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1. Find a relevant video
2. Localize a relevant moment

3. Summarize

Previous work focuses on solving single task

This work studies all tasks in a hierarchical & end-to-end setup



HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”




HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”) 4—| Text query I

3.




HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”) 4—| Text query I

3.

mike N gary

— Y : : " } .
XX XX 2 o " » : ! - el PRy E (XX
48s| Pour shampoo in container |63s : Break glow stick 90s| Pour glow stick in shampoo |104s

Os




HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”) 4—| Text query I

3.

4 Relevant momen
Inside the video

mike Ngary

Os




HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”) 4—| Text query I

g \
" P ‘a
¥ a5
~ o § .
> -
ﬂ :
-~ .
y <

Y] Relevant moment 288

mike N gary 3 4
Os 119s 162s

Breakdown of moments
into several steps

48s| Pour shampoo in container |63s




HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”) 4—| Text query I

¥ A , | .:!”’I N
o “3 o b -
- ¢

<

Y] Relevant moment 288

mike N gary 2
Os 119s 162s

Breakdown of moments
into several steps

\l Caption for each step I

10



HIREST (Hlerarchical REtrieval and STep-captioning)

(Quer‘y: “How to Make Glow in the Dark Slime”

1) Video Retrieval

2) Moment Retrieval
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3) Moment Segmentation

4) Step Captioning
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Dataset Collection

Stage 1. Video Retrieval and Moment Retrieval

Question: How To Make Folded Ribbon Roses?

I Is Video releva nt to text query? F—} Does this video answer the question?

® Yes ONo

Please select the timestamns of minimum needed portion of this video that answers the question
01:30
CE———————
03:54
This clip is you marked is 44% of the original video.

Is the clip you marked, less than ~75% of the original video?

@®Yes ONo

Which moment in the video is

relevant to text query?
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Dataset Collection

Question: How To Make Peppermint Rice Krispie Treats?

Record each of the steps in the clip (timestamps should be in the format of MM:SS [e.g. 00:50 or 01:15])

Stage 2. Moment Segmentation and Step Captions

Timestamp 1 Step Heading 1

Remove last step| Add another steﬂ

I Segment the video moment into several steps {

Describe each step with a short caption
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Categories of Text Queries

wide variety of categories

Cars & Other Vehicles (7.31%)
Holidays and Traditions (6.43%)

Personal Care and Style (5.28%)

Home and Garden (10.62%) Cars & Other Vehicles (6.70%) Home and Garden (10.83%)

Holidays and Traditions (6.16%)
Education and Communications (3.68%)
Personal Care and Style (3.29%)

Education and Communications (3.87%)

Food and Entertaining (24.33%) Food and Entertaining (28.52%)

Hobbies and Crafts (39.46%) Hobbies and Crafts (33.10%)

(a) all videos (b) videos with step caption annotations
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HIREST vs. Other Video Datasets

. : : # Steps # Words # Unique Avg. Duration (s)
Dataset Domain  Step caption # Videos / # Steps per Moment  per Caption  Captions Video / Step
COIN [36] Open Predefined steps 11.8K /46K 3.9 4.8 0.8K 142/14.9
CrossTask [46] Open Predefined steps 47K/ 21K 7.4 2.4 0.1K 29719.6
YouCook2 [45]  Cooking Manually written 2K /14K 7.7 8.8 13K 316/19.7

HIREST (Ours) Open Manually written 3.4K (1.1K w/ steps) / 8.6K 7.6 4.4 7.9K 263 /18.9
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HIREST vs. Other Video Datasets

. : : # Steps # Words # Unique Avg. Duration (s)
Dataset Domain  Step caption # Videos / # Steps per Moment  per Caption  Captions Video / Step
COIN [36] Open Predefined steps 11.8K /46K 3.9 4.8 0.8K 142/14.9
CrossTask [406] Open Predefined steps 47K /21K 7.4 2.4 0.1K 29719.6
YouCook2 [45]  Cooking Manually written 2K /14K 7.7 8.8 13K 316/19.7
HIREST (Ours) Open Manually written 3.4K (1.1K w/ steps) / 8.6K 7.6 4.4 7.9K 263 /18.9
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I Various domains I I High-quality, diverse step captions written by human annotators I




