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Problem Statement

@ ZSAR: Recognition of human actions never seen during training.

e Knowledge transfer through semantic representations (videos and labels).
@ Main challenges: semantic gap and domain shift.

e Semantic gap: rich descriptions for videos and prototypes instead of only class labels.
e Domain shift: training guided by textual descriptions.
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ZSARCap [5]. Ours.

Horse Riding (blue); Horse Race (orange); Pommel Horse (green); Balance Beam (red);
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Proposed Method
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Contrastive multimodal embedding model.
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Proposed Method - Hard Negative Mining
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Negative samples are selected at the video clip description level rather than based on differences in the
visual space, which we hypothesize helps mitigate the domain shift problem.
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Experimental Setup

@ UCF-101 benchmark.
e 101 classes (13,320 videos).

@ ActivityNet Captions: e ~ 7 seconds per video.
e 20,000 untrimmed videos (12,000*). e 508%/50% - 50 runs; 88%/20% - 50 runs, and
e One sentence per segment. 6/100% - 1 run.
o Average of 1 minute per segment. @ Kinetics-400 benchmark.
o No class labeling.

400 classes (at least 400 videos per class).

we obtained only 242,658 (= 80%)

10 seconds per video.

25 classes - 50 runs, 100 classes - 50 runs, and
400 classes - 1 run

@ Semantic class descriptions generated with
Google Gemini 3 (Pro).

6/15



Results: UCF-101

Accuracy (%) under different numbers of test classes. VE = visual features; O = objects; C = captions.

UCF-101 — Test classes

Model Classes

101 50 20
Mettes and Snoek [13] - 328 404+10 51.2+50
Mettes et al. [14] - 36.3 47.3 61.1
Kim et al. [11] 51 — 489458 -
Chen and Huang [3] 51 - 51.8 £ 2.9 -
Brattoli et al. [1] 664 39.8 48 -
Huang et al. [8] 51 — 464 +31 -
Kerrigan et al. [10] 664 40.1 49.2 -
Doshi et al. [4] 595 45.0 — -
Huang et al. [9] 51 - 459 + 3.4 -
Estevam et al. [5] - - 49.0 £ 35 -
Lin et al. [12] 664 - 58.7 £ 3.3 -
Lin et al. [12] 605 467 55.9 -
Gowda et al. [7] 51 - 53.9 + 2.5 -
Estevam et al. [6] (O) - 39.8 494 +40 600+385
Estevam et al. [6] (O + C) - 409 531+39 637183
Ours (VE) — 498 59.1+27 726+£59
Ours (VE + O) — 509 594 +£36 729+59
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Discussion: UCF-101

@ Consistent improvements across all evaluation protocols.
@ Significant gains over recent methods:
o +4.2% over Lin et al. (CVPR'22 — 605 classes in traning phase)

@ Object cues improve discrimination.

Our method consistently reduces the semantic gap on the UCF-101 benchmark. )
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Results: Kinetics-400

Accuracy (%) under different numbers of test classes. VE = visual features; O = objects; C = captions.

Kinetics-400 — Test classes

Model
400 100 25

Mettes and Snoek [13] 6.0 108+1.0 21.8+35
Mettes et al. [14] 6.4 111 +08 21.9+38
Bretti and Mettes [2] 98 18.0+11 29.7+5.0
Estevam et al. [6] (O) 204 324+24 4931638
Estevam et al. [6] (O + C) 194 351 +24 546 +6.1
Ours (VE) 215 38420 581+46
Ours (VE + 0) 23.8 40.4 +1.7 58.7+5.9

9/15



Discussion: Kinetics-400

Kinetics-400 presents substantially larger semantic diversity.
CEZSAR consistently improves over previous methods.

Rich semantic prototypes generated by Gemini 3.

Object representations provide complementary information.

Our method remains effective even in large-scale ZSAR scenarios with hundreds of unseen
actions.
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Evaluation on Hard Action Classes - UCF-101

® Horses
e Horse Riding
o Horse Race
® Gymnastics

o Pommel Horse
o Balance Beam
o Floor Gymnastics

© Basketball

o Basketball
o Basketball Dunk

O Boxing
e Punching Bag
e Speed Bag
©® Face-related
e Apply Eye Makeup
e Apply Lipstick
e Brushing Teeth
@ Hair-related
e Blow Dry Hair
e Haircut
o Head Massage
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Conclusions

@ Contrastive learning effectively bridges the semantic gap

o Significant improvements across two ZSAR benchmarks.
e Easily incorporates semantic information without retraining (ex.: object descriptions).

@ Textual information mitigates domain shift

o Text prototypes consistently improve visual representations.
o Samples are naturally drawn closer to their corresponding classes.

@ Automatic hard negative sampling is practical and scalable

o Improves representation learning.
e Training in a few hours on a single commercial GPU.

@ We use only 0.5% of the number of triplets employed by contrastive models such as
CLIP [15].
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Thank you!

https://github.com/valterlej/cezsar

@ A N PARANA & NACNP
ARAUCARIA e \S/EEC:E:AORIADD: CI;NSCITA:A °° q

CAPES NG TECNOLOGIA EINGVACAO PAA O PATAN TECNOLOGIA E ENSINO SUPERIOR

NS S
pucPr &2 <3

GRUPO MARISTA UNICAME NVIDIA.
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