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WHAT IS SCENE GRAPH GENERATION (SGG) ?

= SGG aims to represent observable knowledges in an image in the form of a graph

= The knowledge includes 1) object information and 2) their relation information, which is mapped to a
scene graph
« E.g., Object information: {man, horse, glasses, bucket}
 E.g., Relationship information between objects: {feeding, wearing, ..., holding, eat from}
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MOTIVATION: INHERENT PROBLEMS IN SGG DATASETS

= Inherent Problems in SGG datasets (e.g., Visual Genome [1])

« 1. Long-tailed Predicate Distribution

« It leads to biased predictions towards head classes which are uninformative

« 2. Missing Annotations of Predicate
 Inright figure, walking in is annotated for one instance of person = sidewalk,
but not for the other instance.
« Among overall relationships, only 4.5% relationship is annotated

= 95.5% relationship is not annotated

[1] Visual Genome: Connecting Language and Vision Using Crowdsourced Dense Image Annotations. Krishna et al. [JCV’17
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= 95.5% relationship is not annotated

We aim to assign pseudo-labels to missing annotations to address the long-tailed problem

via Self-Training Framework

[1] Visual Genome: Connecting Language and Vision Using Crowdsourced Dense Image Annotations. Krishna et al. [JCV’17



CHALLENGES OF APPLYING SELF-TRAINING FRAMEWORK FOR SGG

= |t is challenging to apply existing self-training framework from image classification to SGG task.

« 1. Extreme Long-tailedness: Biased SGG models are likely to assign pseudo-labels of head classes.

« 2. Semantic Ambiguity: To assign pseudo-labels through the model’s prediction probability, it is necessary to

recognize “Confident Samples”. Semantic Ambiguity makes it difficult to define confident samples.

« E.g., in image classification task, the samples above 0.95 probability are assigned with pseudo-labels, but it is difficult on SGG
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METHOD: ADAPTIVE SELF-TRAINING FRAMEWORK FOR SGG (1/3)

= Goal: We find suitable thresholds for each predicate class to apply self-training to SGG task.

« (1) Class-specific Adaptive Thresholding — Increase threshold for each class

« Through Exponential Moving Average (EMA), we set thresholds based on the overall prediction probability.
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METHOD: ADAPTIVE SELF-TRAINING FRAMEWORK FOR SGG (2/3)

= Goal: We find suitable thresholds for each predicate class to apply self-training to SGG task.

« (2) Class-specific Momentum (Increase): It rapidly increase the threshold for head classes, while slowly

increasing the threshold for tail classes.

- It enables pseudo-labeling primarily for tail predicate classes.
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METHOD: ADAPTIVE SELF-TRAINING FRAMEWORK FOR SGG (1/3)

= Goal: We find suitable thresholds for each predicate class to apply self-training to SGG task.

« (1) Class-specific Adaptive Thresholding — Decrease threshold for each class

« If predictions of predicate ¢ are made at the current step t while no pseudo-label is assigned with those instances, we decrease
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METHOD: ADAPTIVE SELF-TRAINING FRAMEWORK FOR SGG (3/3)

= Goal: We find suitable thresholds for each predicate class to apply self-training to SGG task.

« (2) Class-specific Momentum (Decrease): It slowly decreases the threshold for head classes, while rapidly

decreasing the threshold for tail classes.
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EXPERIMENT WITHIN VISUAL GENOME DATASET

