» BPIREHREEE (Unimodal Encoder)

>| RIS EIGFIN A1 T9mE

>| XARIEEERAFLRM [CLS] fRiclAiC 22

n BIRS|SNXARIEEE (Image-Grounded Text Encoder)

> | EXARIBE[ETA Transformer IRPIWBBiTENESHIRMILE ZEHEAN Cross-Attention (CA
) B
>| CA BRBMRERIEANXSRE

>| {ESS45ERY [Encode] FRICHIINZEINE L, Hindia \BIEBXSIESES

s BIRS|SZAEGEEE (Image-Grounded Text Decoder)

> ENEBIFENESRAEREETENE

>| [Decode] fRiCtRCFETIFR, [EOS] fRCKHEFISER

» SHHEERME

> SRR EEREEENEIMIZEISE

[FIE: RISESERANEREEN, #ESERERRBEFEN, ERRIFHBIEEHERMRR
MAER. RESHEHNRIRMEZEHREFENBESZEIEERL, SHE

i

>
>




BLIP — CapFilt #iRE2 |84k

CapFilt HIERAES S CapFilt FIMZILIRIR

TS — BIRNSREA LIREEE ( n FEERSE (Captioner)

% COCO) El&5 | SXA R85

KEMEER-XF I FEIES: f£ COCO LAl AMEEIGERS KT
s BIESUEFRERtRE" (30 20160716 = Ts

113957.JPG") n TiEsE (Filter)

s EESENENGZER "R XF BiR-XAF%miEss (XEL+fie BiRi0R)

n ZidFEE, YFCC100M {325 1,500 F35KENHS FATX P EES5E R ITE

BfR: NIEFRRIMEZEERES, RSEIER MIRIRMLE XA TS XA PlRIERS

£, FARNFEEXIIRERNS n RIEFH

EIMEREFEIITMEE +2.7%
B&=5% CIDEr }Bf% +2.8%
?ﬂﬁlﬂ% +1.6%



X arXiv
7 https://arxiv.org > cs - EhFIETT

BLIP: Bootstrapping Language-Image Pre-training for ..

EZ&: JLi- 2022 - #5|H/R%E: 8802 — In this paper, we propose BLIP, a new
transfers flexibly to both vision-language understanding and generation tasks.

& Wwatch 31 ~ % Fork 766 - vy Star 5.7k v



I ]
4

—
4 D N
[ Feed Forward ]
NX ]
[ Self Attention ]
F
\ 4
Image

Encoder g‘ Qw

NX

Text

\ 4
Ay
D

J

[ Feed Forward ]

[
>

-
»

[ Biselfar |

‘ Y,

o

Encoder

“[CLS] + Sn

™

A
T

\

[ Feed Forward

)

’ 3

»
L

-

A 4

Cross Attention ]

A

—

[ Bi Self-Att

]

A

.

4

Image-grounded

Text encoder “[Encode] + [:]n

LM

[ D ™\

TN

[ Feed Forward ]

\

o)
(@]
wv
(7, ]
>
3
1]
3
o
(@]
3

—

Image-grounded
Text decoder “IDecode] +(_ )"

?
‘\[ “a little girl holding a kitten next to a blue fence” ]/'




“blue sky bakery in
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“chocolate cake
with cream frosting
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sprinkles on top”

Figure 1. We use a Captioner (Cap) to generate synthetic captions
for web images, and a Filter (Filt) to remove noisy captions.
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Pre-train Bootstrap | Vision Retrieval-FT (COCO) | Retrieval-ZS (Flickr) | Caption-FT (COCO) | Caption-ZS (NoCaps)
dataset C F backbone | TR@1 IR@1 TR@1 IR@1 B@4 CIDEr CIDEr SPICE
X X 78.4 60.7 93.9 82.1 38.0 127.8 102.2 13.9
Sgg_?s-g{}(} X v B ViT-B/16 79.1 61.5 94.1 82.8 38.1 128.2 102.7 14.0
(14M imgs) VB X 79.7 62.0 944 83.6 38.4 128.9 103.4 14.2
& VB VB 80.6 63.1 94.8 84.9 38.6 129.7 105.1 14.4
X X 79.6 62.0 94.3 83.6 38.8 130.1 105.4 14.2
S((I)((J:-i(-)s-l]-;{JG V5 5 | VIT-B/16 81.9 64.3 96.0 85.0 39.4 131.4 106.3 14.3
+LAION i VL 81.2 64.1 96.0 85.5 39.7 133.3 109.6 14.7
(129M imgs) | X X ViTL/16 80.6 64.1 95.1 85.5 40.3 135.5 112.5 14.7
Vi VL 82.4 65.1 96.7 86.7 40.4 136.7 113.2 14.8
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near my house”

