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LLMs are Everywhere

Chatbots
#> Code Generation
Knowledge Retrieval

Summarization
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LLMs are Everywhere

() driver

09.10.25 Anna Kukleva 3



LLMs are Everywhere

LLIM driven Vision

Object-based control in the real world
SMPL pose generation/editing p
Tracking  and segmentation 4
Reasoning i

vV vV vV VvV Vv

Learning to Generate Object Interactions with Physics-Guided Video Diffusion, Romero et al., arxiv

UniPose: A Unified Multimodal Framework for Human Pose Comprehension, Generation and Editing, Li et al., CVPR 25
Monocular-Video Based 3D Visual Language Tracking, Wei et. al, CVPR 25

Unifying LLM-Driven Semantic Cues with Visual Features for Robust Few-Shot Segmentation, Karimi et al., CVPR 25
Vision-Centric Reasoning with Grounded Chain-of-Thought, Man et al., CVPR 25

o s 0N =
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LLMs In this talk

LLIM driven Vision

Fusion of LLM and:

» Diffusion modelsy
» Self-supervised vision pretraining
» Large-scale video data

1] RefAM: Attention Magnets for Zero-Shot Referral Segmentation, Kukleva® & Simsar* et al., arxiv
2] Language-Unlocked ViT (LUVIT): Empowering Self-Supervised Vision Transformers with LLMs, Kuzucu et al., arxiv

3] HowToCaption: Prompting LLMs to Transform Video Annotations at Scale, Shvetsova* & Kukleva* et al., ECCV 24
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RefAM: Attention Magnets for Zero-Shot Referral Segmentation

Anna Kukleva!”, Enis Simsar?*, Alessio Tonioni?, Ferjad Naeem?, Federico Tombari*#*, Jan Eric Lenssen!, Bernt Schiele!

"'Max Planck Institute for Informatics, 2ETH Zurich, 3Google, “TU Munich

/ Leveraging pre-trained LLM \

K for implicit semantic understanding J
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Zero-Shot Referral Segmentation

A largest orange goldfish

Goal: given image/video and referral expression, segment corresponding objects in the image/video
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Zero-Shot Referral Segmentation Pipeline

Previous work [1,2] Our work

1. Mask proposals 1. No Mask proposal

2. Local and Global reasoning modules 2. No Local and Global reasoning modules

3. Integration with CLIP visual-language space 3. No Integration with CLIP visual-language space

[1] Zero-Shot Referring Image Segmentation with Global-Local Context Features, Yu et al., CVPR 2023
[2] Hybrid Global-Local Representation with Augmented Spatial Guidance for Zero-Shot Referring Image Segmentation, Liu et al., CVPR 2025
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Zero-Shot Referral Segmentation Pipeline

walking

A camel walking

What and how we filter attention maps®?
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Emergence of Semantic Information in DiT

A white cow with brown Text-to-text attention

s . - - - .

Text-to-image attention (“_patches” token)

Transformer Block ID
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Emergence of Semantic Information in DiT

A white cow with brown
patches

,"&N ‘
hzm”’ l

oxt attention

'E EE T TEEm

Transformer Block ID

Early Layers: No usable information, uniform attention maps

09.10.25 Anna Kukleva
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Emergence of Semantic Information in DiT

A white cow with brown
patches

Transformer Block ID

Mid & Late Layers: Sharpened semantic alignment + global attention sinks

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 12



Attention Sinks in

NLP ..... and vision .,

What is attention sink?

high-norm values

)
» limited semantic information
)

very few tokens

Qo o &~ N O

10
12
14
16
18

[1] Efficient Streaming Language Models with Attention Sinks, ICLR 2024
[2] Interpreting the Repeated Token Phenomenon in Large Language Models, ICML 2025

Layer 1 mean(heads)