= Metric

« R@K: Performance of Head classes I > R@K

« mR@K; Performance of Tail classes T» > mR@K

« F@K: Harmonic average of R@K and mR@K

PredCls

Method SGDet

o | DI2-ACBS [) 23.3/25.6 35.9/39.7 2837311 16.2/17.6 2481275 196/21.5 | 150/163 22.0/24.0 17.8/194
T | PCPLE) 5087526 35.2/318 41.6/440 | 27.6/284 1867196 222/232 | 146/186 9514117 11.5/144
2 | KERN [34) 65.8/67.6 17.1119.2 2791299 | 36.7/314 94/100 15.0/158 | 27.1/298 64/1.3 1047117
“ | GBNet [33) 66.6 /68.2 22.1/240 3321355 37,3/ 38.0 127/134 189/198 | 263/299 7.1/8.5 1127132
Mouf 22 65.3/67.1 17.8/19.2 2807299 | 369/38.1 90196 14.5/153 | 31.9/364 641176 1071126
+ST-SGG 6347654 24/24.) 3307352 | 368/378 1217128 1827191 | 29.7/34.8 BS5/10. 1327157
+Resam, (3] 62.3/64.3 26.1/28.5 16.8/395 | 36.1/31.0 13.7114.7 199/200 | 304/348 105/12.3 1567182
+Resam +ST-SGG | 5397577 28.1/31.5 369/408 | 3347349 1697180 2241238 | 2671307 11.6/14.2 1627194
VIDE [#) 46.2/51.4 25.5/29.1 3201312 | 2111299 1317149 1787199 | 169/203 8.2/98 11.0/132
VDLEE [50) 52.5/54.2 269/288 35.6/37.6 | 3237331 1521159 20.7/21.5 | 2547294 11.7/138 16.0/18.8
WNICE [38) 55.1/57.2 2097323 1887413 33.1/34.0 1667179 221/235 | 218/31.8 122/ 14.4 1707198

o [ AIETrans H2) 54.7156.7 10.9/33.6 395 /422 32.5/334 1687179 222/233 | 264/30.6 1247149 16,9 /200
Z | - Trans [2) 55.2/57.1 29.1/31.9 38.1/409 | 32.5/334 1571169 201.2/224 | 27.0/31.3 147140 1607193
| VTrans4ST-SGG | 5057528 32.5/351 4177425 JL2/32. 18.0/19.3 228/24.1 2571298 1297158 17.2/207
; VCTree (23] 65.5/67.2 1727186 27131291 381/ 388 967102 1537162 | 31.4/357 1.3/8.6 1197139
¥ | +8STSGG 64.2166.2 21.5/229 3221340 | 37.5/384 1201125 1827189 | 30.4/34.7 87/10.1 1357156
= | +Resam, [3) 61.2/63.5 2121292 Y17 1400 35,71 36.5 138/14.4 199/20.7 | 29.7/339 10.2/11.8 1527175
+Resum +ST-SGG | 54.0/57.0 1221346 4037430 | 322/334 1697183 2221236 | 2461296 1237148 1647197

g "'KL 4721516 2541287 330/369 | 254/219 122/14.0 1657186 | 194/232 937111 126 /150

+DLEL [10) S1LR/53S 25.3/27.1 3407360 | 33.5/34.6 1897200 2421253 | 22171263 11.8/138 1557181
WNICE (38 5507569 0.7/33.0 0A/418 | 37.8/39.0 199/21.3 2611276 | 21.0/308 1197141 16.5/19.3

WK |nm.\J{F3| 53.0/55.0 30.3/339 I6/419 | 329/338 1657 18.1 2201236 | 2547293 1157140 1587189

- Trans (2] 54017559 30.2/33.1 871416 | 37.2/383 19.0/20.6 25.1/268 | 255/294 11.2/13.7 15.6/18.7
H-Truns+ ST-SGG | 52.5/54.3 3271356 4037430 | 3637373 21.0/224 266/219 | 2071249 126/ 15.1 1577188

Performance Comparison with baselines

= ST-SGG is applicable to other model

« Performance increase on Motif+ST-SGG / VCTree + ST-SGG

= Combining ST-SGG with debiasing method outperforms
SOTA baselines

« ST-SGG is adopted to Resampling or I-Trans method
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CONCLUSION

= ST-SGG aims to address long-tailed problem by annotating pseudo-labels on unannotated relationships via

self-training framework

= We identify challenges of applying existing self-training framework to SGG task

« It stems from 1) extreme long-tailed problem and 2) semantic ambiguity

= To this end, we propose novel self-training framework for SGG, which consists of class-specific adaptive

thresholding with class-specific momentum

= Our proposed framework outperforms state-of-the-arts baseline in terms of F@K and mR@K
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