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Summary of the Appendix

For a better understanding of the main paper, we provide additional details in this supplementary
material, which is organized as follows:

* §A provides more implementation details of GroupHOIL.
* §B offers more qualitative results.

* §C provides more experimental results.

» §D presents the pseudo code of GroupHOI.

* §E discusses the societal impact of this work.

A More Implementation Details

We follow HOICLIP [1] in converting HOI triplets and object labels into textual descriptions to
generate CLIP [2] text embeddings. Specifically, each HOI triplet <human, verb, object> is converted
into a sentence like “A photo of a person [verb-ing] a/an [object]”. For “no-interaction” instances,
we use “A photo of a person and a/an [object]”, and object labels are converted into “A photo of
a/an [object]”. These textual descriptions are then processed by the pre-trained CLIP text encoder to
obtain corresponding embeddings, which initialize the weights of the interaction classifier C* and
object classifier C°. During training, these classifiers are fine-tuned with a small learning rate to adapt
to the specific dataset. We employ the pre-trained CLIP visual encoder to extract visual features
Veip- These features, along with our encoded features V, are independently processed by separate
interaction decoders. The resulting outputs are then fused to facilitate the final reasoning. We also
introduce two key modifications based on HOICLIP [1]. First, to address the dimensional mismatch
between positional embeddings (256) and the interaction decoder (768), we expand the positional
embeddings by stacking them three times. Second, we replace the Focal Loss with Asymmetric
Loss [3] to better handle the long-tail distribution of HOI categories.

B More Qualitative Results

We further provide qualitative examples of our approach in Fig. S1. These results highlight
GroupHOTI’s robust performance in HOI detection across various scenes. Notably, our model
effectively captures complex interaction patterns in scenarios involving group activities such as
team sports (e.g., soccer or tennis). This capability enhances interaction prediction with mutual
communication. We also present several failure examples of our model, primarily due to missed
object detection, as seen in Fig. S1(c). Additionally, our model encounters challenges when dealing
with highly ambiguous relations. For instance, in Fig. S1(s), GroupHOI fails to detect the look at ball
between the girl at the center and the ball, which is disrupted by her surrounding teammates.

C More Experiments

Ablative Experiments. We evaluate four strategies for measuring geometric proximity between
entities, using intersection-over-union (IoU), center distance (CD), and global image features (IF).
As shown in Table S1, combining IoU and Table S1: Analysis of geometric proximity measurement
CD consistently yields the best performance on HICO-DET [4] test(§C).

across all splits, indicating that both spatial cues Measurement Full Rare ~ Non-Rare
complement each other effectively. In contrast, 10U only 36.02  32.19 37.16
adding global image features slightly degrades CD only 36.14  33.60 36.90
performance, suggesting that they are not essen- 10U + CD 36.70  34.86 37.26
tial for proximity estimation. 10U+ CD +IF | 3621 3345 36.97

Efficiency Comparison. Table S2 presents a comprehensive comparison of the model scalability
(i.e., number of Parameters (Params), Floating Point Operations (FLOPs) and Frames Per Second
(FPS)) for various HOI detection methods. As shown, GroupHOI achieves significant performance
improvements over previous models while maintaining a comparable number of parameters. We
also compare FLOPs and FPS with GEN-VLKT [16] and HOICLIP [!]. Despite a marginal reduc-
tion in inference speed relative to HOICLIP, GroupHOI has lower FLOPs and yields solid mAP



49
50

51

Table S2: Comparison of efficiency and performance on HICO-DET [4] test and V-COCO [5] t

est.

Default

S1 52
Method| Backbone | Params] FLOPs| FPS?T Full Rare Non-Rare AP, AP>°,
1ICAN|[6]Bmveis) R50 39.8 - - 14.84 1045 16.15 45.3 -
DRG[7]irceva0; | RS0-FPN | 46.1 - - 119.26 17.74 19.71 51.0 -
PPDM [8]icveroor | HG104 194.9 - - |21.73 13.78 24.10 - -
SCG[9]icevarp | R50-FPN | 53.9 - - |31.33 2472 3331 542  60.9
HOTR[10]cverai R50 51.2 - - 2510 17.34 27.42 552 644
HOITrans[ | 1]icveron R50 41.4 - - 2346 1691 25.41 52.9 -
AS-Net[12]icveral R50 52.5 - - |28.87 2425 33.14 53.9 -
QPIC[13]icveran) R50 41.9 - - 129.07 21.85 31.23 58.8  61.0
CDN-S[14]newtps2n|  R50 42.1 - - |31.78 27.55 33.05 623 644
STIP[15]icveraz) R50 50.4 - - 3222 28.15 3343 65.1  69.7
GEN- (cveroz R50 41.9 60.04 26.18|33.75 29.25 35.10 624 644
VLKT[16]
HOICLIP[ 1]icveros) R50 66.1 104.68 19.57|34.59 31.12 35.74 63.5 64.8
CLIP4HOI[ | 7]ineurrs23| RS0 71.2 - - 3533 3395 3574 - 66.3
ViPLO[18]icverosy | VIT-B/32 | 118.2 - - 3495 33.83 35.28 60.9  66.6
GroupHOI (ours) R50 79.2 83.67 16.42[36.70 34.86 37.26 65.0 66.0