1.50

1.25

-1.00

-0.75

-0.50

-0.25

0.00

-0.25

0o 2 4 6 8 10 12 14 16 18

o o A N O

10
12
14
16
18

meta-llama/Llama-2-7b-hf: Regular sentences

Layer 2 mean(heads) 1 Layer 17 mean(heads)

24681012141618I

[3] Massive Values in Self-Attention Modules are the Key to Contextual Knowledge Understanding, ICML 2025

[4] Massive Activations in Large Language Models, CoLM 2024
[5] Why do LLMs attention to the first token? arxiv 2025

[6] Vision Transformers Need Registers, ICLR 2024

[7] Vision Transformers Don’t Need Registers, arxiv 2025

attention sink

Layer 31 mean(heads)

09.10.25 Anna Kukleva
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Attention Sinks in NLP ..... and vision .,

meta-llama/Llama-2-7b-hf: Regular sentences

Layer 1 mean(heads) Layer 2 mean(heads)

Layer 17 mean(heads) Layer 31 mean(heads)
1.50

l

-1.00

1.25

Qo o &~ N O
o o A N O

What is attention sink?

-0.75

10 10
-0.50

12

12

-0.25 1,

14 L —4 14

» high-norm values g L i B B I .. T C-MEE o i .
» limited semantic information Without registers
» very few tokens Input DeiT-IIL__ _OpenCLIP_ __DINOV2

[1] Efficient Streaming Language Models with Attention Sinks, ICLR 2024

[2] Interpreting the Repeated Token Phenomenon in Large Language Models, ICML 2025

[3] Massive Values in Self-Attention Modules are the Key to Contextual Knowledge Understanding, ICML 2025
[4] Massive Activations in Large Language Models, CoLM 2024

[5] Why do LLMs attention to the first token? arxiv 2025

[6] Vision Transformers Need Registers, ICLR 2024

[7] Vision Transformers Don’t Need Registers, arxiv 2025
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Global Attention Sinks (GAS)

__largest __orange

text-2-text attn.

</s>

o U A~ W N BB O

global attention sinks
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Global Attention Sinks (GAS)

__came

global attention sinks

text-2-text attn. B :
0 o
1 .
2 \ | « X0 : .'
3 .
__walking </s>
4
5
0 1 ? 3 4 5
t'/

Meaningful token is allocated to GAS
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Interpretation of GAS

A white cow with brown Text-to-text attention

[ ]

| |

| |

| |

| |
|

| |
| |

Text-to-image attention (“_patches” token)

I N
.
|
2
‘ -

0 / 14 21

patches

Transformer Block ID

Uninformative role: Removing them does not harm the performance (inference)

Indicators of semantic structure: GAS consistently emerge only after meaningful structure
Is established in the mid layers

Potentially harmful role: majority of GAS tokens (77%) correspond to stop words, 10% fall
on color tokens and another 10% to other content words

09.10.25 Anna Kukleva
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Redistribution Strategy

Append more stop words (attention magnets)!
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Redistribution Strategy

Append more stop words (attention magnets)!

stop words: the, is, at, which, on, with, to, a, this, etc

words with little semantic value
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Redistribution Strategy

Append more stop words (attention magnets)!

stop words: the, is, at, which, on, with, to, a, this, etc

words with little semantic value

A camel walking

with to a
attention magnets

filter
attention magnets sum segment
and stop words

walking

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 20



Redistribution Strategy with Attention Magnets

before: 77% of GAS tokens on stop words

after: 89% of GAS tokens on stop words

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 21



Redistribution Strategy with Attention Magnets

before: 77% of GAS tokens on stop words

after: 89% of GAS tokens on stop words

w/o attention magnets with attention magnets

Attention + Argmax Segmentation Attention + Argmax

Segmentation

b -

Cow with a bell around its neck

N

A horse jumping over obstacles
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Redistribution Strategy with Attention Magnets

before: 77% of GAS tokens on stop words

after: 89% of GAS tokens on stop words

w/o attention magnets

Attention + Argmax

with attention magnets

Segmentation Attention + Argmax Segmentation

Cow with a bell around its neck

==

A horse jumping over oRgstacles
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Redistribution Strategy with Attention Magnets

before: 77% of GAS tokens on stop words

after: 89% of GAS tokens on stop words

w/o attention magnets

Attention + Argmax

with attention magnets

Attention + Argmax

Seg

Seg

much sharper attention
maps

N

A horse jumping over obstacles
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Why Stop Words?