Ts: “a flock of birds ¥
flying over a lake at §

sunset”

“in front of a house
door in Reichenfels,
Austria”

g T,: “a potted plant sitting

T,,: “the current castle was
built in 1180, replacing a 9th
century wooden castle”

T;: “a large building with a lot

X of windows on it”

Figure 4. Examples of the web text T, and the synthetic text 7’s. Green texts are accepted by the filter, whereas red texts are rejected.
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7 https://arxiv.org > cs - EHFULTA
BLIP-2: Bootstrapping Language-Image Pre-training with ...

EZ&: JLi-2023 - #5|H/x¥: 11357 — This paper proposes BLIP-2, a generic anc
training strategy that bootstraps vision-language pre-training from off-the-shelf frozen
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Explain the advantages of
this product.

The audi e-tron quattro concept is a
plug-in hybrid electric sports car
that has a range of 310 miles and
can accelerate from 0 to 60 mph in
just 4 seconds.

Tell me something about
the history of this place. 8

The great wall of china was built in
221 bc by emperor qgin shihuang to

é protect the emperor's capital from

invaders from the north.

Write down the facts that you
know about this flower.

It is a genus of flowering plants in the
orchid family, orchidaceae. It is
native to eastern asia and south east
asia. It is a perennial flowering plant
that grows up to a height of 1 m.

8

Is this photo unusual?

Yes, it's a house that looks like it's
upside down.

How could someone get
out of the house?

It has a slide on the side of the
house.

.

What are shown in the photo? 8

é A man and a chicken.

What does the man feel
and why? 8

He is scared of the chicken
because it is flying at him.

&

What are the ingredients |
need to make this?

Pepperoni, mozzarella cheese, pizza
sauce, olive oil, salt, pepper, basil.

What is the first step?

Place the pizza dough on a baking
sheet, brush with olive oil, sprinkle
with salt, pepper, and basil.

8

8
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Visual Question Answering Image Captioning

Image-Text Retrieval

#Trainable Open- )
Models S soII)Jrce 4 VQAV2 (test-dev) NoCaps (val) Flickr (test)
) VQA acc. CIDEr SPICE TR@l1 IR@1

BLIP (Li et al., 2022) 583M v - L1322 14.8 96.7 86.7
SimVLM (Wang et al., 2021b)  1.4B X - 1122 ; - -
BEIT-3 (Wang et al., 2022b) 1.9B X - - - 94.9 81.5
Flamingo (Alayrac et al., 2022) 10.2B X 56.3 - - - -
BLIP-2 188M v 65.0 121.6 15.8 97.6 89.7

Models #Trainable #Total VQAvV2 OK-VQA GQA

Params Params | val test-dev test test-dev

VL-T550-vga 224M 269M | 13.5 58 6.3

FewVLM (Jin et al., 2022) 740M 785M | 47.7 16.5 29.3

Frozen (Tsimpoukelli et al., 2021) 40M 7.1B 29.6 - 5.9 -

VLKD (Dai et al., 2022) 406M 832M | 42.6 445 133 -

Flamingo3B (Alayrac et al., 2022) 1.4B 3.2B - 492 41.2 -

Flamingo9B (Alayrac et al., 2022) 1.8B 9.3B - 51.8 44.7 -

Flamingo80B (Alayrac et al., 2022) 10.2B 80B 56.3 50.6 -

BLIP-2 ViT-L OPT> 75 104M 3.1B 50.1 49.7 30.2 339

BLIP-2 ViT-g OPT, 75 107TM 3.8B 53i5 523 31.7 34.6

BLIP-2 ViT-g OPT¢ 75 108M 7.8B 54.3 52.6 364 36.4

BLIP-2 ViT-L FlanT5x, 103M 3.4B 62.6 623 394 44.4

BLIP-2 ViT-g FlanT5x. 107M 4.1B 63.1  63.0 40.7 442

BLIP-2 ViT-g FlanT5xx;. 108M 12.1B | 652  65.0 45.9 44.7
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LLaMA — HEABLHESEMIEE (Meta Al)

