
Motivation

B-RIGHT:

The impact of inconsistent train-test splits in certain classes

Comprehensive Analysis

Class-imbalanced train set → Overfitting to frequent classes

Class-imbalanced test set → Unreliable and inconsistent evaluation scores
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→ A balanced dataset is essential for fair and robust assessment of

 HOI models beyond dataset-induced biases

(2) Variance visualization in class-wise AP

(a) Default (b) Zero shot

(b) Performance comparison of models trained and evaluated on 

HICO-DET and B-RIGHT

☞ Two-stage models rank higher than one-stage models in both default and zero-shot settings.

☞ Using pre-training, foundation models or DAB-DDETR detection backbone alone does not guarantee 

consistent performance rankings in both default and zero-shot settings.

☞  Balanced datasets reduce class-wise variance AP and enable more reliable evaluations.

(3) Coefficient of variation (CV) of class-wise AP under backbone scales

☞ Two-stage models exhibit lower variance in class-wise performance than one-stage models. 

☞ Larger feature backbones not only improve overall mAP but also consistently reduce CV.

(4) Verification of utilizing synthetic data in train set

☞  Synthetic images improve performance without bias, confirming their reliability as training data.

How we collected B-RIGHT?
(a) Balanced Algorithm

(b) Generation and Filtering Process

☞ Amplifying the impact of each prediction on overall performance metrics

☞ Leading the model to inflated or deflated scores by chance
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HICO-DET B-RIGHT

Two-stage 

method

Do standard HOI benchmarks truly reflect HOI detector performance?

Balanced benchmark reveals 

what imbalanced benchmark hides:

☞ Rankings shift

☞ Two-stage models win 

Benchmark Re-evaluation for Integrity in Generalized Human-Object Interaction Testing

Limitations in HOI benchmarks (e.g., HICO-DET)
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(a) Class imbalance (b) Inconsistent train-test splits

Ours Balanced HOI benchmarks : B-RIGHT
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Zero shot test

(a) HOI detectors

(1) Ranking comparison of HOI detectors on HICO-DET and B-RIGHT

Re-train and re-evaluate

HOI detectors

Imbalanced benchmark 

☞ High class-score variance

☞ Unfair class-wise evaluation

☞ Unreliable metrics

Balanced benchmark 

☞ Low class-score variance

☞ Fair class-wise evaluation

☞ Reliable metrics
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When flipping 1 TP to 1 FP, the change of class AP is:

Prediction

Class A

Class B

Class A Class B
62.16 62.11

50.85

30.96Deteriorate!

↓50.15%

↓14.98%
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