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Problem Statement

• Scene Graph Generation (SGG) aims to detecting objects within images and predicting relationships between them.

• Each object including bounding box information represents a node of the scene graph

• Each predicates represents an edge of the scene graph

Scene Graph Generation
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Problem Statement

These lead to bias towards head predicates and poor fine-grained relationship detection!

• Scene Graph Generation (SGG) faces two major challenges:

Scene Graph Generation

Long-tailed Distribution Semantic Ambiguity

It leads to training a SGG model 
that predicts majority classes

Model become confused with semantically 
ambiguous predicates

on stand on

walk on holding

carrying

playing
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Limitation of Existing SGG Works

• Existing SGG works rely on single-label classification formulation of the problem

• However,

• it forces model to select just one predicate while suppressing others due to the semantic ambiguity.

• Ignores the nature of natural language where multiple predicates can describe same relationship.

<cat, on, table> ?
<cat, lying on, table> ?
<cat, laying on, table> ?

We argue that addressing the long-tailed problem and semantic ambiguity is difficult 
under the single-label classification formulation of SGG problem.
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Main Idea of Our Work (RA-SGG)
RA-SGG reframes SGG as multi-label classification with partial annotation

• Utilize semantically similar predicates in the visual semantic embedding space!

• Identify potentially multi-labeled instances and augment the predicate labels
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Our Formulation of the SGG Problem
We reframe SGG as multi-label classification with partial annotation

• Assume that we have only partial (single) annotations among multiple annotations.

• i.e., the predicates from true unbiased data distribution is 𝑦𝑦𝑖𝑖∗ ∈ 0,1 𝑁𝑁𝑝𝑝 ∑𝑖𝑖 𝑦𝑦𝑖𝑖 ≥ 1 .

• However, we only have the predicates of observed samples 𝑦𝑦𝑖𝑖 ∈ 0,1 𝑁𝑁𝑝𝑝 ∑𝑖𝑖 𝑦𝑦𝑖𝑖 = 1

• To obtain the unbiased model, we can minimize the following estimated loss called inverse propensity 

scored loss as follows:

• Instead of directly minimizing this inverse propensity-scored loss, we will estimate this loss through 

retrieval-augmented framework. 

• We estimate the loss by finding and augmenting more samples based on inverse propensity.
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Pipeline of RA-SGG
Retrieval Augmented Scene Graph Generation Framework

Phase 1. Train Prototype Embedding Network using GT Scene Graph

• Generates relation features through fusion layer, which is applied to the subject-object features.

• Minimize distance between relation features with their ground truth prototype
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• Find semantically similar instances from the established relation memory bank.

• Minimize distance between relation features with their ground truth prototype and the prototype of

the augmented label

Pipeline of RA-SGG
Retrieval Augmented Scene Graph Generation Framework

Phase 2. Train Prototype Embedding Network using GT Scene Graph and Augmented Label
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RA-SGG
Relation memory bank

• Memory bank includes key-value pair, which consists of the relation embedding 𝐫𝐫 and its GT predicate 𝐩𝐩

• i.e., memory bank = { 𝐫𝐫𝟏𝟏,𝐩𝐩𝟏𝟏 , 𝐫𝐫𝟐𝟐,𝐩𝐩𝟐𝟐 , … , 𝐫𝐫𝐢𝐢,𝐩𝐩𝐢𝐢 , … , (𝐫𝐫𝐌𝐌,𝐩𝐩𝐌𝐌)}

• Given an image, we obtains the relation embedding 𝒓𝒓 between subject and object features using SGG models like PE-Net.

• Retrieve the top-K relevant relation instances from the memory bank using cosine similarity between relation embeddings

• Given query embedding 𝐫𝐫, obtain 𝐫𝐫1𝒓𝒓𝒓𝒓𝒓𝒓,𝐩𝐩1𝒓𝒓𝒓𝒓𝒓𝒓 , 𝐫𝐫2𝑟𝑟𝑟𝑟𝑟𝑟,𝐩𝐩2𝒓𝒓𝒓𝒓𝒓𝒓 , … , (𝐫𝐫𝐾𝐾𝒓𝒓𝒓𝒓𝒓𝒓,𝐩𝐩𝐾𝐾𝒓𝒓𝒓𝒓𝒓𝒓)
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RA-SGG
How can we obtain reliable multi-labeled instances?

• Given retrieved instances 𝐫𝐫1𝒓𝒓𝒓𝒓𝒓𝒓,𝐩𝐩1𝒓𝒓𝒓𝒓𝒓𝒓 , 𝐫𝐫2𝑟𝑟𝑟𝑟𝑟𝑟,𝐩𝐩2𝒓𝒓𝒓𝒓𝒓𝒓 , … , (𝐫𝐫𝐾𝐾𝒓𝒓𝒓𝒓𝒓𝒓,𝐩𝐩𝐾𝐾𝒓𝒓𝒓𝒓𝒓𝒓),  we use 

label inconsistency score to identify potential multi-label instances.

• Label Inconsistency Score computes the Euclidean distance 𝑑𝑑(⋅) between

𝐩𝐩𝑔𝑔𝑔𝑔 and �𝐩𝐩𝑟𝑟𝑟𝑟𝑟𝑟.

• It measures discrepancy between ground-truth and averaged retrieved 

predicates �𝐩𝐩𝑟𝑟𝑟𝑟𝑟𝑟

• It helps maintain reliability of pseudo-labels 

• We finally define single-labeled instance and multi-labeled instance as follows:
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RA-SGG
How can we select the augmented predicates?

• We compute averaged inverse propensity of retrieved instances

• The propensity of each predicate is the frequency in the training data

• The averaged inverse propensity of retrieved instances

• This inverse propensity encourage RA-SGG to sample tail predicates

rather than head predicates.

• Note that some predicates such as includes extremely small number of

samples in the training data

• E.g., “flying in” includes less than 10 samples in the training data.

• We argue that inverse propensity-based augmentation strategy is more effective compared to minimizing  𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖.



12

Experiment
Experimental settings and datasets

Dataset

- Visual Genome (150 objects, 50 predicates)

- GQA (200 objects, 100 predicates)

Evaluation Protocol

• Predcls: Predict predicate class given GT object bounding boxes, and their GT object classes are given

• SGCls: Predict predicate class and object classes given GT object bounding boxes

• SGDet: Predict predicate classes, object classes, and bounding boxes

Backbone: ResNeXt-101-FPN with Faster R-CNN

Metric: Recall@K, meanRecall@K, and Harmonic mean of previous two metrics (F@K)
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Experiment
Result on Visual Genome Dataset
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Experiment
Result on GQA 200 Dataset
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Experiment
Ablation Study of RA-SGG
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Conclusion

• The paper reformulates Scene Graph Generation (SGG) as a multi-label classification problem with partial annotation, 

offering a novel perspective that aligns with natural language's ability to describe the same relationship in multiple ways.

• RA-SGG successfully addresses core SGG challenges by using retrieval-augmentation to discover latent fine-grained 

predicates while maintaining performance on general predicates, avoiding the common trade-off in previous approaches.

• The framework demonstrates substantial improvements across all predicate types by leveraging retrieval-based 

multi-label discovery, showing the effectiveness of considering multiple valid predicate descriptions 

for a single relationship



Thank you for listening!
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