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Thesis Statement

We explore data-efficient learning approaches for visual structured
prediction tasks
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Positioning: Image understanding
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S Khandelwal*, R Goyal* and L Sigal. “UniT: Unified Knowledge Transfer for
Any-shot Object Detection and Segmentation”. In CVPR 2021.
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Positioning: Video understanding
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Positioning: Video understanding

~ully-supervised
Multi-task
Semi-supervised

-ew-shot
Weakly-supervised

Supervision

Action
Classification

saiisansanssannsngssnnnns

equipment

Carrying an
object

Input Qu ryQ )
R Goyal, E Mavroudi, X Yang, S Sukhbaatar, L Sigal, M Feiszli, L Torresani, D Tran .
“MINOTAUR: Multi-task Video Grounding From Multimodal Queries”. arXiv. 2302.08063.
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Overview of the presentation

Image tasks
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P Bateni, R Goyal, V Masrani, F Wood and L Sigal. “Improved Few-Shot
Visual Classification”. In CVPR 2020.
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S Khandelwal®, R Goyal* and L Sigal. “UniT: Unified Knowledge Transfer
for Any-shot Object Detection and Segmentation”. In CVPR 2021.
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l. Contributions

® First method that seamlessly incorporates zero- to few-shot supervision in a single
framework

e xplored effectiveness of different (strong / weak) forms of supervision in a limited
budget setting



|. Complexity of Annotation

Annotation is costlier for granular instance-level tasks like object detection and segmentation.
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[1] Bearman et al.,

“What’s the point: Semantic segmentation with point supervision”, ECCV, 2016.



|. Any-shot object detection / segmentation
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Hoffman et al. "LSDA: Large scale detection through adaptation." In NeurlPS 2014.
Tang et al. "Large scale semi-supervised object detection using visual and semantic knowledge transfer." In ICCV 2016.
Kumar Singh et al. “Dock: Detecting objects by transferring common-sense knowledge”. In ECCV 2018.



|. Any-shot object detection / segmentation
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Hoffman et al. "LSDA: Large scale detection through adaptation." In NeurlPS 2014.
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|. Any-shot object detection / segmentation
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|. Any-shot object detection / segmentation
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l. Limited budget for novel classes

Few

Instance-level
data

[1] VOC dataset has 20 object classes and 2.8 objects on avg. per image
[2] Su, Hao, Jia Deng, and Li Fei-Fei. "Crowdsourcing annotations for visual object detection." In AAAI 2012.
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l. Limited budget for novel classes

Few Abundant

aircraft

bicycle

S9SSE[O [9AON

cat

Instance-level Image-level
data data
Instance-level X Image-level
bounding box annotations  |e——————— weak annotations

(1 image) (7 images)

137.2 sec / imagel' 2l 20 sec / imagel' 2]

[1] VOC dataset has 20 object classes and 2.8 objects on avg. per image
[2] Su, Hao, Jia Deng, and Li Fei-Fei. "Crowdsourcing annotations for visual object detection." In AAAI 2012.



l. Limited budget for novel classes

Few Abundant

Budget: 10 instance-level annotations
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[1] VOC dataset has 20 object classes and 2.8 objects on avg. per image
[2] Su, Hao, Jia Deng, and Li Fei-Fei. "Crowdsourcing annotations for visual object detection." In AAAI 2012.



Examples for weakly-supervised zero-shot (k = 0)
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Image tasks
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Il. Contributions

 Weaker supervision for human-object interaction (scene-graphs) leads to competitive
results compared with stronger supervision



Il. Spectrum of weak-supervision for scene-graph

Ground
Truth
Boxes

({ closet cabinet ]\

| in front of | | holding |

\> j
] person |-
/- —

[ in front of |

 carrying |

not contactlng

on the side of
book P door

Fully supervised

Object bounding boxes and their labels
Grounded relation triplets <sub,pred,obj>
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Il. Spectrum of weak-supervision for scene-graph
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ll. Weak supervision

Ground-truth Prediction Method R@Q20 R@50
Fully-supervised
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Video tasks
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lll. Contributions

® \\Ve study heterogenous video tasks under a single, unified model

¢ \/\Ve find multi-task learning leads to cross-task transfer and generalization to
unseen tasks



lll. Synergy among video tasks

When and where did | last see ?

When did | put the spanner?

When did | repair small equipment?

Let’s find answers in the video!



lll. Synergy among video tasks

When and where did | last see ?

When did | put the spanner?

