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Introduction

Shopping & Dine

Home & Hotel

7

<cat, under, chair> <man, besides, car> <waitress, holding, menu>

<chair, on, floor>  <car, parked on, street> <waitress, serving, customers>
<Isofa, besides, chair> <tree, besides, sidewalk> <menu, above, table>
) : . . : "
New objects and new relations emerge in new scenes Time

Continual Scene Graph Generation (CSEGG)



CSEGG Benchmark

Scenario 1: Relationship Incremental Learning [ Training set

<cup, on, table> i... Test set

<glass, on, table>
<bottle, on, table>
<logo, on, bottle>

<kid, at, table>
<man, at, table>
<woman, sitting on, chair>

<chair, on, cabinet>

<flower, in, vase>
<woman, near, table>
<women, near, vase>

y

Task 2 Time'



Replays via Analysis by Synthesis (RAS)

<man, on, horse >
<man, in front of, horse

random sampling Context
Checker

unique triplets U,

Image
Generator

]._

examplers E,_

Prompt
’ Generator

“Realistic Image of man on
horse and house behind horse
and man in front of house.”




Main Results

SGTR[32]

Learning Scenario 1 (S1)

Learning Scenario 2 (S2)

Methods |40 R Ff mRT mFt FWTT BWTT|AvgRT F} mRT mFf FWT} BWT]

Joint 20.15 0 46 0 - - 12.64 0 984 0 - -
Replay@100%| 16.17 -12.24 332 -1.34 -1.77 -11.72| 4.56 -4.13 4.56 -5.61 -1.045 -30.25
Naive 1.33 -287 0.86 -1.74 -2.03 -60.67| 0.51 -23.22 0.05 -11.31 -3.77 -62.34
EWC[24] 1.89 -284 096 -1.72 -1.17 -52.45 0 -2322 0 -11.31 -2.65 -50.12
RAS_GT 578 -26.51 143 -154 -12 -4427| 098 -23.11 0.76 -10.86 -1.6 -43.25
PackNet[44] | 7.19 -25.67 1.35 -1.64 -1.03 -4235| 1.67 -22.77 09 -1033 -14 -42.45
Replay@10% | 8.55 -22.21 4.33 -1.44 4.29 -38.35| 1.81 -20.72 1.15 -9.64 -09 -40.67
Replay@20% | 9.25 -20.35 4.78 -1.42 3.21 -31.98| 2.57 -17.17 1.56 -8.07 -0.67 -38.27
| Ours* 10.78 -18.92 5.6 -1.39 23 -2556| 3.45 -10.23 2.75 -6.57 -0.54 -35.67

TCNN[72]
Methods Learning Scenario 1 (S1) Learning Scenario 2 (S2)

Avg.Rt Fr mRfT mFf FWTt BWTt|Avg.Rt Ft mRtT mF? FWT{ BWTY{

Joint 19.53 0 39 0 - - 4.3 0 3.7 0 - -
Replay@100%| 1345 -8.83 3.6 -0.35 -1.5 -1045| 1245 413 32 -056 -2.1 -20.34
Naive 098 -21.2 0.74 -1.35 -3.45 -43.87 0 -1822 045 -2.67 -4.12 -53.12
EWC[24] 236 -21.05 0.67 -1.34 -2.34 -39.89 0 -1822 003 0 -3.77 -51.67
PackNet[44] 32 -197 1.1 -1.13 -1.3 -3245| 1.1 -17.82 0.84 -1.97 -2.84 -40.34
Replay@10% | 5.67 -18.9 3.21 -1.05 1.45 -28.34| 1.81 -16.72 1.03 -1.74 -14 -43.56
Replay@20% | 6.23 -17.45 3.5 -1.01 1.01 -24.32| 2.37 -15.17 1.45 -1.53 -1.1 -38.56
| Ours* 78 -15.67 39 -095 05 -19.83| 4.67 -11.31 2.2 -0.89 -0.97 -29.65

RAS outperforms all CSEGG baselines in S1 and S2



Main Results

SGTR[32]

Learning Scenario 1 (S1)

Learning Scenario 2 (S2)

Methods |40 R Ff mRT mFt FWTT BWTT|AvgRT F} mRT mFf FWT} BWT]

