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Task - 1 Video Scene Graph Generation
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Video Scene Graph Generation (VidSGG) entails the identification of
localized fine-grained relationships between the objects observed in the video, such as
(Person, looking at, Paper Notebook) and (Person, not looking at, Paper Notebook) in respective frames



Task - 2 Scene Graph Anticipation

Scene Graph Anticipation aims to anticipate the evolution of relationships
(Person, looking_at, Floor) and (Person, not_contacting, Cup)
to (Person, touching, Cup), and eventually, (Person, drinking_from, Cup)



Datasets

Attention Relationships
2. Spatial Relationships
3. Contacting Relationships

Data Distribution

1.

Dataset: Action Genome

2. Videos: Charades

3. Objects: 35 classes
4. Relationships: 25 classes
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Metrics VidSGG and SGA

Recall @ K Mean Recall @ K
The fraction of ground truth Computed by first calculating the recall for each
relationships that are correctly relationship category individually and then

predicted among the top K predictions. averaging these recalls over all the categories




Related Work: Overview
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Related Work: Overview Digression
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1. Isn’t this solved?
2. Can’t current large multimodal models get these things out of the box, right?



Related Work: Overview Digression
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Dataset Model % Data Recall

Video Scene
Graph
Generation

Action
Genome

TEMPURA

OED

Video-LLaVA 0.013 0017 0017 0018 0.0178
LLaVA-OV Zero-Shot 0.040 0.066 0.067 0.067  0.067

InternVL2 0.049  0.094 0.100 0.111 0.112
Video-LLaVA 0.045 0.153 0.158 0.158  0.158
LLaVA-OV 5% 0.123 0260 0261 0.261 0.261

InternVL2 0.140 0274 0295 0295 0295

LLaVA-OV

InternVL2




Video Scene Graph Generation
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Problem - 1 : Biased Predictions

VidSGG and SGA

(a) Long-tailed
distribution of Action Genome

Head Class

Tail Class

Incorrect prediction

V Correct Prediction
Conventional Prediction
Incorrect tail class prediction scores
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Unbiased Prediction
Correct tail class prediction scores

(b) Tasks

Observed Frames
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Solutions: In literature

Unbiased VidSGG and SGA

|

CONVENTIONAL
LEARNING

t=0 t=327

# —) VldSGG E LOSS

UNBIASED
LEARNING

Data De-hiasing
Preprocessing Modules

VidSGG ¢

Loss

Previous
| Approaches |




Problem - 2 : Distribution Shifts Video Scene Graph Generation
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Solutions: In literature Robust VidSGG and SGA




Proposed Solution Unbiased and Robust VidSGG and SGA
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Architectures for Tasks

Video Scene Graph Generation
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Architectures for Tasks — Loss Function Video Scene Graph Generation
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Architectures for Tasks

Scene Graph Anticipation
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Architectures for Tasks — Loss Function Scene Graph Anticipation
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Proposed Solution: Masked Training
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Proposed Solution: Masked Loss
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Proposed Solution: Mask Generation
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Proposed Solution: In Model Video Scene Graph Generation
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Proposed Solution: In Model Video Scene Graph Generation
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Proposed Solution: In Model Scene Graph Anticipation
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Proposed Solution: In Model

Scene Graph Anticipation

CONVENTIONAL

LEARNING

UNBIASED

LEARNING

=
E CURRICULUM GLIDED
= H MASKING
SGA
[~ =
= PARTIAL
SGD

c

T T
Ci = ZL":’ c:‘ =- Zy;.n IOg(éf.n); L‘B’f“ Z/“'Q:‘n‘ EZ’:‘H ZL.U:/
t=1

n=1 t=1 ij

Object Classification Loss (I) Predicate Classification Loss (IT)

min(T+H,T)

A (1T ~
Lk(ll'll : Z L;m' E;m Z Elif,
]

t=T+1

min(T+H,T)

