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Abstract

Human-Object Interaction (HOI) detection aims to predict
the <Human, Interaction, Object> triplets, where the core
challenge lies in recognizing the interaction of each human-
object pair. Despite recent progress thanks to more ad-
vanced model architectures, HOI performance remains un-
satisfactory. In this work, we first perform some failure
analysis and find that the accuracy of the no-interaction cat-
egory is extremely low, largely hindering the improvement
of overall performance. We further look into the error types
and find the mis-classification between no-interaction and
with-interaction ones can be handled by human-object rela-
tion priors. Specifically, to better distinguish no-interaction
from direct interactions, we propose 3D location prior,
which indicates the distance between human and object;
as of no-interaction vs. indirect interactions, we propose
gaze area prior, which denotes whether human can see the
object or not. The above two types of human-object rela-
tion priors are represented by text and are combined with
the original visual features, generating multi-modal cues
for interaction recognition. Experimental results on the
HICO-DET and V-COCO datasets demonstrate that our
proposed human-object relation priors are effective and
our method HORP surpasses previous methods under var-
ious settings and scenarios. In particular, the usage of our
priors significantly enhances the model’s recognition abil-
ity for the no-interaction category. Code is available at
https://github.com/namegp/HORP.

1. Introduction
Human-Object Interaction Detection (HOI) has received
widespread attention as an essential computer vision task in
recent years. Based on object detection, HOI adds more ad-
vanced action understanding and is widely applied in tasks
such as image retrieval [8, 13], image captioning [3, 26, 41],
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Figure 1. The accuracy of no-interaction is much lower than that of
with-interaction (a); those no-interaction samples are easily mis-
classified as both direct and indirect interactions (b).

and human action recognition [16, 20, 25, 31, 49]. The
core of the HOI task is to predict the <Human, Interaction,
Object> triplets in the image, which consists of two key
subtasks: detecting humans and objects [18, 19, 47, 48];
categorizing the interaction of each human-object pair,
which is vital for the HOI task due to the diversity of in-
teraction categories and the complexity of the scenes.

Existing methods [5, 15, 37, 51, 53] usually improve
HOI detection through more accurate interaction recogni-
tion. Despite significant advancements in previous work,
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the current performance remains unsatisfactory and does
not meet the requirements of real-world applications. To
locate the bottleneck, we analyze the accuracy across differ-
ent interaction categories. As shown in Figure 1(a), the ac-
curacy of the no-interaction category is significantly lower
(˜40 pp) than that with-interaction categories, hindering the
improvement of the overall performance.

We try to understand the challenges of no-interaction by
observing its error types. As shown in Figure 1(b), the
no-interaction category is usually mistakenly recognized
as those with-interaction ones, which can be divided into
direct-interaction (e.g., carry, hold) and indirect-interaction
(e.g., watch, inspect) groups based on whether there exists
direct body contact. We further look into some examples
from the above two groups of interactions by comparing
them with the no-interaction ones (Figure 2), and obtain the
following interesting findings. (1) For direct-interactions
(e.g., ’carry’), the human and the object must have physi-
cal contact and thus are close to each other in the 3D space
(Figure 2a(bottom)); in contrast, for no-interaction, the per-
son stays far away from the object (Figure 2a(top)). (2) For
indirect-interactions (e.g., watch), the human and the ob-
ject have no physical contact but the object is within the
human’s gaze area (Figure 2b(bottom)); in contrast, for no-
interaction, the object stays out of the human’s gaze area
(Figure 2b(top)). The above findings strongly motivate us
to use the 3D location prior to distinguish direct-interaction
with no-interaction, and human gaze area prior to separate
indirect-interaction from no-interaction. Therefore, in this
work we explore how to incorporate the two types of pri-
ors into HOI detection models to better distinguish different
types of interactions.