» natural garbage collectors in LLMs — allocation of the surplus of attention
» background attention redistributed to these stop words

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 25



Why Stop Words?

» natural garbage collectors in LLMs — allocation of the surplus of attention
» background attention redistributed to these stop words

AM Ref-DAVIS17
. " " \7 ‘F | PA
» is the choice of stop words important? random Stop words (5x) 543 605 | 685

53.1 594 | 65.5
50.9 57.6 | 59.8
45.2 522 | 60.6

random vectors (5X)
none
scene description

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 26



SOTA

09.10.25 Anna Kukleva

: . : RefCOCO RefCOCO+ RefCOCO
Metric Method Vision Backbone  Pre-trained Model val testA  testB val testA  testB val tegt
zero-shot methods w/ additional training
Pseudo-RIS (Yu et al., 2024) ViT-B SAM, CoCa, CLIP | 3733 4343 3190 | 40.19 4643 33.63 | 41.63 43.52
VLM-VG (Wang et al., 2025) R101 COCO*, VLM-VG™ | 4540 48.00 41.40 | 37.00 40.70 30.50 | 42.80 44.10
zero-shot methods w/o additional training
Grad-CAM (Selvaraju et al., 2017a) R50 SAM, CLIP 23.44 2391 21.60 | 26.67 27.20 24.84 | 23.00 23091
MaskCLIP (Zhou et al., 2022) R50 SAM, CLIP 20.18 20.52 21.30 | 22.06 2243 24.61 | 23.05 2341
Global-Local (Yu et al., 2023) R50 FreeSOLO, CLIP 2458 2338 2435 | 25.87 24.61 25.61 | 30.07 29.83
oloU Global-Local (Yu et al., 2023) R50 SAM, CLIP 24.55 2600 21.03 | 26.62 29.99 2223 | 2892 3048
Global-Local (Yu et al., 2023) ViT-B SAM, CLIP 21.71 2448 20.51 | 23.70 28.12 21.86 | 26.57 28.21
Ref-Diff (Ni et al., 2023) ViT-B SAM, SD, CLIP 35.16 3744 3450 | 35.56 38.66 31.40 | 38.62 37.50
TAS (Suo et al., 2023) ViT-B SAM, BLIP2, CLIP | 29.53 30.26 28.24 | 33.21 38.77 28.01 | 35.84 36.16
HybridGL (Liu & Li, 2025) ViT-B SAM,CLIP 41.81 44.52 38,50 | 35.74 4143 3090 | 4247 4297
REFAM (ours) DiT SAM, FLUX 4691 52.30 43.88 | 38.57 42.66 3490 | 45.53 44.45
Referral Image Object Segmentation
Ref-DAVIS17 Ref-YouTube-VOS MeViS
Method J&F T F | IJ&F T F | T&F J F
Training-Free with Grounded-SAM
Grounded-SAM (Ren et al., 2024)7 652 623 680 | 623 61.0 63.6 - - -
Grounded-SAM?2 (Ren et al., 2024)} 66.2 62.6 69.7 64.8 62.5 67.0 38.9 357 42.1
AL-Ref-SAM2 (Huang et al., 2025) 74.2 704 78.0 67.9 659 699 42.8 39.5 46.2
Training-Free
G-L + SAM2 (Yuetal., 2023)7 40.6 37.6 43.6 27.0 24.3 297 23.7 204  30.0
G-L (SAM) + SAM2 (Yuetal., 2023)7 46.9 44.0 49.7 33.6 299 373 26.6 227  30.5
REFAM + SAM2 (ours) 57.6 54.5 60.6 42.7 37.6 47.8 30.6 24.7 36.6

Referral Video Object Segmentation

RefAM: Attention Magnets for Zero-Shot Referral Segmentation
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Does our redistribution strategy help?