(1:T) 7
'C’hoxcs = Z Céuxes: inxes = Z Lsmuulh(bi - }’Z)
t=T+1 keboxes
min(T+H,T) 1 (N(t)xN(t))
1:T s
L"Eecun) = Z C:emm‘ Elt'cccm = m Z Lsmoulh(z:j - Z:g)
t=T+1 ij

T T-1
L= (Alﬁ;ﬁ 2 zsf) £ (ML + ML 4 oL )
i T=3

t=1

Loss Over Observed Representations Loss Over Anticipated Representations

IC] 1

7
Ei = Z Ei’ ‘Cg = - Z yg.‘n log(é:n) 'Z‘{L‘ll Z 'Z:cn‘ 2,\] Z “1:_.‘ 1-";" .
t=1 i

n=1 t=1

-~
Object Classification Loss (I) Predicate Classification Loss (1)

min(T+H.T")

\Z_:J:I:l b Z ‘Z\l:nl ? ‘Z,:m Z 1“{ i * L

=T+
min(T+H,T)
(1:T) _ t t _ ; ot
Eboxcs - Z Ebuxes‘- boxes — Z Lsmuulh(bk - bk)

t=T+1 kEboxes

min(T+H,T) (N(t)xN(t))

. 1
(1:7) — t . t —
Erecun E Erecon- Erecun N(t) « N(t) Eij

t=T41

Lsmoolh (sz - 2:] )

T-1

T
L= Z Al'z‘:f“"’ + )\2 Z 'CE + Z ()\3'[:1.11-1-1# + )\4£|E:|x:;) + AS'CEGJ;,K;{I))
t=1 i T=3

~
Loss Over Observed Representations Loss Over Anticipated Representations



Results

Settings: VidSGG

Scene Graph Detection

* Input:
*  Framesinavideo
*  Output:

* Localized relationship predicates

Scene Graph Classification

Input:
* Framesinavideo
* Object bounding boxes
Output:
* Localized relationship predicates

Predicate Classification

* Input:
* Framesinavideo
* Object bounding boxes
* Objectlabels
*  Output:
* Localized relationship predicates



Results - 1: Video Scene Graph Generation

Table 1. Mean Recall Results for VidSGG.

Method |

With Constraint

No Constraint

Semi Constraint

Mode
|  mR@10 mR@20 mR@50 mR@10 mR@20 mR@50 mR@10 mR@20 mR@50
STTran [/] | 8.0 16.6 193 19.3 26.9 356 77 18.2 304
SGDET +IMPARTAIL (Ours) 9.4 (+17.5%) 21.5(+29.5%) 259 (+34.2%) | 23.5 (+21.8%) 33.6 (+24.9%) 43.8(+23.0%) | 8.6 (+11.7%) 21.8 (+19.8%) 38.3 (+26.0%)
DSGDetr [11] | 6.7 14.7 19.1 23.3 29.8 36.0 6.5 16.0 30.4
+IMPARTAIL (Ours) 7.5 (+11.9%) 17.8 (+21.1%) 23.7 (+24.1%) | 27.5 (+18.0%) 352 (+18.1%) 43.3 (+203%) | 73 (+12.3%) 18.4 (+15.0%) 36.6 (+20.4%)
STTran [/] | 25.0 275 27.6 388 471 59.9 295 39.9 40.9
SGOLS +IMPARTAIL (Ours) 323 (+29.2%) 362 (+31.5%) 36.2 (+31.2%) | 47.4 (+22.2%) 575 (+22.1%) 66.6 (+11.2%) | 362 (+22.7%) 50.5 (+26.6%) 52.2 (+27.6%)
DSGDetr [11] 25.6 28.1 28.1 39.9 49.4 64.6 30.1 40.6 41.6
+IMPARTAIL (Ours) 322 (+25.8%) 36.0 (+28.1%) 36.0 (+28.1%) | 48.8 (+22.3%) 59.6 (+20.6%) 70.1 (+8.5%) | 36.8 (+22.3%) 52.4 (+29.1%) 54.9 (+32.0%)
STTran [7] | 305 347 34.8 45.7 63.4 80.5 36.6 51.8 538
PREDCLs | FIMPARTAIL (Ours) 44.0 (+44.3%) 527 (+4519%) 529 (+52.0%) | 65.5(+43.3%) 820 (+29.3%) 93.0(+155%) | 477 (+30.3%) 69.7(+34.6%) 734 (+364%)
DSGDetr [11] | 31.5 36.1 36.2 45.6 64.4 80.5 36.5 52.5 552
+IMPARTAIL (Ours) 41.0 (+30.2%) 48.1 (+33.2%) 48.2 (+33.1%) | 59.4 (+30.3%) 762 (+18.3%) 89.8 (+1L.6%) | 43.9 (+203%) 65.4 (+24.6%) 69.8 (+26.4%)