In this work, we propose a Human-Object Relation Prior
(HORP) guided approach that aims to enhance HOI detec-
tion by improving the model’s ability to distinguish differ-
ent types of interactions. Specifically, we design two types
of human-object relation priors, the human-object 3D loca-
tion prior and the human gaze area prior. Considering the
2D location on the image plane is sometimes misleading
(objects close to each other may appear at different depths),
we shift to the 3D space, so as to describe the locations of
objects in the real world more accurately. The 3D location is
represented by a combination of 2D spatial location on the
image plane, and depth, both in a relative manner between
the human and object. On the 2D image plane, we use the
IoU value to describe their relative 2D location; consider-
ing it is too expensive to measure the depth values by an
external model, we roughly estimate the relative depth by
‘person + number of pixels’ and ‘object category + number
of pixels’. One can imagine that a person with 200 × 100
pixels is unable to touch a car with 50× 100 pixels as they
vary too much in depth. For the gaze prior, we introduce a
gaze detector to predict the gaze area of the human, which
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Figure 2. Comparison of different types of interactions under the
same human and object pair. (a) no-interaction vs. direct interac-
tion; (b) no-interaction vs. indirect interaction.

can be used to estimate whether the object is within the
human’s gaze area. Then, we transform the two kinds of
human-object relation priors to text respectively, and pass
the text to a frozen text encoder. After that, we fuse the
vanilla visual features and the text features from two pri-
ors of each human-object pair and treat them as queries in
the interaction decoding phase, where the interaction cate-
gory is predicted. In this way, we incorporate two types of
human-object relation priors into HOI detection to improve
the overall performance.

In summary, our contributions are as follows:
• We for the first time point out the mis-classification of no-

interaction category is an overlooked problem in HOI de-
tection, which hinders the overall performance improve-
ment by a large extent. We further look into its error types
and find this problem can be addressed by introducing
prior knowledge in terms of 3D location and human gaze.

• Based on the above findings, we propose a Human-Object
Relation Prior (HORP) guided approach that integrates
the Human-Object 3D Location Prior and Human Gaze
Area Prior into the HOI detection model.

• Experiments on the HICO-DET and V-COCO datasets
demonstrate that our method significantly enhances the
recognition of no-interaction category and outperforms
state-of-the-art methods in overall performance.

2. Related Work
In this section, we present methods related to this work,
covering methods based on the two-stage paradigm and
methods that utilize visual-language models.
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2.1. Visual HOI Detection

Existing HOI detection methods can be categorized into
one-stage and two-stage paradigms. One-stage approaches
[5, 14, 15, 52] perform the detection of human-object pairs
and the recognition of interaction actions in parallel through
an end-to-end manner, which is architecturally simple and
more efficient. For example, DIRV [5] captures visual fea-
tures at various scales of each human-object pair and uti-
lizes the overlapped interaction region instead of NMS to
compensate for the detection deficiency. HOTR [14] is the
first Transformer-based method that links instance and in-
teraction decoders using HO pointers to predict HOI triples.

Though one-stage approaches are structurally simple
and fast, they are not easily scalable and accuracy is not
satisfactory. In contrast, two-stage detection approaches
[10, 35, 37, 51, 53] first perform object detection using an
off-the-shelf detector, and then external knowledge or ad-
ditional features can be introduced to facilitate the classifi-
cation of interactions. Recent researches [45, 46, 50] prove
that the separation of object detection and interaction infer-
ence can improve the accuracy and flexibility of HOI tasks.
Specifically, UPT [45] refines DETR outputs with an ex-
tra Transformer layer and integrates pairwise bounding box
encoding to jointly infer appearance and spatial relations.
STIP [50] splits HOI prediction into two phases: gener-
ating interaction proposals and converting them into HOI
predictions using a structure-aware Transformer. The two-
stage approaches are easily extensible and allow the fusion
of other features (appearance features, spatial features for
detecting bounding boxes, text embedding, etc.) at the sec-
ond stage to predict the interaction of each pair. Therefore,
our approach is based on the two-stage paradigm.

