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Untrimmed Video

Task Description : Revisiting Temporal Action Detection

What is the Activity ?
(“Playing Ice Hockey”)
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When is the Activity Occuring ?
(13s—28s)

Sub-Task 1 :

Action Classification

Sub-Task 2 :

Playing Ice Hockey

Temporal Regression

36(in s)
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Current Approaches: Data Pre-Processing and Model Estimation

Source
Video Frames

Video
Encoder

Temporal Features

Frame Level
Annotation

Ground Truth Annotation

(a) Data Preprocessing

Downsample the Temporal Resolution ; Detect Actions in downsampled resolution ; Inference in original resolution
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Temporal

Downsampling

Input Features

Calibrated Annotation
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(b) Model Estimation

Model Training

Processed
------ GT

Model Testing
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Quantization Error : How does it Arise ?

Time (insecs ): Temporal Segments 213
SlarSiTides Quantization Error (in red) is introduced at
[ [ | | ] ) start/end points of action due to
0 98 145 157 178 213 v .
A ceiling/floor/round operations.
Encoded Boundary = quantize ( Source Boundary x Sampling Point / Gisa D ion) . L. . . . .
e buret We solve this by fitting Gaussian Distribution

[ [ | 0 ] ) :

. " — - s at start/end points.
Proposed GT Encoding
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Quantization Error : How to Solve ?

Instead of Standard Snippet Level Prediction
[ [ ] ] . :
0 = 7 100 we predict at Sub-Snippet Level
Existing Snippet Level Prediction
( [ ] J Each Snippet may contain action/background frame
0 54 73 100

Our Sub-Snippet Level Post-Processing
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Gaussian Approximated Post-Processing

Step 1: Temporal Smoothing
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0 T
Predicted Temporal Representation

Given a Action Temporal Snippet Representation,

ﬂ We smooth the distribution using Gaussian Kernel

to avoid multiple peaks.
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/] § Modulated Temporal Representation
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Gaussian Approximated Post-Processing

Step 2: Gaussian Refinement and Calibration

| Predicted Proposals |

Given a predicted boundary point (start/end) :

Action Start Action End

@ a) We fit Gaussian Distribution at the boundary point

| Gaussian Refinement |

b) We find the optimal Shift using Taylors Expansion

¢ c) The newly shifted start/end points are at sub-snippet level

0

| Refined Proposals |

[ 9 I\ “'i.\l 0 Hstare : g”end t
Refined Start Refined End
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Gaussian Approximated Post-Processing

Step 3: Temporal Resolution Recovery

0 start ”end t . . .
e We recover the temporal resolution by multiplying
the Video Duration

0 t
Down-sampled Video Space The refined start/end point reduces the quantization error

@ at sub-snippet level

[ I

Original Video Space
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GAP Integration : Plug-And-Play Module

%
3 ) ()
= b
=Y Temporal (—\ctlon . — n —
Detection
Video Frames Final Prediction Refined Prediction
(a)

$ B $ B

Temporal f\ctlon I . — Coarse-to.-Fme I
Detection Processing
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Video Frames Coarse Prediction Final Prediction

(b)
\

Can be used during both
(a) Model Retraining

(b) Inference Post-Processing
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GAP Improves on Standard Supervised Action Detection