Joint 20.15 0 46 0 - - 12.64 0 984 0 - -
Replay@100%| 16.17 -12.24 332 -1.34 -1.77 -11.72| 4.56 -4.13 4.56 -5.61 -1.045 -30.25
Naive 1.33 -287 0.86 -1.74 -2.03 -60.67| 0.51 -23.22 0.05 -11.31 -3.77 -62.34
EWCI241 1.89 284 096 -1.72 -1.17 -52.45 0___-2322 0 _-11.31 -2.65 -50.12
I RAS GT 5.78 _-26.51 143 -1.54 -12 -44.27| 0.98 -23.11 0.76 _-10.86_ -1.6 —43.25|
PackNet[44] | 7.19 -25.67 1.35 -1.64 -1.03 -4235| 1.67 -22.77 09 -1033 -14 -42.45
Replay@10% | 8.55 -22.21 4.33 -1.44 4.29 -38.35| 1.81 -20.72 1.15 -9.64 -09 -40.67
Replay@20% | 9.25 -20.35 4.78 -1.42 3.21 -31.98| 2.57 -17.17 1.56 -8.07 -0.67 -38.27
| Ours* 10.78 -18.92 5.6 -1.39 23 -2556| 3.45 -10.23 2.75 -6.57 -0.54 -35.67

TCNN[72]
Methods Learning Scenario 1 (S1) Learning Scenario 2 (S2)

Avg.Rt Fr mRfT mFf FWTt BWTt|Avg.Rt Ft mRtT mF? FWT{ BWTY{

Joint 19.53 0 39 0 - - 4.3 0 3.7 0 - -
Replay@100%| 1345 -8.83 3.6 -0.35 -1.5 -1045| 1245 413 32 -056 -2.1 -20.34
Naive 098 -21.2 0.74 -1.35 -3.45 -43.87 0 -1822 045 -2.67 -4.12 -53.12
EWC[24] 236 -21.05 0.67 -1.34 -2.34 -39.89 0 -1822 003 0 -3.77 -51.67
PackNet[44] 32 -197 1.1 -1.13 -1.3 -3245| 1.1 -17.82 0.84 -1.97 -2.84 -40.34
Replay@10% | 5.67 -18.9 3.21 -1.05 1.45 -28.34| 1.81 -16.72 1.03 -1.74 -14 -43.56
Replay@20% | 6.23 -17.45 3.5 -1.01 1.01 -2432| 237 -15.17 145 -153 -1.1 -38.56
Ours* 78 -15.67 39 -095 05 -19.83| 4.67 -11.31 2.2 -0.89 -0.97 -29.65

Decomposing scene graphs into smaller, diverse components
with clear prompts is more effective than directly storing and
using ground truth scene graphs for image generation



Main Results

SGTR[32]

Learning Scenario 1 (S1)

Learning Scenario 2 (S2)

Methods |40 R Ff mRT mFt FWTT BWTT|AvgRT F} mRT mFf FWT} BWT]

Joint 20.15 0 46 0 - - 12.64 0 984 0 - -
Replay@100%| 16.17 -12.24 332 -1.34 -1.77 -11.72| 4.56 -4.13 4.56 -5.61 -1.045 -30.25
Naive 1.33 -287 0.86 -1.74 -2.03 -60.67| 0.51 -23.22 0.05 -11.31 -3.77 -62.34
EWC[24] 1.89 -284 096 -1.72 -1.17 -52.45 0 -2322 0 -11.31 -2.65 -50.12
RAS_GT 578 -26.51 143 -154 -12 -4427| 098 -23.11 0.76 -10.86 -1.6 -43.25
PackNet[44] | 7.19 -25.67 1.35 -1.64 -1.03 -4235| 1.67 -22.77 09 -1033 -14 -42.45
Replay@10% | 8.55 -22.21 4.33 -1.44 4.29 -38.35| 1.81 -20.72 1.15 -9.64 -09 -40.67
Replay@20% | 9.25 -20.35 4.78 -1.42 321 -31.98| 2.57 -17.17 156 -8.07 -0.67 -38.27
Ours* 10.78 -18.92 5.6 -1.39 23 -2556| 345 -10.23 2.75 -6.57 -0.54 -35.67

TCNN[72]
Methods Learning Scenario 1 (S1) Learning Scenario 2 (S2)

