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In the supplementary material, we provide a compre-
hensive evaluation of our SD-IF framework. Specifically,
Section | introduces the experimental setting, including
datasets and evaluation metric. Section 2 presents addi-
tional experimental results, including hyper-parameter anal-
ysis and the transferability of our proposed modules when
integrated into existing OV-HOI approaches.

1. Experimental Setting

Datasets. We evaluate the proposed SD-IF on two pub-
lic benchmarks, HICO-DET [1] and SWIG-HOI [8]. The
HICO-DET labels 80 object classes, 117 interaction classes,
and 600 HOI categories. Following previous works[3-5, 9],
we hold out 120 rare HOIs to simulate the open vocabulary
setting. The SWIG-HOI has unseen HOI classes naturally
in the test set. At inference time, SWIG-HOI requires a
comprehensive evaluation of performance on 1391 unseen,
2841 rare, and 1307 non-rare HOI classes, which puts a high
demand on the generalization of the model.

Evaluation Metric. We use the mean Average Precision
(mAP) as the evaluation metric on these datasets. Follow-
ing prior works [2, 3, 6, 7, 9—11], a predicted HOI triplet
is regarded as a true-positive HOI sample when the Inter-
section over Union (IoU) between the detected human and
object bounding boxes and the corresponding ground-truth
boxes is larger than 0.5, and the interaction class prediction
is correct simultaneously.

2. More Experimental Results

Hyperparameters of the SD module. In the Seman-
tic Diversification (SD) module, the hyperparameter x con-
trols the magnitude of semantic perturbation applied to each
query, -y balances semantic deviation against visual-feature
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consistency, and 3 regulates the trade-off between explo-
ration and stability during policy learning. As reported in
Table 1, we conduct a systematic ablation to assess the influ-
ence of these three hyperparameters. The results show that
setting k = 0.2, v = 0.5, and 5 = 0.5 yields the best over-
all performance. This configuration introduces sufficiently
diverse semantic variations while maintaining visual coher-
ence, enabling SD-IF to achieve the most effective semantic
expansion without destabilizing training.

Hyperparameters of the IF module. In the Interaction
Focusing (IF) module, the coefficient 7 controls the balance
between spatial focusing and semantic consistency within
the hybrid reward. As shown in Table 2, the model achieves
the best performance when = 0.2, indicating that spa-
tial focusing plays a more dominant role in enhancing the
model’s generalization ability. This highlights the impor-
tance of accurately attending to interaction-critical regions
in open-vocabulary HOI detection.

Module transferability analysis. To further validate
the effectiveness and generality of the proposed modules,
we integrate SD and IF into the CMD-SE [3] framework
and evaluate their contributions. As shown in Table 3,
adding either SD or IF individually yields consistent per-
formance gains, while incorporating both leads to an ad-
ditional improvement, demonstrating that our modules can
be seamlessly integrated into existing OV-HOI methods. It
is worth noting that CMD-SE equipped with both modules
still performs slightly below our SD-IF framework. We at-
tribute this to the fine-grained semantic information intro-
duced by CMD-SE via LLM, which may not align well with
the semantic exploration strategy of SD, thereby limiting
the overall generalization benefit. In contrast, SD-IF does
not rely on any external LLM-based priors and achieves
stronger generalization in open-world scenarios with a more
lightweight and self-contained design.

Performance under varying numbers of Unseen
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Figure 1. Performance comparisons under different Unseen ratios.

K y B8 Non-rare Rare Unseen Full
00 0.0 0.0 22.42 1625 13.03 16.90
02 00 00 22.77 17.01 1351 17.49
05 00 00 22.59 16.92 1321 17.32
1.0 0.0 0.0 22.51 16.85 13.18 17.26
02 05 00 24.78 17.01 1379 18.03
02 1.0 00 23.50 1695 1382 17.71
02 20 00 23.43 16.97 1357 17.64
02 05 05 25.01 18.86 15.57 1948
02 05 1.0 24.97 18.80 1544 1941

Table 1. Ablation studies of the hyperparameters of the SD module
on the SWIG-HOI [8] dataset.

n  Non-rare Rare Unseen Full
0.0 24.83 18.70 1539 19.32
0.2 25.01 18.86 15.57 19.48
0.3 24.89 18.80 1549 1941
0.4 24.92 18.77 1543 19.38
0.5 24.88 18.79 1540 19.38
1.0 24.85 18.82 1545 1940
2.0 24.73 1871 1541 19.30

Table 2. Ablation studies of the hyperparameters of the IE module
on the SWIG-HOI dataset.

classes. We evaluate varying seen/Unseen proportions by
increasing the Unseen HOI ratio from 20% to 100% un-
der the same training protocol. As shown in Figure I,
performance drops as the Unseen ratio increases, yet our
method consistently outperforms the SOTA SGC-Net on
both Unseen and Full across all settings. The gain is most
pronounced at moderate ratios (20%—60%) and remains at
100% Unseen, indicating robust generalization across dif-
ferent openness levels.
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