Results - 2: Robust Video Scene Graph Generation
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| mR@10 mR@ 20 mR@ 50 R@10 R@20 R@50 mR@10 mR@20 mRE@50 | mR@10 mR@20 mR@ 50
Gaussian Noise | DSGDetr [11] | 0.6 103 103 20.9 254 268 15.7 19.4 234 | 114 15.3 15.7
' ' +IMPARTAIL (Ours) | 13.7(+42.7%) 149 (+44.7%)  15.0 (+45.6%) | 200 (+0.5%) 273 (+75%) 300 (+123%) 208 (+32.5%) 254 (+30.9%)  29.1 (+24.4%) | 15.6 (+36.8%) 2015 (+40.5%) 222 (+41.4%)
. DSGDetr [11] | 226 249 249 478 58.4 62,00 35.5 43.4 546 | 26.6 36.1 372
0
& +IMPARTAIL (Ours) | 28.3(4252%) LB (+27.7%) 319 (+28.1%) | 426 (-10.9%) S60(-4.1%)  62.1(+02%) 438 (+234%) S30(+22.1%) 6L7(+13.0%) | 3B (+195%) 457 (+26.6%) 482 (+29.6%)
3 | SGCLS Frost DSGDetr [11] | 16.7 185 185 M5 42.3 45.1 26.8 33.0 40.1 | 19.6 26.8 27.7
TS
+IMPARTAIL (Ours) | 224 (+34.1%) 250 (+35.1%) 251 (+35.7%) | 31.9(75%) 420-07%) 470 (+4.4%) 349 (+302%) 423 (+282%) 482 (+202%) | 250 (+32.1%) 365 (+36.2%) 384 (+38.6%)
Brichines DSGDetr [1 1] | 216 257 257 50.8 61.9 65.5 36.8 45.4 575 | 276 375 386
Tghness +IMPARTAIL (Ours) | 29.8 (+263%)  33.2(+292%) 33.2(+29.2%) | 455 (-10.4%) 599 (-32%)  66.1 (+0.9%) 450 (+223%) S55.4(+22.0%) 653 (+13.6%) 337 (+22.1%) 481 (+28.3%)  50.6 (+31.1%)
Sun Gl DSGDetr [11] | 12.1 132 132 263 325 347 19.3 24.4 302 | 14.2 19.2 19.6
SUn are
+IMPARTAIL (Ours) | 173 (+43.0%) 194 (+47.0%) 194 (+47.0%) | 258 (-1.9%) 33 (+55%) 3IBS(+11.0%) 266 (+37.8%) 312 (+320%) 3T (+235%) 194 (+36.6%) 276 (+43.7%)  29.0 (+48.0%)
Gaussian Noise | STTE [7] | 20.0 223 24 64.2 B7.6 0. 1) 314 525 797 | 26.0 36.6 385
' ' +IMPARTAIL (Ours) | 37.6(+88.0%) 43.8(+964%) 439 (+96.0%) | 62.5(-2.6%) B4.6(-34%)  99.0(00%)  S5T.5(+83.0%) TL7(+48.0%) 927 (+163%) | 42.2(+623%) 600 (+63.9%) 629 (+63.4%)
. §TTran [7] | 265 302 0.3 70.2 1.1 99,1 416 61.0 805 | 312 46.8 487
gl
¢ +IMPARTAIL (Durs) | 426 (+60.8%) 509 (+68.5%) 511 (+68.6%) | 64.8(-7.79%) 863 (-53%) OR8(03%)  638(+534%) 802 (+31.5%) OLT(+152%) 462 (+302%) 655 (+40.0%) 68.2 (+40.0%)
5 | PREDCLS Frost 5TTran [7] | 2546 292 292 69.4 9.7 99,1 410 60,9 805 | 327 46.1 480
' +IMPARTAIL (Ours) | 410 (+602%)  49.0 (+67.8%) 492 (+68.5%) | 622 (-104%) 843 (T.0%)  ORS5(0.6%) 625 (+52.4%) TRGE(+29.1%) OLT(+15.2%) 451 (+379%) 629 (+364%) 651 (+35.6%)
Briehiness §TTran [7] | 282 320 32.1 713 916 992 428 62.0 804 | 345 49.0 512
= +IMPARTAIL (Ours) | 423 (+500%) 504 (+57.5%) 50.5(+57.3%) | 65.0(-7.6%) S7.2(-48%) OR0(03%)  640(+40.5%) S0.8(+303%) OLB(+154%) 469 (+350%) 678 (+38.4%) TLO(+38.7%)
Sun Gl §TTran [7] | 225 25.1 252 66.7 0.9 99,1 36.7 56.7 800 | 289 405 423
SUn are
+IMPARTAIL (Ours) | 402 (+78.7%)  47.5(+89.2%) 477 (+89.3%) | 57.9(-13.2%) SLT(-9.0%)  980(-1.1%) 603 (+643%) TT.5(+36.7%) O9LT(+15.9%) 433 (+498%) 593 (+46.4%) 610 (+44.2%)