Avg.Rt Fr mRfT mFf FWTt BWTt|Avg.Rt Ft mRtT mF? FWT{ BWTY{

Joint 19.53 0 39 0 - - 4.3 0 3.7 0 - -
Replay@100%| 1345 -8.83 3.6 -0.35 -1.5 -1045| 1245 413 32 -056 -2.1 -20.34
Naive 098 -21.2 0.74 -1.35 -3.45 -43.87 0 -1822 045 -2.67 -4.12 -53.12
EWC[24] 236 -21.05 0.67 -1.34 -2.34 -39.89 0 -1822 003 0 -3.77 -51.67
PackNet[44] 32 -197 1.1 -1.13 -1.3 -3245| 1.1 -17.82 0.84 -1.97 -2.84 -40.34
Replav@10% | 5.67 _ -189 321 -1.05 145 -2834| 181 -1672 103 -1,74 -1.4 -43.56
Replay@20% | 6.23 -17.45 3.5 -1.01 1.01 -2432| 237 -15.17 145 -153 -1.1 -38.56
Ours* 7.8 -15.67 39 -095 0.5 -19.83| 4.67 -11.31 2.2 -0.89 -0.97 -29.65

RAS outperforms Replay@20% (~2 Gb) while requiring less storage (~1.2 Gb)




Main Results

SGTR[32]

Methods Learning Scenario 1 (S1) Learning Scenario 2 (S2)
AvgR?1T F{ mRT mFf FWTT BWT1|Avg.Rt Ff mRt mF{ FWTT BWT?T
Joint 20.15 0 46 0 - - ||1_2.64 0 984 0 - - |
Replay@100%| 16.17 -12.24 332 -1.34 -1.77 -11.72| 4.56 -4.13 4.56 -5.61 -1.045 -30.25
Naive 1.33 -28.7 0.86 -1.74 -2.03 -60.67|| 0.51 -23.22 0.05 -11.31 -3.77 -62.34
EWC[24] 1.89 -284 096 -1.72 -1.17 -52.45 0 -2322 0 -11.31 -2.65 -50.12
RAS_GT 5.78 -26.51 143 -1.54 -12 -4427| 0.98 -23.11 0.76 -10.86 -1.6 -43.25
PackNet[44] 7.19 -25.67 1.35 -1.64 -1.03 -42.35|| 1.67 -22.77 0.9 -1033 -14 -4245
Replay@10% | 8.55 -22.21 433 -144 429 -3835|| 1.81 -20.72 1.15 -9.64 -0.9 -40.67
Replay@20% | 9.25 -20.35 4.78 -1.42 3.21 -31.98| 2.57 -17.17 1.56 -8.07 -0.67 -38.27
Ours* 10.78 -18.92 56 -1.39 23 -2556|| 3.45 -10.23 2.75 -6.57 -0.54 -35.67

TCNN[72]

Methods Learning Scenario 1 (S1) Learning Scenario 2 (S2)
AvgRT Ff mRT mFf FWTt BWTT|Avg.RT Ff mRf mFf FWT{ BWTT
Joint 19.53 0 39 0 - - 4.3 0 3.7 0 - - |
Replay@100%| 1345 -8.83 3.6 -0.35 -1.5 -1045| 1245 -4.13 32 -0.56 -2.1 -20.34
Naive 098 -21.2 0.74 -1.35 -345 -43.87 0 -18.22 045 -2.67 -4.12 -53.12
EWC[24] 236 -21.05 0.67 -1.34 -2.34 -39.89 0 -1822 003 0 -3.77 -51.67
PackNet[44] 32 -197 1.1 -1.13 -1.3 -3245| 1.1 -17.82 0.84 -1.97 -2.84 -40.34
Replay@10% | 5.67 -18.9 3.21 -1.05 1.45 -28.34| 1.81 -16.72 1.03 -1.74 -14 -43.56
Replay@20% | 6.23 -17.45 3.5 -1.01 1.01 -2432| 237 -15.17 145 -153 -1.1 -38.56

Ours* 78 -15.67 39 -095 0.5 -19.83

CSEGG models still find it challenging to learn new scenes incrementally




Main Results

—— |loU=0.3 - v loU=0.5 --=- loU=0.7
—— Naive —— Replay@10% —— RAS

Gen Rbbox
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RAS is more proficient in generalizing to classify relationships among unknown objects



Future Work

> Explore CSEGG on video-based datasets.

> Develop a synthetic CSEGG dataset to analyze continual learning under controlled conditions.
> Integrate a generative model with fine-grained control signals
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