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S1. Implementation Details
Hyperparameters. For object detection, we apply Non-
Maximum Suppression (NMS) with an Intersection over
Union (IoU) threshold of 0.5 and filter out detections with
confidence scores below 0.05, retaining 3 to 15 humans and
objects each. The VLM input resolution is set to 224 pixels
for ViT-B and 336 pixels for ViT-L variants of CLIP [16].
Additional hyperparameters are detailed in Table S1.

Table S1. Hyperparameters of the InCoM-Net.

Hyperparameters

Detector feature dim. 256
VLM feature dim. 768/1024 (ViT-B/L)
ICR / ProCA output dim. 384
HO pair feature dim. 384
Interaction Decoder feature dim. 384
Activation function GELU

Data Augmentations. Following prior works [2, 18, 21],
we use common data augmentations. Images are randomly
resized with the shorter side ranging from 480–800 pixels
and the longer side capped at 1333 pixels. Random crop-
ping produces 384–600 pixels square crops with probability
0.5. Color jittering randomly adjusts brightness, contrast,
and saturation with factors sampled from 0.6 to 1.4.

Training and Inference. During training, we masked
out invalid actions for each object, following previous
works [21, 22]. At inference time, we integrate detec-
tion confidence scores into the computation of interaction
scores. The final interaction scores are computed as

c = (ch · co)α · ca, (S1)

where ch and co denote the detection confidence scores of
humans and objects. The hyperparameter α is set to 2.8.

Masked Feature Training (MFT). Fig. S1 provides a de-
tailed illustration of the MFT procedure. In the VLM-only
configuration, detector features qL and CNN backbone fea-
tures F are masked and excluded from processing. The HO
Pair Generator forms HO pair features ŝ using the VLM
context-aggregated features fL while the detector features
qL are zeroed out. Within the Interaction Decoder, the

Figure S1. Illustration of MFT under the VLM-only configuration.

cross-attention block associated with the masked CNN fea-
tures F is zeroed out.

Conversely, in the detector-only configuration, VLM
context-aggregated features fL and VLM features V L are
masked in the same manner.

S2. Additional Zero-shot Experiments
In addition to the zero-shot HOI detection results pre-
sented in the main paper, we evaluate our model on
HICO-DET [3] under three zero-shot settings—Unseen Ob-
ject (UO), Unseen Verb (UV), and Unseen Combination
(UC)—following previous works [9, 13, 15].

In the UO setting, 12 object categories and associated
HOI classes are treated as unseen. In the UV setting, 20
verb categories and corresponding HOI classes are excluded
from training. In the UC setting, all object and verb cat-
egories are seen during training, while a subset of HOI
triplets is held out as unseen.

For the UV setting, we use frozen CLIP text embeddings
to compute prediction scores following prior works [10, 14].
Text prompts are constructed using the template “A photo of
a person [verb-ing] an object” and encoded through CLIP
text encoder. We obtain pairwise and global scores by pro-



Table S2. Complete zero-shot performance comparison on HICO-DET. Models marked with † and ‡ use BLIP [11] and BLIP-2 [12] as the
VLM backbone, respectively, while all other models use CLIP [16]. For object detection, all models adopt a ResNet-50 backbone [4].

RF-UC NF-UC UO UV UC

Method Unseen Seen Full Unseen Seen Full Unseen Seen Full Unseen Seen Full Unseen Seen Full

VLM-based methods with ViT-B
GEN-VLKT [13] 21.36 32.91 30.56 25.05 23.38 23.71 10.51 28.92 25.63 20.96 30.23 28.74 - - -
HOICLIP [15] 25.53 34.85 32.99 26.39 28.10 27.75 16.20 30.99 28.53 24.30 32.19 31.09 23.15 31.65 29.93
ADA-CM [9] 27.63 34.35 33.01 32.41 31.13 31.39 – – – – – – – – –
CLIP4HOI [14] 28.47 35.48 34.08 31.44 28.26 28.90 31.79 32.73 32.58 26.02 31.14 30.42 27.71 33.25 32.11
EZ-HOI [7] 29.02 34.15 33.13 33.66 30.55 31.17 33.28 32.06 32.27 25.10 33.49 32.32 – – –
CMMP [10] 29.45 32.87 32.18 32.09 29.71 30.18 33.76 31.15 31.59 26.23 32.75 31.84 29.60 32.39 31.84
SCTC++† [17] 30.36 35.06 34.12 29.68 31.89 31.45 - - - - - - - - -
HOLa [8] 30.61 35.08 34.19 35.25 31.64 32.36 36.45 33.02 33.59 27.91 35.09 34.09 – – –
VDRP [20] 31.29 34.41 33.78 36.45 31.60 32.57 36.13 32.84 33.39 26.69 33.72 32.73 – – –
LAIN [6] 31.83 35.06 34.41 36.41 32.44 33.23 37.88 33.55 34.27 28.96 33.80 33.12 31.64 35.04 34.36