LLaMA #ZiiM& s

SHHME: 7B/ 13B/33B/65B
n IS5 TREG
EHHotme Lg%, (XERRFRISRENEE
(EEEStrc (MIEEXIRR) LIEEERE
T ER{E1ERE
n KHRMERE
LLaMA-13B EXS#EEN KNP TF GPT-3
(175B) , FFUNAE 1/10
LLaMA-65B 5 Chinchilla ] PaLM-540B 83
n FHE{ESE
AJTEEEA GPU LiE1T, PR(EIHFHE Ik
(NERXFEE, SHERS, EFHXSMN

YIEREUEER (3£ ~1.4TB FiC)

m English CommonCrawl (67%)
2017-2020 ££ 5 4 CommonCrawl Z}EEE
CCNet iftt8: {THRESE, FastText iBFIR5E!,
n-gram SREKRERE
m C4 (15%) : RFFRIIRENAY C4 EEEE
m GitHub (4.5%) : Apache/BSD /MIT 1¥8]
AR
m Wikipedia (4.5%) : 20 #iES, 2022£F6-8
BEgE
m Gutenberg + Books3 (4.5%) : HigEH
m arXiv (2.5%) : RlIZEUE, SRS

m Stack Exchange (2%) : SE=EMEE
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>| (A RMSNorm JF— R, iTHEAEES

= P2 SwiGLU #iEFES (32 PaLM FR)

>| 18 ReLU &3 SwiGLU, 1ZSIERE

>| BHEEM 4d 7 KF 34d/3 (£92.67d)
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>| BIFEEENGAEXRR, STFERLETX

s (RALESIIGEE

>| AdamW fli{t28 (betal=0.9, beta2=0.95) , RZFIZFFAE, NE=ER 0.1, BHERF 1.0
>| 2,000 TR, REEILERETRERAEAR 10%

>| 65B $&8Y: 2,048 3R A100 GPU (80GB F3fF) , 8921 XK, £5380 tric/A
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X arXiv
7 https://arxiv.org > cs - EIFLLTR

LLaMA: Open and Efficient Foundation Language Models

{EZ&: H Touvron - 2023 - #5|H/X%1: 26001 — We introduce LLaMA, a collectior
language models ranging from 7B to 65B parameters. We train our models on trillic

(> Watch 535 ~ Y Fork 9.8k - Starred 59.4k -
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params dimension n heads nlayers Ilearningrate batchsize n tokens
6.7B 4096 32 32 3.0e™4 4M 1.0T
13.0B 5120 40 40 3.0e 4 4M 1.0T
32.5B 6656 52 60 1.5e74 4AM 1.4T
65.2B 8192 64 80 1.5e74 4M 1.4T
2.2
— LLaMA 7B
2.11 —— LLaMA 13B
Q2.0 —— LLaMA 33B
o —— LLaMA 65B
o 1l9
£
c 1.8
|(_E 1.7
1.6
1.5

0 200 400 600 800 1000 1200 1400

Billion of tokens
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BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA

GPT-3 175B  60.5 81.0 - 78.9 70.2 68.8 514 57.6
Gopher 280B 793 81.8 50.6 79.2 70.1 - - -
Chinchilla 70B 83.7 81.8 513 80.8 74.9 - - -

Pal.M 62B 848 805 - 91 77.0 132 323 50.4
PalLM-cont 62B 839 814 - 80.6 77.0 - - -