09.10.25 Anna Kukleva

RefCOCO RefCOCO+ RefCOCOg

AM val testA  testB val testA  testB val test

v 4691 5230 43.88 | 38.57 42.66 3490 | 45.53 4445
- 33.80 44,66 34.14 | 35.12 37.69 33.75 | 4293 42.44

With and Without Attention Magnets (AM)

RefAM: Attention Magnets for Zero-Shot Referral Segmentation 28




Qualitative Example

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

fitered stop words | with attention magnets - w/0 attention magnets
attention magnets ;. avg attention segmentation text-O-text attn. avg attention segmentation text-2-text attn.
global attention sinks E = ] 0
1
* argmax 5
3
4
; . 5
'L 6
, 012 46 8 101214]f18
Xy : global attention sinks global attention sinks
' ‘ E __largest __orange fish </s> : Iargest _orange
|Alargest orange goldfish | . . . . . . . . . .
! </s> __with </s>

fish </s>

S - . . . . . .

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation
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Conclusion

» RefAM framework for zero-shot referral segmentation based on DiT

» Step forward in understanding semantics in diffusion models through the lens of LLMs

» Attention redistribution strategy with attention magnets

» SOTA results on zero-shot image an video referral segmentation

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 30



Language-Unlocked ViT (LUVIT):
Empowering Self-Supervised ViT with LLMs

Selim Kuzucu', Ferjad Naeem?, Anna Kukleva!, Federico Tombari>?, Bernt Schiele!

'Max Planck Institute for Informatics, 2Google, 3TU Munich

~

Leveraging pre-trained LLM representations
K for pure vision tasks J

09.10.25 Anna Kukleva 31



Pretrained LLMs In vision

Language Model f¢

Projection W

Vision Encoder

[1] Visual Instruction Tuning, NeurlPS 2023

Z,

SILC/TIPS loss

!

stop gradient

H,

X, Image

Image

Encoder
HH,

(teacher)

\ cross-attn.

aux. head

Image
Encoder

Xq Language Instruction ;<

LLaVa |1

image :

LocCa loss (100%):
AR - captioning
(20%): Decoder - dense captioning

- self-distillation
- masked prediction A

- ref. expressions

Sigmoid loss (100%)

A\% /r—T—\
MAP head

Text
Encoder

H_/

text

SigLIP 2 2

LLMs can process visual information..
IF they are trained jointly with visual encoders on vast data!

[2] SigLIP 2: Multilingual Vision-Language Encoders with Improved Semantic Understanding, Localization, and Dense Features, arxiv

09.10.25 Anna Kukleva
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Pretrained LLMs In vision

- self-distillation - ref. expressions
- masked prediction

3
Language Response X_a T \ cross-attn. Sigmoid loss (100%)
=== / stop gradient  aux. head MAP h{
Language Model f¢ /—‘ﬂ

Projection

LocCa loss (100%):
AR - captioning
SILC/TIPS loss (20%): Decoder - dense captioning

Vision Encod

How can we improve ViT
with an off-the-shelf LLM?

_ /

IF they are trained joihtly with visual encoders on vast data!