2.2. VLM-Based HOI Detection

The Visual-Language models (VLMs) [12, 29] have demon-
strated strong capability in capturing high-quality contex-
tual features, making language supervision effective and
transferable to downstream tasks. Many current HOI meth-
ods [17, 22, 27, 28, 34, 36] attempt to leverage the knowl-
edge of VLM for interaction recognition in HOI tasks. For
example, GEN-VLKT [22] uses knowledge transfer from
CLIP to enhance interaction understanding. ADA-CM [17]
introduces a concept-guided memory combining visual and
semantic knowledge to boost HOI performance. BCOM
[36] relies solely on CLIP’s visual encoder for spatial fea-
ture extraction and designs a module for adaptive occlu-
sion handling. ViPLIO [27] replaces traditional CNNs with
CLIP’s image encoder and introduces a pose-based graph
for interaction recognition. DOQ [28] uses oracle queries
with word embeddings from the text encoder for decoder
initialization. AGER [34] dynamically clusters patch to-
kens and aligns cluster centers using text guidance to extract
instance-level features. In contrast, we use VLMs for a dif-

ferent purpose. Given that text embeddings offer more flex-
ibility, enabling fine-grained semantic descriptions and bet-
ter capturing human-object relational information. There-
fore, we incorporate textual priors into well-designed tex-
tual templates and combine them with the visual features of
human-object pairs to guide the learning of the interaction
decoder.

3. Methodology
Problem Definition. Given an input image X , the
model needs to predict a set of HOI instances T =
(bh, bo, co, ch,o), where bh, bo, co and ch,o denote the human
bounding box, the object bounding box, the object category,
and the interaction category of one human-object pair, re-
spectively.

3.1. Overview

We adopt a two-stage detection paradigm considering its su-
perior performance and scalable intermediate features. The
overall architecture of our method is shown in Figure 3.

At the first stage, for an image X ∈ RH×W×C , we use
a backbone network to extract the visual features Fv ∈
RH0×W0×C0 , and then use stacked Transformer encoder
and decoder to localize the humans Bh ∈ RNh×4 and ob-
jects {Bo ∈ RNo×4, Co ∈ RNo×1}, where Nh and No

denote the number of humans and objects, respectively.
At the second stage, we perform interaction recogni-

tion for each human-object pair using two kinds of priors.
Specifically, for 3D location prior, we use the IoU Ih,o of
the human-object pair to represent 2D spatial location on the
image plane; then, we use a combination of human/object
category co and their scale values Sh/So to represent the
relative depth between human and object; the above infor-
mation is filled into a designed text template and encoded
to get the 3D location prior features Zloc. In addition, we
construct the gaze area prior by calculating the proportion
Gpro of the object in the human gaze area; then, we fill the
designed text template and encode the text to get the gaze
area prior features Zgaze. After that, we follow the previous
approaches [45, 46] and employ a Transformer-based De-
coder for interaction recognition. To facilitate more accu-
rate interaction decoding, we construct a multi-modal query
by concatenating both human-object relation prior features
with the visual features of the human-object pairs. Finally,
we use a feedforward network (FFN) to predict the interac-
tion category to derive the HOI triplet.

3.2. Human-Object 3D Location Prior

To better distinguish no-interaction from direct interactions,
we propose to use the human-object 3D location prior for
assistance, as it is common sense that the person cannot
interact directly with an object that is too far away. Con-
cretely, simply using the 2D spatial location of human-
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Figure 3. The overall architecture of HORP. The key components include the human gaze area prior and the human-object 3D location prior
generation. Both two priors are then integrated with visual features in the form of text embeddings and used as queries in the interaction
decoding stage for interaction recognition.

object pairs is not sufficient, due to the fact that the human-
object pairs close on the image plane may stay far away in
the real 3D space, see Figure 4 for an illustration. Therefore,
we use a combination of 2D spatial location on the image
plane along with estimated depth to represent 3D location
of each human-object pair.