PalL.M 540B 88.0 823 - 83.4 81.1 76.6 53.0 53.4

7B 765 79.8 489 76.1 70.1 72.8 47.6 57.2

LLaMA 13B  78.1 80.1 504 79.2 73.0 74.8 52.7 56.4

33B 83.1 823 504 82.8 76.0 80.0 57.8 58.6

65B 853 828 523 84.2 77.0 78.9 56.0 60.2




LLaMA-Adapter — S IESISSIRME

HrRE= LLaMA-Adapter V2 =Xpit

1 LLM ¥t AISSIRFERRERIIA R (Alpaca, n (HL: PAESEENRE

Vicuna &) , JIFRA Transformer ZEERINREE b FILLHIEF s
MiniGPT-4 #ll LLaVA S| & SIESAFHRE: 188 #tak: b=0,s=1

SESREN BRASIESIRE, SIS SIRRERIR S THEIEA LLaMA
LLaMA-Adapter V2 PUGRERIESIRRE LLaMA- SEEEEE 0.04%

Adapter JREER, BEEEIR-XAI EMALRNTE s BGH2: FIETSHNEES IS

BRI, FEHIE (500K Big-XF) TSR (50K 38
n ZIOMEEE %)

(XSl 1,400 SANSEFEEIR T iR K SIRSIHEE SRR RIS TS 5E
IREEMRESHR 0.04% RERFR R BT Z IR TR
EASRENERARSESISONR -

BRRIMCHESLRI K E (K <N-L)
Bh L BRI e SIRMEEEDD



LLaMA-Adapter — AN

n BWNRIESTT (Zero-init Attention)

>

>

>

>

>

>

>

FEEA LLaMA, S|INZEERSHE[IER (120 HSE))
iEfites BN AT LLaMA 8509 Transformer B

B ZITNRCNERT, BEriEHhERNIRRIEincARE
I HEREDIGREREN, BEENSSIRMEED

= RERMSIREIED

IBEGE, (EREFIGMERIEEs (2 CLIP) IRENZ REMGIFIE
RS ALEMEISIE, BRI ENFMRSIEESmASTIH
2B EIFEZ TR RINEERS Transformer EEMERNIRRH

s SERIRBIERL (BHEEAR)

>

>
>
>

SIATIMERIEEUZREFIEREED (MFHEEXR. OCR EXR)
FRIASEIR: COCO Caption ERGERN LLaMA-Adapter {fEAFRESR
(HIEFIXFRBEIEAERIEE, 18aRiEE
TEAEER-XFIINGEHE, KiIEPHREHETE R



N arXiv
7 https://arxiv.org > cs - BRI

LLaMA-Adapter: Efficient Fine-tuning of Language Models

fE&: R Zhang - 2023 - #5|H/X%: 1110 — Abstract:We present LLaMA-Adapter,
adaption method to efficiently fine-tune LLaMA into an instruction-following model.

> Watch 76 ~ Y Fork 382 - Starred 5.9k v



Instruction #% Frozen & Fine-tune

' ¢
3&(5 LLaMA-Adapter

o

LLaMA

1.2M Parameters

7B Parameters 1 Hour Fine-tuning

Plug with Expertise

\

Response Multi-modal Reasoning

Instruction following:

2 Tell me about alpacas.

LLaMA-Adapter:

Alpacas are members
of the camelid family
and are native to the
Andes Mountains of
South America. They
are typically found in
herds of 10-20 ...

Multi-modal Reasoning:

What place is this?

®
ah

LLaMA-Adapter:

This is Mont Saint-
Michel, a famous island
commune located in
Normandy, France.
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Figure 5: GPT-4 Evaluating Bench-
mark (Chiang et al., 2023) for LLaMA-
Adapter, Alpaca and Alpaca-LoRA.

2D

Ours vs. Alpaca Ours vs. Alpaca-LoRA

= Win

= Tie

Lost

Table 1: Efficiency Comparison. The training
time is tested on 8 A100 GPUs.