Baseline Model for HIREST

Video Retrieval

Moment Retrieval
Moment Segmentation

Step Captioning
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Baseline Model for HIREST - Video Retrieval

Find the right video
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Baseline Model for HIREST - Video Retrieval

Find the right video
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Baseline Model for HIREST - Video Retrieval

Find the right video
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Baseline Model for HIREST - Video Retrieval

Find the right video

Take the video with
maximum similarity

All Videos
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Baseline Model for HIREST - Video Retrieval

Find the right video

Model Frames FT R@1 R@5 R@10

CLIP-B/32 1 11.4 207 273

: I CLIP-B/32 4 125 288 374

Image Models (CLIP-B) vs. Video Models (Frozen-in-Time / MIL-NCE) CLIP-B/32 10 130 317 399

- Although CLIP has not seen videos, CLIP is as effective as video models CLIP-B/32 20 130 333 412
w

Frozen-in-Time 4 7.0 194 26.7

MIL-NCE (S3D) 32 139 311 414

CLIP-B/32 1 /s 115 227 234

CLIP-B/32 4 v 139 295 394

CLIP-B/32 10 v 114 313 414

CLIP-B/32 20 v 123 317 416

CLIP-B/32 32/ 130 321 419

EVA-CLIP-G/14 1 189 326 375

EVA-CLIP-G/14 4 207 436 537

EVA-CLIP-G/14 10 260 485 58.8

EVA-CLIP-G/14 20 264 511 615

EVA-CLIP-G/14 32 260 500 614

Table 2. Video retrieval results on HIREST test split. CLIP/EVA-
CLIP results are based on temporal average pooling. FT: finetun-
ing on HIREST, R@k: Recall@k. MIL-NCE was trained on the
HowTol100M dataset, which is the video source of HIREST.
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Baseline Model for HIREST - Video Retrieval

Find the right video

Model Frames FT R@1 R@5 R@10
CLIP-B/32 1 114 20.7 213
CLIP-B/32 4 12.5 28.8 37.4
CLIP-B/32 10 13.0 317 399
CLIP-B/32 20 13.0 333 41.2
CLIP-B/32 32 126 33.0 41.8
Frozen-in-Time 4 7.0 194  26.7
MIL-NCE (S3D) 92 139 31.1 414
CLIP-B/32 1 v 115 227 27:1
CLIP-B/32 4 v 139 295 394
CLIP-B/32 10 v 114 313 414
CLIP-B/32 20 v 123 317 41.6
CLIP-B/32 32 v 13.0 321 41.9
EVA-CLIP-G vs. CLIP-B EVA-CLIP-G/14 1 189 326 375
) EVA-CLIP-G/14 4 20.7 436 53.7
- Bigger model helps EVA-CLIP-G/14 10 260 485 588
EVA-CLIP-G/14 20 264 511 61.5
EVA-CLIP-G/14 32 26.0 50.0 61.4

Table 2. Video retrieval results on HIREST test split. CLIP/EVA-
CLIP results are based on temporal average pooling. FT: finetun-
ing on HIREST, R@k: Recall@k. MIL-NCE was trained on the
HowTol100M dataset, which is the video source of HIREST.



Baseline Model for HIREST - Joint Embedding

Combining multimodal information of video, text query, and audio (ASR)

Joint Embedding
Video {Eva-cUPVis > O OO0 ~ OO
Query - Eva-CLIP Text 35 |~ [] [ O E*I - OO
audio | ieper® L. 0000 - OO
Mask HBELO0 - BN
'
[%ﬁ Frozen Updated] BEEOO - BB




Baseline Model for HIREST — Moment Retrieval

Find the right moment

Joint Embedding Moment Retrieval
Video JEva-cuPvis S|~ O OO0 -~ OO
* Start End
Query {Eva-CUPTextz: |~ O OO0 ~ OO Frame Frame
- +
Mask BEEROO - BB | Multimodal Encoder |
[ Frozen Updated] BECO - B oooo - 0o