Qualitative Results: Video Scene Graph Generation
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Results

Settings: SGA

Action Genome Scenes
(AGS)

* Input:
* Framesinavideo
*  Output (No Localization):
* Observed relationship predicates
* Anticipated relationship predicates

Partially Grounded

Action Genome Scenes (PGAGS)

Input:

Frames in a video
Object bounding boxes

Output (No Localization):

Observed relationship predicates
Anticipated relationship predicates

Grounded Action Genome Scenes
(GAGS)

Input:
* Framesinavideo
* Object bounding boxes
* Objectlabels
Output (No Localization):
* Observed relationship predicates
* Anticipated relationship predicates



Results - 3: Scene Graph Anticipation

Table 2. Mean Recall Results for SGA.

| AGS PGAGS GAGS
it onstraint o Constraint it onstraint o Constraint it onstraint o Constraint

F | Method With C i No C i With C i No C i With C i No C i
@10 @20 @50 @10 @20 @50 | @0 @20 @50 @10 @20 @50 | @10 @20 @50 @10 @20 @50
STTran++ [37] 79 164 184 139 213 385 | 143 158 158 209 325 50 | 178 209 210 252 394 635
+IMPARTAIL (Ours) | 9.3 187 209 121 200 396 | 202 220 220 240 349 505 199 227 228 237 392 641
DSGDetr++ [37] 7.4 134 146 118 182 361 | 150 163 163 199 323 506 | 17.1 200 200 232 373 629
0.5 +IMPARTAIL (Ours) | 89 17.0 186 13.1 21.6 39.6 186 201 20.1 226 352 525 212 245 246 282 422 649
SceneSayerODE [37] 58 126 169 140 223 365 | 112 128 128 169 263 457 | 175 207 209 249 380 618
+IMPARTAIL (Ours) | 6.8 161 220 156 248 397 145 164 164 227 33.6 497 193 232 235 265 409 63.2
SceneSayerSDE [37] 6.4 137 183 154 237 387|152 175 175 229 343 51.0 182 217 218 250 390 627
+IMPARTAIL (Ours) | 74  19.1 277 218 314 454 | 157 179 179 236 343 506 | 178 212 214 270 407 63.6
STTran++ [37] 9. 182 202 157 237 419 | 172 186 186 253 383 561 | 21.9 250 250 312 47.0 75.4