InCoM-Net 32.65 38.69 37.48 38.68 35.00 35.74 38.26 35.47 35.94 29.59 36.34 35.39 33.57 37.79 37.00

VLM-based methods with ViT-L
BCOM [19] 28.52 35.04 33.74 33.12 31.76 32.03 – – – – – – – – –
UniHOI‡ [1] 28.68 33.16 32.27 28.45 32.63 31.79 19.72 34.76 31.56 26.05 36.78 34.68 – – –
EZ-HOI [7] 34.24 37.35 36.73 36.33 34.47 34.84 38.17 36.02 36.38 28.82 38.15 36.84 – – –
CMMP [10] 35.98 37.42 37.13 33.52 35.53 35.13 39.67 36.15 36.74 30.84 37.28 36.38 34.46 37.15 36.56
InterProDa [5] 36.38 40.88 39.58 33.64 36.47 35.50 – – – – – – – – –
LAIN [6] 36.57 38.54 38.13 37.52 35.90 36.22 40.78 36.96 37.60 32.05 38.04 37.20 32.25 37.95 36.81
VDRP [20] 36.72 38.48 38.13 37.48 36.21 36.46 39.36 37.50 37.81 31.16 38.16 37.18 – – –

InCoM-Net 37.69 41.46 40.71 39.45 38.42 38.62 42.32 38.97 39.53 33.31 40.15 39.19 36.00 41.32 40.32

jecting HO pair features and CLIP cls token, then comput-
ing cosine similarity with text embeddings. Final interac-
tion scores are obtained by integrating these scores with de-
tection confidence, similar to Eq. S1.

Performance Comparison. We compare InCoM-Net
with existing methods under the RF-UC, NF-UC, UO, UV,
and UC zero-shot settings. As shown in Table S2, InCoM-
Net achieves state-of-the-art performance across all set-
tings, outperforming all previous best methods [6, 10, 20].

With ViT-B, InCoM-Net surpasses previous best meth-
ods on RF-UC, NF-UC, UO, UV, and UC splits by 0.82,
2.23, 0.38, 0.63, and 1.93 unseen mAP, respectively. With
ViT-L, the improvements are 0.97, 1.93, 1.54, 1.26, and
1.54 unseen mAP on the same five splits.

Notably, InCoM-Net achieves the best results in both
zero-shot and fully supervised settings. Unlike previous
methods, which often suffer from a trade-off between the
two regimes, InCoM-Net preserves strong accuracy in both
without compromising either.

S3. Computational Efficiency

We compare the computational complexity of our method
with representative approaches in Table S3. All com-
pared methods utilize CLIP ViT-B backbone. InCoM-Net
achieves 39.53 full mAP with 165.4M parameters and 121
GFLOPs, operating within a comparable complexity range
to existing methods. The results demonstrate that our ap-
proach attains substantial performance improvements while
maintaining competitive computational efficiency.

Table S3. Comparison of model complexity on HICO-DET.

Method Params (M) GFLOPs mAP

CMMP [10] 193.4 114 33.24
HOICLIP [15] 193.3 179 34.69
CLIP4HOI [14] 262.4 186 35.33
LAIN [6] 145.4 110 36.02

InCoM-Net 165.4 121 39.53

S4. Additional Qualitative Results
We present additional qualitative comparisons between
InCoM-Net and the baseline on the HICO-DET test set. As
shown in Fig. S2, the baseline frequently misidentifies inter-
acting pairs in scenes with multiple objects. It often predicts
common actions in the scene or confuses which person is
interacting when multiple people are present. For example,
in the boat scene, the baseline incorrectly assigns rowing to
the man due to surrounding rowers. In contrast, InCoM-Net
better captures contextual cues and human-object relation-
ships to correctly identify true interactions.

Fig. S3 compares activation maps from InCoM-Net and
the baseline. While the baseline focuses on instance re-
gions, InCoM-Net selectively captures interaction-relevant
context. For example, InCoM-Net highlights tools on the
ground in bicycle repair, fragments in orange peeling, and
loading surfaces in truck scenes. This shows InCoM-Net
effectively captures relevant context for better HOI under-
standing.
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Figure S2. Qualitative comparisons between InCoM-Net and the baseline on HICO-DET. The TP column shows human–object pairs
assigned the correct interaction label, while the FP column shows false-positive human–object pairs with incorrect labels.
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Figure S3. Comparison of activation maps between InCoM-Net and the baseline on HICO-DET.
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