No Mask



Baseline Model for HIREST — Moment Segmentation

Summarize the moment in steps

Joint Embedding

Video {Eva-cLiPVis il O OO0 -~
Query - Eva-CLIP Text 32 = [] 0 [ |:*|
Audio -|‘“’>I’i':;p“:r& *l_' ooo |:+|
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[s%: Frozen Updated] BEI EI

00
00

[ O
B

Moment Segmentation

End End End
Frame Frame ... Frame
of stepl of step 2 of step N

I

Multimodal Encoder

Mask out the span
that are outside of moments
or previously segmented steps



Baseline Model for HIREST — Step Captioning

Describe each step in text

Joint Embedding

Video {Eva-cLiPVis il O OO0 -~
Query 4 Eva-CLIP Text:% = [ O [ |:*|
Audio -|‘I\I>Il|hnl|sl_p|\7|r& |—> O0o00gag -
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Step Captioning

Step 1 caption Step N caption
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I Text Decoder I I Text Decoder I
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Quantitative Evaluation

Joint end-to-end baseline model is similar to / better than task-specific models

Model FT R@0.5 R@0.7
CLIP-B/32 (threshold=0.05) 21.01 9.02
CLIP-B/32 (8 frames left/right) 34.02 15.72
Moment Retrieval EVA-CLIP-G/14 (threshold=0.10) 19.33 7.86
EVA-CLIP-G/14 (8 frames left/right) 38.27 19.33
BMT 43.56 10.57
BMT ve 71.91 39.18
Joint (Ours) v 7332 32.60
Model ET Recall@IoU Precision@IoU
0.5 0.7 0.5 0.7
. SSIM@0.75 (32 frames) 1224 5.27 26.32 10.05
Moment Segmentatlon SSIM@0.85 (32 frames) 25.03 9.79 37.38 13.80
BMT (1fps) 8.24 3.71 20.95 7.96
BMT (1 fps) v 3407 1235 24.71 8.93
Joint (Ours) (1 fps) v 3750 14.76 28.52 10.84
Model FT METEOR CIDEr SPICE Entail. (%) BERT-S CLIP-S
. . BMT 2.23 1.04 1.41 1.17 0.83 0.21
Step Captioning SwinBERT 5.12 1331  4.65 5.86 0.85 0.23
BMT e 3.84 6.72 1.05 30.68 0.82 0.20
SwinBERT v 5.94 24.66 6.67 35.09 0.86 0.23
Joint (Ours) v 4.13 23.01 3.54 43.88 0.86 0.23
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Quantitative Evaluation

Audio is useful

Joint Embedding

Video - Eva-CLIP Vis %

Eva-CLIP Text 5%

Whispe
MiniLM

r&

Mas

% Frozen

Updated

Model FT Moment Retrieval Moment Segmentation  Step Captioning
— Ooooo - 00 R@0.5 R@0.7 R@0.7 P@0.7 CIDEr

. With Audio
BMT v 71.9 39.2 12.4 8.9 6.7
Joint (Ours) v 73:3 32.6 14.8 10.8 23.0

Without Audio
\d
BEOO BMT v 62.6(93) 3234(-6.8) 104(-2.0)0 74(-1.6) 6.1 (-0.6)

Joint (Ours) v/ 70.7(-2.6) 20.6(-12.0) 13.5(-1.3) 10.0(-0.8) 15.2 ( -7.8)

Removing audio input hurts performance

41



End-To-End Hierarchical Video Information Retrieval

Given a text query ‘How to make butter biscuits’, our joint model
1) predicts a relevant moment from a video, 2) segments the moment into steps, and 3) describes the moment step-by-step.
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Summary

1. HIREST Dataset

* A new benchmark that covers hierarchy in video search / multimodal summarization
* Provides high-quality / diverse step captions written by human annotators

2. Joint Baseline Model

* Provides starting point for all 4 tasks
* Shows comparable performance with task-specific baselines

Future work - Beyond ‘How to XXX’ queries 0
We hope HiREST fosters future work on end-to-end system for holistic multimodal retrieval / summarization @

Data / Code / Demo
hirest-cvpr2023.github.io