ActivityNet THUMOS14
Category Method mAP mAP
0.5 0.75 0.95 Avg 0.3 0.5 0.7 Avg
MUSES 50.0 349 6.5 34.0 68.9 56.9 31.0 534
Anchor-based MUSES + GAP 50.3 35.5 6.9 34.3 69.3 57.8 31.9 53.8
PBRNet 53.9 34.9 8.9 35.0 58.5 513 29.5 -
PBRNet + GAP 54.4 354 9.2 35.2 59.2 51.9 30.0 -
BMN 50.1 34.8 8.3 33.9 56.0 38.8 20.5 38.5
BMN + GAP 50.5 35.2 8.6 34.3 56.6 394 21.0 38.9
GTAD 50.4 34.6 9.0 34.1 54.5 40.2 23.4 39.3
GTAD + GAP 50.8 34.9 9.2 344 55.0 40.5 23.8 39.6
Anchor-Free DCAN 51.8 35.9 9.4 354 68.2 54.1 32.6 -
DCAN + GAP 52.4 36.4 9.6 358 68.6 54.6 33.0 -
RTDNet 47.2 30.7 8.6 30.8 68.3 51.9 23.7 -
RTDNet + GAP 47.7 31.1 8.8 31.2 68.8 52.3 24.2 -
AFSD 52.4 353 6.5 344 67.3 55.5 31.1 52.0
AFSD + GAP 53.0 35.9 7.1 34.8 68.0 56.1 31.5 52.5
ActionFormer 53.5 36.2 8.2 35.6 82.1 71.0 43.9 66.8
ActionFormer + GAP 53.9 36.4 8.5 36.0 82.3 714 44.2 66.9
React - - - - 69.2 57.1 35.6 55.0
React + GAP - - - - 69.5 57.3 35.7 55.2
Proposal-Free TAGS 56.3 36.8 9.6 36.5 68.6 57.0 31.8 52.8
TAGS + GAP 56.7 37.2 9.8 36.7 69.1 57.4 32.0 53.0

SOTA on standard benchmarks
Like THUMOS14 and ActivityNet
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GAP Also Improves on Any-Shot/ Any-Supervision Action Detection

GAP on Weakly Supervised Setting GAP on Few-Shot Setting
mAP
Model mAP Bt | Moges 05 07 09 [ Avg
03 04 05 06 07 | Avg QAT [10] 449 292 112 | 259
ASL 3] 518 - 311 - 114|322 U | QaT[10]+GAP | 458 300 118 | 265
ASL [5] + GAP 530 - 317 - 115 | 324 QAT [10] 518 326 119 | 302
CoLA [13] 515 419 322 220 13.1 | 409 5 QAT [10]+GAP | 522 329 121 | 304
CoLA[13]+GAP | 51.8 422 324 222 132|410
TS-PCA [4] 524 435 346 237 126 - i
TS-PCA [4]+ GAP | 529 44.0 349 240 128 | - GAP on Zero-Shot Setting
CO2-Net [3] 545 457 383 264 134 | - AP
CO2-Net [3] + GAP | 549 46.0 388 271 14.0 | - Models 05 075 095 | Avg
ASM-Loc [2] 57.1 46.8 366 252 134 |45.1 Baseline 28.0 16.4 1.2 16.0
ASM-Loc [2] + GAP | 58.1 475 371 25.6 138 | 455 BaselineT + GAP 287 16.8 1.7 16.5
DELU [1] 56.5 47.7 405 272 153|464 Baseline + GAP 282 166 13 | 162
DELU [1] + GAP 57.0 481 409 27.6 155 | 46.6 STALE [0] 21 207 59 | 205
STALE [9]+GAP | 324 21.1 62 | 208
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GAP is effective when Temporal Resolution is Small
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Error Breakdown (%)
"
o5 8888838838

Temporal mAP

Method | g ocolution | 0.5 075 0.95 | Avg
BMN [9] 25 47 279 7.0 | 28.1
BMN+GAP 25 455 284 7.3 | 285
BMN 100 50.1 348 83 | 339
BMN+GAP 100 505 352 8.6 | 343
BMN 400 509 349 8.1 | 340
BMN+GAP 400 511 350 8.2 | 34.1

Error Breakdown (%)
-
38883388838

BMN + GAP

10U Overlap

BMN+GAP
BMN

As Temporal Resolution is Low,
More Chances of Ambiguity among Action Boundaries

GAP is effective in such scenarios

As Temporal Resolution Increases,
Duration per snippet increases, Ambiguity reduces

GAP is less effective in such scenarios

Error-Sensitivity Analysis shows that
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GAP does not bottleneck efficiency

GAP does not learn any extra parameters.
Method Inference Speed
Time

AFSD [¥] 0.29sec | 1931 FPS
AFSD + GAP | 031sec | 1792 FPS

GAP may slightly increase the training time but negligible.

GAP has almost negligible effect on inference time.
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Thank You for Listening

For any questions, contact : s.nag@surrey.ac.uk

Scan the QR Code for Code
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