[1] Visual Instruction Tuning, NeurlPS 2023
[2] SigLIP 2: Multilingual Vision-Language Encoders with Improved Semantic Understanding, Localization, and Dense Features, arxiv
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Language-unlocked ViT (LUVIT)

HEEEEEEN NNEaE. RS
HEETEH TEN w ) . lgajoad Jradagien] |
=ﬁ=?=§== ViT ViT ;p”???:g:i??
Masked Autoencoder (MAE) | P B .! Encoder | {Decoder}»ﬁﬁiﬁu o
N [ [ [ [ [ RN F. T
HEEEnin g J T
HEEEERES T i 2 i IR £ 0
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Language-unlocked ViT (LUVIT)

Masked Autoencoder (MAE)

HEEEEEER
HE H "'EE
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HEES EEEE
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o
HEEEEEEES

o

\

ViT
Encoder

_/
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|
EEEEEENE
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_
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Encoder

J

LLM
Block
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Language-unlocked ViT (LUVIT)

Masked Autoencoder (MAE)

HEEEEEEE
HE B "'EE
H B ETEn
HEES EEEE

El-iE NN
"HAEEEEN
NN
HEEEEENES

HEEEEEER
HE H "'EE
H B BTN
HEES EEEE
Bl BN
"HAEEEEN
SHEEENYE
HEEEEEEES

_/

™
ViT
Encoder
\_
N
Qi’ )
ViT >
Encoder - =
\_ J
\_/

LLM
Block

— BEEK.

NN
ERTRS
EEENE

oy
el
NS,
""ﬂ;‘
LD |

e T
e 2 R BN
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Language-unlocked ViT (LUVIT)

Masked Autoencoder (MAE)

LUVIT

EEEEENEE
T
H N N BN
EEN: EEEN
EN-GE BN
CHEEEEN
;e
EEEEEENE

0

\

Encoder

ViT

_/

HEEEEEEE
HE B "'EE
H B ETEn
HEES EEEE

El-iE NN
"HAEEEEN
NN
HEEEEENES

o

-

ViT
Encoder

J

MEE O w

Nl

LLM Fusion Block

"i@aﬁ..

a3
ERTRED
ENENEN
EE_E"

AL D |
IE@&&HM
e 2 R BN
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Language-unlocked ViT (LUVIT)

7R AYZ7R 4 ™
FNEEOEEE R NES N W™
h : . LLM . Task
LUVIT Vit — | @ ® |y |Specific
Encoder S Block S Head
ﬂi"’%dﬁﬁﬂd _ W, Ea
BiSernea AN J\_J) L D

| |
LLM Fusion Block

» Effective adaptation of the LLM for pretraining/finetuning
» Single MAE objective for training both ViT and LoRA parameters
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Discriminative Visual Tasks

Training Model IN-1K IN-A IN-SK IN-V2 IN-R IN-C
. ViT/B 83.1140.09 | 33.6440.11 | 39.6940.30 | 72.7310.21 | 49.8840.32 | 62.8640.01
MAE Pretrained _
LUVIT (Ours)||83.631+0.04|36.39+0.28|36.3610.61|73.151+0.02|90.1710.16|63.4410.05
+0.52 +2.75 +0.67 +0.42 +0.29 +0.58
ImageNet Classification
Bounding Box Mask
Model AP APs, AP | AP AP:, AP
MAE ViT/B 50.6 | 71.0 | 55.5 44.9 | 68.2 | 48.7
LUVIT (Ours) || 51.1 | 71.5 | 55.9 || 45.1 | 68.8 | 48.8
+0.5 | +0.5 | +0.4 || 4+0.2 | 4+0.6 | +0.1
COCO object detection

09.10.25 Anna Kukleva
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It Is not just the extra weights!

09.10.25 Anna Kukleva

Model Trainable Params. IN-1K
(¢) ViT/B+LMI1 \ 92.9M H 83.13.10.02
(f) LUVIT (Ours) 93.1M 83.631L0 04

LoRA adaptation is crucial

Language-Unlocked VIT (LUVIT): Empowering Self-Supervised ViT with LLMs
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It Is not just the extra weights!

Model Trainable Params. IN-1K
(B) ViT/B+Random LM 1+LoRA 93.1M 83.25:&0,09
(f) LUVIT (Ours) 93.1M 83.631L0 04

LLM knowledge matter (vs. random parameters with the same # params)

09.10.25 Anna Kukleva Language-Unlocked VIT (LUVIT): Empowering Self-Supervised ViT with LLMs 41



Different LLMs? Different blocks?