Figure 4. An example of the no-interaction category: a person and
a dog are with a high IoU, but are far away from each other.

First, we calculate the IOU Ih,o between human and ob-
ject bounding boxes to represent their relative 2D spatial
location. Then, the scale values Sh and So, are computed
by normalizing the number of pixels inside each box w.r.t.
the image size as follows:

Sh =
N h

Nimg
,So =

N o

Nimg
, (1)

where N h, N o and Nimg denote the number of pixels
within the bounding box of the human, object, and the to-
tal number of pixels, respectively. And the scale values

are combined with categories to represent relative depth be-
tween the human and object.

Finally, we fill the spatial location and depth information
into the designed template Tloc: “The IoU of person and
{Co} is {Ih,o}. The number of person pixels is {Sh}. The
number of {Co} pixels is {So}.”, and send the text to the
encoder to obtain the human-object 3D location prior Zloc

as follows:

Zloc = TextEnc(Embed(Tloc)). (2)

3.3. Human Gaze Area Prior

Since indirect interactions like inspect and watch, can only
happen when the object is within the human’s gaze area, we
propose to use human gaze area prior to better distinguish
no-interaction from indirect interactions.

Figure 5. An illustration of the human gaze area, where the red
box denotes the object bounding box and the white area denotes
the gaze area.
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First, we employ an off-the-shelf gaze cone predictor
[33] to obtain a gaze cone with a pre-defined angle of ϕi,
representing the gaze area based on the visual features of
each human-object pair. The gaze cone is noted as ahi =
(Pi, V

a
i , V

b
i ), where Pi denotes the vertex of the gaze cone;

V a
i and V b

i denote the two vectors along the boundaries of
the gaze cone. In Figure 5 we show an illustration, where
the white area corresponds to the human gaze area.

After that, we further compute how much of the object
can be seen by human. We devise an efficient way for com-
putation: we binarize the gaze map as shown in Figure 5,
and then count how many white pixels fall within the object
box. The proportion Gpro can be computed as follows:

Gpro =
Nwhite

N o
, (3)

where Nwhite and N o indicate the number of white pixels
fall within the object box, the size of the object box w.r.t.
number of pixels. Considering efficiency, we downsample
the original gaze map by 100× before computation.

Finally, we fill in the template Tgaze “The proportion of
{Co} in person’s gaze area is {Gpro}” and obtain the human
gaze area prior Zgaze in the form of text encoding:

Zgaze = TextEnc(Embed(Tgaze)). (4)

3.4. Multi-Modal Query Construction

Previous approaches usually initialize the query by random
Gaussian noise, or visual features and gradually aggregate
useful information during the training process. However,
this manner may fail to capture critical information espe-
cially under complex scenarios. Aiming for more effec-
tive learning and recognition, we construct more informa-
tive queries by combining the visual features and the two
kinds of human-object relation priors proposed in Section
3.2 and Section 3.3.

Linear
Projection

visual prior

LayerNorm

Pairwise 
Encode

Concat

MLP

... ...

Linear
Projection

LayerNorm

LayerNorm

MLP

3D location 
prior

... ...

human gaze 
area prior

... ...

Figure 6. Construction of multi-modal queries at the interaction
decoding stage.

As shown in Figure 6, we first pairwise encode the visual
features Fv of the human-object pairs, and adjust the feature

dimensions with an MLP, to normalize the visual features.
For 3D location prior Zloc and gaze area prior Zgaze, we
adopt a linear projection layer Proj(·) to map the text prior
into the visual feature space and perform normalization:

Z ′
gaze = Proj(Zgaze),Z ′

loc = Proj(Zloc). (5)

Then, we concatenate the visual features with the textual
prior features and use them to generate queries via an MLP,
where the visual features are used as the keys and values.