improvements of 2.11/3.74/1.52 in HICO-DET [4], highlighting the effectiveness of our proposed

framework.

D Pseudo Code

The pseudo code for semantic and geometric group are given in Algorithm S1 and Algorithm S2.

Algorithm S1: Pseudo-code for Geometric Group in a PyTorch-like style.

nun

hs: output human/object embeddings from the instance decoder.
pos_embed: position embeddings for human/object queries.
coords: bounding boxes of humans/objects.
K_g: geometric group size.
wnn
def Geometric_Group(hs, pos_embed, coords, K_g):
# Formulate the spatial feature
F_p = Cat([Square_distance(coords[:, Nonel, coords[None, :]), IoU(coords[:, None], coords[None,
# Compute the proximity score
S = Linear(F_p)
# Select the topk neighbors
knn_idx = TopK(S, K_g)

# Compute the position encodings

pos_enc = MLP(pos_embed - Gather(pos_embed, knn_idx))

# Formulate query, key, and value

q, k, v = Linear(hs), Linear(Gather(hs, knn_idx)), Linear(Gather(hs, knn_idx))
# Compute dispatch matrix

G = Softmax(q - k + pos_enc)

# Aggregate geometric context

C_g = Linear(G * (v + pos_enc))

out = hs + C_g

return out

DD

Algorithm S2: Pseudo-code for Semantic Group in a PyTorch-like style.

wn

hs: interaction embeddings from the interaction decoder.
K_s: semantic group size.
win
def Semantic_Group(hs, pos_embed, K_s):
# Compute the similarity score
S = CosineSimilarity(hs[:, Nonel, hs[:, Nonel)
# Select the topk neighbors
knn_idx = TopK(S, K_s)

# Aggregate semantic context
C_s = MLP(Max(MLP(hs[:, Nonel, hs[:, None]-Gather(hs, knn_idx)), dim=-1))
out = hs + C_s

return out
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E Boarder Impact

This work advances the recognition of human-object interactions in complex scenarios, particularly in
scenes where small groups of people naturally form, which is a common occurrence in real-world set-
tings. This capability holds significant promise for applications in collaborative robotics, autonomous
systems, healthcare monitoring, among others. However, there are also potential downsides. Our
method risks propagating irrelevant contextual information among entities that merely happen to be
co-located but share no collective pattern, leading to “hallucinated” interaction predictions. Moreover,
group-level clustering may inadvertently propagate systemic biases, particularly in scenarios requiring
differential treatment of individuals within clusters (e.g., unfair reward and punishment allocation in
crowd behavior analysis). Hence, it is essential to rigorously consider legal regulations and integrate
certain fairness constraints to avoid potential negative societal impacts.
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(a) human hold tennis racket (b) human hold surfboard (c) human hold baseball bat ~ (d) human work on computer
human hit ball human walk human hold bag human hold mouse

=

(7758, i

(e) human hold cup (f) human sit chair 7 (g) human hold bowl (il) human snowboard snowboard
human hold phone human walk human walk human hold human

=T St >

(i) human throw frisbee (j) human snowboard snowboard
human look at frisbee human jump snowboard

(1) human catch frisbee
human jump

Vil e _ - L
(m) human look at human (n) human hold baseball bat (0) human lay bed (p) human kick ball
human ride boat human look at ball human sit bed human run

(q) human ride elephant (r) human look at ball (s) human look at ball (t) human work on computer
human kick ball human jump human sit chair

(u) human hold cup (v) human hold knife (w) human skateboard skateboard (x) human hold knife
human smile human sit chair human jump human cat cake

Figure S1: Visualization of GroupHOI results on V-COCO [5] test. Detected interactions are marked in Green,
while missed interactions and objects are in Red.
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