LLM Type Block Trainable Params. IN-1K

MAE ViT/B N/A N/A 86.8M 83.2
(a) LLaMA'1 1 93.1M 83.2

(b) LLaMA 1 16 93.1M 83.4

(c) LLaMA'1l 31 93.1M 83.5

LUVIT (d) LLaMA 1 (default) 32 93.1M 83.6
(e) Gemma 2 42 93.1M 83.9

() LLaMA 3.1 32 93.1M 83.6

(g) LLaMA 3.1-Instruction 32 93.1M 83.6

09.10.25 Anna Kukleva Language-Unlocked VIT (LUVIT): Empowering Self-Supervised ViT with LLMs 42



Why does it work?

Background robustness!

ViT/B LUVIT (Ours)
Attn. Entropy Patch Norm |[Attn. Entropy Patch Norm

for standard ViT all patches have same attention certainty
whereas LUVIT is more certain about foreground (low entropy in dark regions)

09.10.25 Anna Kukleva Language-Unlocked ViT (LUVIT): Empowering Self-Supervised ViT with LLMs 43



Background Robustness

Background Overreliance Benchmark
Image Classification on Imagenet-9

Model Original Same | Random | Orig.-Samel| Orig.-Rand.| Same-Rand.|
MAE ViT/B 96.5 87.8 8.7 13.3 4.6
LUVIT QOurs) 96.6 89.2 7.4 11.3 3.9

+0.1 +1.4 —1.3 —2.0 —0.7

Original

Insect Insect Insect

09.10.25 Anna Kukleva Language-Unlocked ViT (LUVIT): Empowering Self-Supervised ViT with LLMs 44



Conclusion

» Pretrained LLMs can be helpful even for purely self-supervised visual representations
» SSL with MAE and LoRA is the recipe to leverage LLMs

» LLM block amplifies informative foreground and attenuates reliance on background

09.10.25 Anna Kukleva RefAM: Attention Magnets for Zero-Shot Referral Segmentation 45



ECCV 2024

HowToCaption: Prompting LLMs to Transform
Video Annotations at Scale

Nina Shvetsova“-?? Anna Kukleva™, Xudong Hong'#, Christian Rupprecht’, Bernt Schiele!, Hilde Kuehne?3¢

IMax Planck Institute for Informatics, “Goethe University Frankfurt, Bonn University, *Saarland University, > University of Oxford, SMIT-IMB Watson Al Lab

/ Leveraging pre-trained LLM \

K for large scale video pretraining J
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Learning from Web Data (Pretraining)

09.10.25 Anna Kukleva HowToCaption: Prompting LLMs to Transform Video Annotations at Scale 47


https://www.youtube.com/watch?v=WVAtJ_lzGVU

Narrated Videos

~ ] r— |
. ‘: B

00:15 00:24 00:31 00:35
.
ASR SO in order to get started we have to so this is a chicken okay and then  they make dog toothbrushes so we're going to focus here on
subtitles: have our patient here skeeter my dog flavored toothpaste we're just going but you can just get a soft the outside edges of the front
and we’re going to get some which she thinks is to get any old children's toothbrush or adult teeth and the canine teeth
toothpaste and it's going to be pretty delightful toothbrush toothbrush for a large dog

something that she really likes

v Dense textual annotations through ASR narrations

v/ Can be collected on a large scale with no human supervision

= ASR narrations includes noise: incomplete sentences, filler words and phrases, such as “I’m going to”, etc.