Model Tuned  Storage Tra'mmg
Params  Space Time
Alpaca 7B 13G 3 hours
Alpaca-LoRA 4.2M 16.8M 1.5 hours
LLaMA-Adapter 1.2M 4. ™M 1 hour
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Model l;r‘med Avg | NAT SOC LAN TXT IMG NO Gl-6 GI7-12
arams
Random Choice (Lu et al., 2022) - | 39.83 | 4028 46.13 29.25 47.45 40.08 33.66 39.35 40.67
Human (Lu et al., 2022) - | 88.40 | 90.23 84.97 8748 89.60 87.50 88.10 91.59 82.42
ChatGPTcor (OpenAl, 2023a) OM | 78.31 | 78.82 7098 83.18 77.37 67.92 86.13 80.72 74.03
GPT-4c,or (OpenAl, 2023b) OM | 83.99 | 8548 7244 9027 82.65 7149 92.89 86.66 79.04
MCAN (Yu et al., 2019) OSM | 54.54 | 56.08 4623 58.09 59.43 51.17 5540 51.65 59.72
VisualBERT (Li et al,, 2019a; 2020) | 111M | 61.87 | 59.33 69.18 61.18 6271 62.17 58.54 6296 59.92
UnifiedQA (Khashabi et al., 2020) 223M | 70.12 | 68.16 69.18 7491 6378 61.38 77.84 7298  65.00
UnifiedQA o 223M | 74.11 | 71.00 76.04 7891 6642 66.53 81.81 77.06 68.82
MM-COT (Zhang et al., 2023¢) 223M | 70.53 | 71.09 7075 69.18 71.16 65.84 7157 71.00 69.68
MM-COT 223M | 8491 | 87.52 77.17 8582 87.88 8290 86.83 84.65 85.37
LLaMA-Adapterr 12M | 7831 | 79.00 73.79 80.55 78.30 70.35 83.14 7977 75.68
LLaMA-Adapter 1.8M | 85.19 | 84.37 8830 8436 8372 80.32 8690 85.83 84.05
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[2305.06355] VideoChat: Chat-Centric Video Understanding

YEZ&: KC Li- 2023 - #55|F/x#1: 1234 — Abstract:In this paper, we initiate an attemp
end-to-end chat-centric video understanding system, coined as VideoChat.
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video class, video caption

00:00-00:02: clip caption, clip tags,

dense caption, subtitle...

00:02-00:03: clip caption, clip tags, | —

dense caption, subtitle...

— Video Content

Q: Is he singing and
rapping in the video?

|

Video ] |
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Embedding \ ’
Token . T —— —
: No, he is not singing or rapping in
Interface this video. He is playing basketball and
dancing in some parts of the video.
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Video Class, Video Caption

00:00-00:02 Clip Caption, Clip Tag, Dense Caption, Video Subtitle...
00:02-00:03 Clip Caption, Clip Tag, Dense Caption, Video Subtitle...
00:03-00:06 Clip Caption, Clip Tag, Dense Caption, Video Subtitle...

answering questions, a man and a woman sitting on a couch in a living room with a table in
front of them.

00:00-00:11 a man and a girl sitting on a couch in a living room.

a lamp with a white shadea woman sitting at a table: [446, 155, 710, 476]; man wearing a
plaid shirt: [361, 44, 581, 337]; man sitting on couch: [10, 63, 324, 350]; the tie is grey:
[441, 150, 486, 280]; a glass of beer: [38, 305, 77, 367]; a stack of magazines: [28, 350,
180, 394]; a white tablecloth: [0, 334, 626, 476]; stainless steel oven: [1, 55, 150, 142]; a
brown tie on a man: [144, 168, 191, 270]; the couch is white: [0, 119, 730, 472]; a gray
binder: [0, 377, 157, 411]; a white couch: [768, 350, 848, 477]; a lamp with a white shade:
[582, 26, 713, 195];

00:00-00:02: Hey, Pheebs, you gonna have the rest of that Pop-Tart?

00:02-00:03: Pheebs?

00:03-00:09: Does anyone want the rest of this Pop-Tart?

00:09-00:11: Hey, I might.




SGitExin

You are a chatbot that conducts conversations based on video contexts. You mainly answer
based on the given contexts, and you can also modify the content according to the tag
information, and you can also answer the relevant knowledge of the person or object
contained in the video. The timing description is a description every 1/F' PS second, so
that you can convert it into time. When describing, please mainly refer to the timing
description. Dense caption is to give content every five seconds, you can disambiguate
them in timing. But you don’t create a video plot out of nothing.