When did | repair small equipment”?



lll. Synergy among video tasks

spanner

repair small equipment

Heterogeneous nature of output Multi-modal nature of input queries



lll. Synergy among video tasks

object grounding
spanner

objects «= actions

repair small equipment




lll. Synergy among video tasks

Video object tracking

Grauman et al. 2022
Xu et al. 2022
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. A Unified approach for heterogenous tasks

Transformer-based encoder-decoder architecture
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lll. Multi-task learning leads to cross-task transfer

We train on three tasks using multi-task learning



lll. Multi-task learning leads to cross-task transfer

We train on three tasks using multi-task learning

R@5, tloU=0.5
NLQ Gain

Category Template only All-Tasks (in %)

Where is object X before / after event Y? 6.21 7.30 +17.50

Where is object X? 10.29 13.42 +30.43

What did I put in X? 5.43 7.67 +41.18 :

How many X's? (quanity 767 2367 4339 Language grounding (NLQ)
Objects What X didI Y? 9.94 13.78 +38.71 =

In what location did I see object X? 10.24 11.95 +16.67 be neflts

What X is Y? 10.13 12.42 +22.58 : :

State of an object 1131 2202  +94.74 from Video trackin g (V Q2 D) task

Where is my object X? 6.49 11.69 +80.00
Place Where did I put X? 5.43 7.67 +41.18

Who did I interact with when I did activity X? 12.75 11.76 -7.69
People Who did I talk to in location X? 15.66 16.87 +7.69

When did I interact with person with role X? 4.00 4.00 0.00




l1l. Multi-task learning generalizes to unseen tasks

Input Output Task
Visual Spatio- Temporal VQ2D
Language / Class-label Temporal NLQ / MQ
Language Spatio- Temporal NoO supervision




l1l. Multi-task learning generalizes to unseen tasks

Input Output Task
Visual Spatio- Temporal VQ2D
Language / Class-label Temporal NLQ / MQ

Language

Spatio-Temporal

NoO supervision

Spatio-temporal Temporal
Model ls)patlatll stloU=0.3 mIeatl} Irllezll?
ranc R@1 R@5 stlo tlo
NLQ-only N/A 5.35
random boxes 0 +£0 0+0 0.40 + 0.04
MINOTAUR | random centered
(All-Tasks) boxes 0+0 047038 1.25+0.03 8.35
All-Tasks 2.33 4.65 2.27

Zero-shot spatio-temporal localization on NLQ task

—valuated on spatially annotated subset of validation data (=10 videos / question)

Meaningtul performance on
unseen task



lll. A video example result

OBJECT CROP TO SEARCH IN THE VIDEO




Chapter IV

Video tasks

- Matcher ®  Matrix-matrix proch
© scaled Dot-Product Attn.
& Y(/.(’nr Learned
Multi-Scale Matching Contextualized time embeddings
N Feature Pyramid Wl {t)} <
Y fpn |
Trans. block
|
x4 Trans. block
[, Trans. block
Upsample :
$ Trans.*blo k
- ~ ~
@l TUCSON, ARIZONA « FEB 28 - MAR 4
- 1 o
--~ Forward with Conv layer R
Pixel Decoder Y(]

GT masks«———£i7'-——»
[

R Goyal*, WC Fan*, M Siam, L Sigal, . “TAM-VT: Transformation-Aware Multi-scale
Video Transformer for Segmentation and Tracking”. In WACV 2025.




IV. Contributions

* \We explore spatio-temporal video object segmentation with deformations on long
videos

* We find time-coded memory and transformation-aware loss to be crucial
components



Small objects
(<1% relative area)

L arge deformations Long videos (>20 secs)

State changes and/or multiple Objects can get lost at a typical feature

instances map resolution (=1/16t) Drift in tracking



IV. Video Object Segmentation under Transformations

N %‘\”{\ ey

““““““““

A
e,

Small objects

| .ong videos (>20 secs)
(<1% relative area)

Large deformations

State changes and/or multiple Objects can get lost at a typical feature

instances map resolution (=1/16t) Drift in tracking

Dense propagation that takes : Robust memory module to
. Multi-scale feature maps
semantics Into account frack changes long-term

Karim, Rezaul, et al. "MED-VT: Multiscale encoder-decoder video transformer with application to Cheng, Ho Kei, et al. "Xmem: Long-term video object segmentation with an atkinson-shiffrin memory
object segmentation." CVPR 2023. model." ECCV 2022.
Seong, H., et al. Hierarchical memory matching network for video object segmentation. ICCV 2021. Hong, Lingyi, et al. "Lvos: A benchmark for long-term video object segmentation." ICCV 2023.

Yang, Z., et al. Associating objects with transformers for video object segmentation. NeurlPS 2021
Oh, S.et al. Video object segmentation using space-time memory networks. ICCV 2019



V. Comparison to the previous chapter

Visual query:

Segmentation
mask

- Quisual

modality-specific time
embeddings {et}i=

- Visual encoding at multiple scales

- Memory module

- Dense matching

to store past predictions
{0 propagate memory

Decode only

ko L Segmentation
> Space-time Decoder Mas k
Video-
oo Sy e
> f N/\_J:\/'\/ \
| starttime logits (-
end time logits |
b DDDDD UDDUD boundmg ‘ CVQQD



IV. Multi-scale encoder-decoder design

L dio

zdio

¢ dijg

Divide input video non-overlapping clips (each of length L frames)