+IMPARTAIL (Ours) | 109 219 241 140 232 437 | 210 227 227 280 417 571 258 291 291 31.1 492 765
DSGDetr++ [37] 84 148 160 132 200 388 | 181 194 194 248 395 573 | 208 238 238 286 46.1 73.8
0.7 +IMPARTAIL (Ours) | 105 195 212 149 248 439 | 206 21.8 21.8 263 41.0 581 283 325 325 314 497 757
SceneSayerODE [37] 67 140 185 164 249 405 | 136 151 151 205 324 528 | 207 240 240 298 452 720
+IMPARTAIL (Ours) | 68 130 182 17.5 258 411 222 256 257 307 439 559 232 275 275 317 499 738
SceneSayerSDE [37] 7.1 146 193 173 261 425|179 199 199 270 402 572 | 210 246 24.6 302 454 728
+IMPARTAIL (Ours) | 8.6 213 293 256 351 500 259 300 301 355 482 585|209 244 244 316 479 734




Results - 4: Robust Scene Graph Anticipation

Table 4. Robustness Evaluation Results for SGA.

F |Mnde |Cnrn.1ptiun

With Constraint

Method
mR @10 mR @20 mR @30
STTran+ [37] 7.9 84 84
+IMPARTAIL (Ours) | 5.1 (-35.4%) 5.4 (-35.7%) 5.4 (-35.7%)
DSGDetr+ [37] 55 5.8 58
Gaussian Noise +IMPARTAIL (Ours) 7.5 (+36.4%) B0 (+37.9%) 8.0 (+37.9%)
STTran++ [37] 59 6.4 6.4
+IMPARTAIL (Ours) 9.4 (+59.3%) 102 (+59.4%) 102 (+59.4%)
DSGDetr++ [37] 57 6.1 6.1
+IMPARTAIL (Qurs) | B3 (+45.6%) 8.8 (+44.3%) 8.8 (+44.3%)
STTran+ [37] 8.2 2.0 9.0
+IMPARTAIL (Ours) 8.3(+1.2%) B.7(-3.3%) B.7(-3.3%)
DSGDetr+ [17] 9.0 0.9 99
Frost +IMPARTAIL (Ours) | 124 (+378%) 133 0(+343%) 13.3(+343%)
STTran++ [37] 9.6 10.5 10.5
+IMPARTAIL (Ours) | 13.8(+43.7%) 153 (+45.7%) 153 (+45.7%)
DSGDetr++ [37] 99 10.8 10.8
0.5 | PGAGS +IMPARTAIL (Ours) | 132 (+33.3%) 144 (+33.3%) 144 (+33.3%)
STTran+ [37] 11.0 12.1 121
+IMPARTAIL {Ours) 11.7 (+6.4%) 12.5 (+3.3%) 12.5 (+3.3%)
DSGDetr+ [37] 12.2 13.5 13.5
Brishtness +IMPARTAIL (Ours) | 159 (+303%) 17.20(+274%) 17.2(+274%)
- STTran++ [37] 128 14.1 14.1
+IMPARTAIL (Ours) | 17.7(+383%) 193 (+369%) 193 (+36.9%)
DSGDetr++ [37] 13.6 14.7 14.7
+IMPARTAIL (Ours) | 166 (+22.1%) 181 (+23.1%) 18.1(+23.1%)
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