= Alignment of spoken text to the video is very noisy (might be temporal unaligned to video, or completely
unrelated)

09.10.25 Anna Kukleva HowToCaption: Prompting LLMs to Transform Video Annotations at Scale 48



Narrated Videos for Large-scale Pretraining

6s. In order to get started we
have to have our patient ot
ex

Skitter my dog here .... —> Encoder
10s: ... \@

s Video B /

Encoder

Use LLM to transform ASRs into proper aligned captions

Joint embedding space

09.10.25 Anna Kukleva HowToCaption: Prompting LLMs to Transform Video Annotations at Scale 49



HowToCaption Method

/—\

— LLM

ASR + timestamps: Generated captions:

6s: In order to get started we
have to have our patient

Carefully

_ 8s.: Speaker prepares
—> designed —> | demonstration with the
prompt dog and toothpaste

Skitter my dog here ....
10s: ...

Post-
processing

09.10.25 Anna Kukleva HowToCaption: Prompting LLMs to Transform Video Annotations at Scale
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HowToCaption — Method

Input video: ASR + timestamps: Pre-trained Large Language Model: Generated captions: Post-processing:
GS' hi my name's ) Vi 13B (4s: Adam Pickett 64s: The person is
ad.am ickett icuna- introduces himself as | : preparing carrots
o i o e | the head chef at
S- 'm head chet a A chat between a curious human and an Plateau Restaurant in
plateau restaurant.lm artificial intelligence assistant. The assistant Mai for LLM Canary Wharf.
canary wharf and i'm , , , ain prompt for _
: " gives helpful, detailed, and polite answers to 6s: He shows how to
going 1o show you ' i roast carrots
how to roast carrots the human's questions. e Ths oot
12s: so the actual HHHHuman: | suaars wil B -  Cosine
carrots have lots of | will give you an automatically recognized Our prompt consists ca?amelize giving g o similarities
| suedr inside ... ) speech with timestamps from a video of a task introduction \them a Iovély 9 (sims)
segment that is cut from a long video. Write a (sentl, sent?), . 5 S
(64s: they're going to ) summary for this video segment. detailed instructions (64s: The person is B S I
. . _ s )
fcake about 15 minutes Describe only one action per | about desired preParlng carrots . S
if you've got a larger , , captions ( 67s: The carrots will —
carrot sentence. Kegp only gctlons that happen- In P take longer to cook.
67s: obviously they're the present time. Begin each sentence with an sent.4, sentb), requests 69s: The person is
going to take a bit estimated timestamp. for tlmestamps removing the carrots
longer ) | (sentb), gnd input of frorr.l the oven.  max(sims) > th — / update timestamps
69s: so i'm removing <ASR with timestamps> ASR subtitles ( /8s: The carrots are  nax(sims) < th — x discard caption
my carrots from the - , ready to be served. g
y HH#Assistant: ASR). s

Re-aligh new captions
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HowToCaption — The Dataset

Caption: Matt Swanson gives a tip to use Caption: Making a bow with two colors
buckets to direct the path of the ball
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HowToCaption Method

Speaker prepares
demonstration with the R Text
dog and toothpaste Encoder

Joint embedding space

; Video | _ -/ Y

Encoder "

Better embedding
space
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HowToCaption Results

09.10.25 Anna Kukleva

Video-Text Training Data

YouCook2 MSR-VTT

R101T MRJ|R101t MR
- (zero-shot) 236 69 |70.6 3
HowTol00M with ASRs 39.3 20 |[61.7 5
HowTolOOM with dist. sup.| 30.3 34 |66.3 5
HTM-AA (auto-aligned) 43.5 15 |64.3 4
HowToCaption (ours) 44.1 15 |73.3 3
VideoCC3M 21.7 84 |67.1 4
WebVid2M 290 46 |71.9 3
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HowToCaption — Contributions

e Framework to obtain a large-scale high-quality text-video dataset

» No human supervision needed
» Only noisy ASR as input
» Aligning&Filtering improves the quality even further

e HowToCaption-dataset

» 25M aligned text-video pairs
» human-style captions
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What would be next unconventional way to leverage LLMs?

Thanks!
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