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Retrievals from a Video Collection
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Can Vision-Language Models Perform
Personal Instance Retrieval Tasks?

Top Retrievals Top Retrievals

Personalized
Vision-Language Model

Zak's dog Coffee is eating
food with a white plate
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Challenge #1:
How to adapt a vision-language model to
learn a novel instance without overfitting?

<my dog Biscuit> grabbing a Q
pink frisbee

H[Personalized Vision-Language Model]
ﬁ Meta-Personalize
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..create recipes to them...This is my dog Biscuit..if you teach them a trick...

Input Video with Transcript
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Meta-Personalization

Meta-Personalized
Vision-Language Model

| A
2018 Indian W
Scout - !

fender
guitar

Meta-Personalization Dataset D

:j> Tt'es't-time Personalized
Vision-Language Model

Our Meta-Personalized VLM

Test-time Personalization Query-time Retrieval

Output: Personalized Retrievals

L)

Named Tt.es.t-tlme Personalized
Instance Vision-Language Model
Zak’s dog Video
Kona Input Query: “<Zak’s

dog Kona> playing with
a black and white dog”

Test-time Personalization Dataset P
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Highlights:

Personal instance tokens w are a
combination of:
o Global category features C
(@)

The columns of C could correspond to
attributes of an object category
(e.g., color, brand, type of car)



JUNE 18-22, 2023

CVP R VANCOUVER NADA [: [] nt” h uu U n S Output Personalized Retrievals

Challenge #2:
How to obtain data for training the
meta-personalization approach?

( <my dog Biscuit> grabbing a Q}

—  Automatic Mining of Named pink frisbee
Instances
Personalized Vision-Language Model
—  This-Is-My Benchmark
ﬁ Meta-Personalize
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..create recipes to them...This is my dog Biscuit..if you teach them a trick...

Input Video with Transcript
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Spotting Named Instances (Step 1)

Video: . | Step 1 finds named instances via possessive
i SO e : ; patterns (e.g, "This is my *") in video transcripts

Transcript:
This is our time to talk about ... This is my fender quitar

Step 2 filters non-visual instances using
text-to-visual relevance between

e [Instance name

e Video shots neighboring the named instance

mstance name: Time to talk about instance name: fender guitar

Step 3 retrieves additional shots with high visual
similarity to the instance reference shot
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Meta-Personalization Dataset D (samples: 49256; instances: 2908)

.
Named Instance: » . A'?-“-!_‘;‘-\\.m Named Instance:

AN

fender guitar ‘ "” B\ first time coming dog

Test-time Personalization Dataset P Query-time Dataset Q
(samples: 686; instances: 15) (samples: 30; instances: 15)
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Named Instance: Alex’s piano Input Query: “a woman is raising Input Query: “a woman is

‘ her hand in front of Alex’s piano”  standing in front of a birthday

cake and Alex’s piano”
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Input Query: “Zak’s dog Input Query: “a man is leading
Coffee is lying down around a Zak’s dog Coffee with a leash”
man and women”

Named Instance: Zak’s dog Coffee



Quantrtative Retrieval Results

This-Is-My Video Retrieval DeepFashion2 Fashion Item Retrieval
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Contextualized Retrieval: Queries describe a specific context, e.g, "A

photo of * lying on the beach." (single correct match)

Generic Retrieval: Queries correspond to the generic prompt "an ] Conen, i, t a1 “Tis s my uncor,Futy’ Personslzng fozen viion-snguage
|mage Of * ||- (multlple Correct matCheS) representations." Computer Vision-ECCV 2022: 17th European Conference, Tel Aviv, Israel,

October 23-27, 2022, Proceedings, Part XX. Cham: Springer Nature Switzerland, 2022.
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Qualitative Retrieval Results

Top-5 Personalized Retrievals

Language Queries Success Retrieval
a man is riding <Casey’s
boosted board> and

wearing white t-shirt and
gray shorts

<Zak’s dog Kona> is
playing with a black and
white dog on the grass

<Zak’s dog Coffee>is
lying down in front of a
man and three women