Begin!

Video contexts in temporal order: textualizing_videos

Question: question




AN

Give you a video of origin_caption. The content of the video in temporal order is:
textualizing_videos. Please use the sequence adverbs "first", "next", "then" and
"finally" to describe this video in detail, but don’t mention the specific time. Give as many
details as possible. Say everything you see. The description should be more than 150 words
and less than 200 words.

Table 3: Prompts for detailed video descriptions. The origin_caption is generated from
VideoChat-Text.

Fix the error in the given paragraph. Remove any repeating sentences, meaningless char-
acters, not English sentences, and so on. Remove unnecessary repetition. Rewrite any
incomplete sentences. Return directly the results without explanation. Return directly the
input paragraph if it is already correct without explanation.

Table 4: Prompt for post-processing. Copied from miniGPT-4 [58].



Language Assistants(3)

00:01:09,836 --> 00:01:11,201
(EXHALES)

00:01:15,442 --> 00:01:18,843
(Eve:)Do you think the guy who
did this to me feels bad?

What was House sit on when
Eve asked if the guy felt bad?
According to the subtitle of a
video, and choose the best
answer matches the question.
A: The floor in an office.

B: A desk in an office.

C: A couch in a living room.
D: A park bench.

E: The foot of the bed.

Only choose one answer.

@ C: A couch in a living room.
3

@ 00:01:15,442-->00:01:18.843
4 (Eve:)Do you think the guy who
did this to me feels bad?

Answer: B: A desk in an office.

Image Assistants(5)

Video Assistants(3)

Choose the best answer

matches the question: What
was House sit on when Eve
asked if the guy felt bad?

A: The floor in an office.

B: A desk in an office.

C: A couch in a living room.
D: A park bench.

E: The foot of the bed.

Only choose one answer.

w The best answer is A: The floor

in an office.

ﬁ The correct answer is B: A desk
in an office.

E A couch in a living room.

A
0 D: A park bench.

Choose the best answer
matches the question: What
was House sit on when Eve
asked if the guy felt bad?

A: The floor in an office.

B: A desk in an office.

C: A couch in a living room.
D: A park bench.

E: The foot of the bed.

Only choose one answer.

& bp:aA park bench.

U’ D: A park bench. In the video,

;/ House and Eve are sitting on a
park bench in a park when Eve
asks if the guy feels bad. There
is a lake and a road nearby in
the background.
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What's video of this?

This is a video of a young man singing with a microphone, wearing
a suit and tie. He is standing in front of a white curtain and a
stained glass window. The video lasts 10 seconds.

Usually a person watching this video will feel cheated,
do you know why?

It depends on their expectations. If they were expecting a longer
or more engaging video, they may feel cheated if they don't get
that. However, if they just wanted a brief glimpse of the man
singing and it satisfies their curiosity, they may not feel cheated at
all.
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Describe the video.

The video shows a young man dancing in a kitchen, surrounded by
colorful cartoon characters. He wears a white shirt and blue pants
and is dancing in front of the refrigerator. The video also shows
the kitchen’s interior with a wooden floor and appliances. In some
frames, the man is dancing in front of the cereal box, cookies, and
a can of peas. There are also other items, like a juice bottle, in the
kitchen. The man dances joyfully, with a big smile on his face, and
enjoys the music. Overall, the video captures the energy and
enthusiasm of the dancer and creates a fun and lively atmosphere.

Explain why this video is funny.

The video is funny because the man’s dancing is random and
spontaneous, and he adds an element of humor to the ordinary
kitchen setting. His dancing is unpredictable and silly, and it adds
an element of surprise to the video. The man’s joyful facial
expressions and childlike gestures make the video amusing and
entertaining to watch. Additionally, the juxtaposition of the man’s
dancing with the serious and mundane objects in the kitchen
creates an interesting contrast and adds to the humor. The fact
that the man is dancing in front of food items in a kitchen is also a
nod to our daily lives and the fact that we often find ourselves in
the kitchen dancing and singing along to music, making the video
relatable and funny to watch.
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