IV. Multi-scale encoder-decoder design

scale=1

Image | |
Backbone C]
Frames A = (
I scale= 2|
Query Clip : Query Frames
T . Shared! Features
:‘ }‘ weights,I E—
| J | |
| ] | J
: | ¥ - _—
\
i - Image
| Backbone | M
| ..
: X
| A
| : Memory Frames
: shared Features
: weights| —— 1
|
: |
l |
: ! |
|
: Mask _E- |
|
- Backbone M
i - Y
|
l Memory Masks
Features

Encode a query clip (=L) using image backbone and retrieve Memory (=N)



IV. Multi-scale encoder-decoder design

LF‘ Token
scale = 1 I Matcher

L NN

Memory Masks - Token matcher ,
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S

Perform dense matching b/w Query clip (=L) and Memory (=N) using attention over
Mmultiple-scales



IV. Multi-scale encoder-decoder design

L dijo

zdio

¢ diio

Input Video

cale=1
Image |
Backbone | q
Frames scale = 2 |
Query Clip | Query Frames
shared ; Features
weights,
Image v |
Backbone | X NV
Memory Frames
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[
[ |||
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Backbone | N
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Features
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Token

> Matcher

~ Token
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..............................

- g .
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I

Relative-time
Encoding (RTE)

#1 Relative Time Encoding (RTE)

ldea: Modulate association from
memory based on time /

recency

#2 Transformation-aware Loss

ldea:

Place greater emphasis on

frames that contains objects
undergoing transformations



IV. Multi-scale encoder-decoder design

Input Video
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IV. Results

.. VOST

Approach Pre-training T 7
OSMN-Match [50]| Static + DAVIS [38] | 7.0 8.7
OSMN-Tune [50] Static + DAVIS 17.6 23.0
CRW [23] IN1K [14] + DAVIS |13.9 23.7
HODOR-Img [1] COCO [32] + DAVIS [13.9 26.2
HODOR-Vid [1] COCO + DAVIS 254 37.1
CFBI [51] IN1K + COCO + DAVIS |(32.0 45.0
CFBI+ [53] Static + DAVIS 32.6 46.0
XMem [8] Static + DAVIS 33.8 44.1
AOTT [52] Static 35.1 47.1
AOT [52] Static + DAVIS 36.4 48.7
TAM-VT(Ours) Static 36.5 48.2
TAM-VT(Ours) Static + DAVIS 37.7 49.3

(a) Val performance on VOST

Qutperforms prior

approaches



IV. Results

OSMN HODOR TAM-VT(Ours)

Tune [50] F o1+ 931 g 111 A9T 21 Gigr with AOT [527)
All | 17.6 32.6 254 364 377 (+1.3)
LNG| 12.4 30.4 250  34.7 41.9 (+7.2)
ML | 147 26.4 206 272 292 (+2.0)
SM | 144 233 16.6 247 28.4 (+3.7)
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CFBI+ [53] Static + DAVIS 32.6 46.0
XMem [8] Static + DAVIS 33.8 44.1
AOTT [52] Static 35.1 47.1
AOT [52] Static + DAVIS 36.4 48.7
TAM-VT(Ours) Static 36.5 48.2
TAM-VT(Ours) Static + DAVIS 37.7 49.3

(a) Val performance on VOST

Qutperforms prior

approaches

(b) Quantitative analysis of factors on VOST.

LNG: Long videos (>20 sec)

MI: Multiple instances
SM: Small objects (<0.5% rel. area)

Meaningful gains over
Long videos (LNG) and Smalli
objects (SM)
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V. A video example result




Conclusion

Fully-supervised
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R Goyal, E Mavroudi, X Yang, S Sukhbaatar, L Sigal, M NS Uommm M| S E,-)

Feiszli, L Torresani, D Tran . “MINOTAUR: Multi-task Video pondont Abuncont L _ : 3
Grounding From Multimodal Queries”. arXiv. 2302.08063. .. Ty R Goyal*, WG Fan*, M Siam, L Sigal, . “TAM-VT:
Transformation-Aware Multi-scale Video

Transformer for Segmentation and Tracking”. In
WACV 2025.

S8sSe|D [9AON

-ew-shot

Base classes

'mag:;eve‘ '”S’EQZ:'EVG' ‘I‘nstag;:vleazle‘vbel. Imag:‘-;evel
(inrontof Chokding )
S Khandelwal*, R Goyal* and L Sigal. “UniT: Unified

Knowledge Transfer for Any-shot Object Detection and
Segmentation”. In CVPR 2021.

Supervision

Weakly-supervised

Fully supervised (a) Weakly supervised (b) Weakly supervised (c) Ours (d)

R Goyal and L Sigal. “A Simple Baseline for
Weakly-Supervised Human-centric Relation
Detection”. In BMVC 2021.

Granularity of the tasks

We explore data-efficient learning approaches for visual structured
prediction tasks
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