3.5. Optimization Objective for Interaction Recog-
nition

After the interaction decoder, we use an MLP as the clas-
sifier for interaction recognition. To alleviate imbalance
among categories, we use Focal Loss [30] at the second
stage as the optimization objective, which can be written
as follows:

Lcls =
1∑N

i=1

∑C
c=1 y

c
i

N∑
i=1

C∑
c=1

FL (ŷci , y
c
i ) , (6)

where C is the number of interaction categories; N is the
number of candidate human-object pairs; yci means that the
ground truth of the i-th human-object pair includes the c-
th interaction category; ŷci is the corresponding probability
distribution from the classifier.

4. Experiments
In this section, we first introduce the datasets (Section 4.1)
and experimental details (Section 4.2). Next, we conduct
ablation studies (Section 4.3). After that, we compare
the proposed HORP with state-of-the-art methods (Section
4.4). Finally, we present qualitative results (Section 4.5).

4.1. Datasets and Metrics

Datasets. We fully evaluate our method on two pub-
lic datasets HICO-DET [2] and V-COCO [9]. HICO-
DET comprises 47,776 images, with 38,118 designated for
training and 9,658 for testing. It includes 600 HOI cate-
gories formed by 117 interaction classes and 80 object cat-
egories, which align with those on the MS-COCO dataset.
The dataset provides over 150,000 annotated human-object
pairs, offering a rich resource for evaluating various interac-
tions. Furthermore, V-COCO, a subset of MS-COCO, con-
tains 10,346 images divided into 2,533 for training, 2,867
for validation, and 4,946 for testing. This dataset features
the same 80 object categories as HICO-DET, but with only
29 interaction categories, making it a smaller yet significant
resource for HOI studies.
Evaluation Metrics. For evaluation, we adhere to estab-
lished protocols, reporting mean Average Precision (mAP)
as the primary metric. A prediction of a HOI triplet is clas-
sified as a true positive when both the predicted human and
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object bounding boxes achieve an Intersection over Union
(IoU) greater than 0.5 against the ground truth, alongside
accurate classification of the interaction. On HICO-DET,
we evaluate performance under two settings: the Default
setting, which assesses predictions across the entire test set,
and the Known Object setting, which focuses on images
containing specific target object categories. We report mAP
across three subsets: all 600 HOI categories (Full), 138 cat-
egories with fewer than 10 training samples (Rare), and the
remaining 462 categories (Non-Rare). For V-COCO, we
present mAP for two scenarios: one that includes predic-
tions for occluded object bounding boxes and another that
disregards these predictions.

4.2. Implementation Details

For a fair comparison with state-of-the-art methods, we em-
ploy the object detector DETR pre-trained on MS-COCO
and all learnable parameters in DETR are frozen during
training. For the gaze predictor, we use the off-the-shelf
gaze cone predictor from the gaze target detection model
[33] and fix the parameters. We employ the pre-trained ViT-
32/B CLIP to generate text embeddings and keep its param-
eters fixed. After detection, we filter out instances with con-
fidence scores less than 0.2 and sample a minimum of 3 and
a maximum of 15 human and object instances, respectively.
We apply the data augmentation techniques used in previ-
ous works [45, 54] to perform random cropping, size rescal-
ing, and random color jittering on the input images. We use
AdamW [23] with an initial learning rate and a weight de-
cay of 1×10−4 as the optimizer for the model, and employ a
multi-step learning rate decay mechanism to drop the learn-
ing rate by a factor of 5 at the 20th epoch. All experiments
are conducted with a batch size of 16 on 4 GeForce 3090
GPUs.

Table 1. Comparison of performance using different human-object
relation priors under the HICO-DET Default Setting.

# relational priors Default Setting
gaze location Full Rare Non-rare

A1 35.10 33.42 35.60
A2 ✓ 36.85 (+1.75) 34.73 37.48
A3 ✓ 37.24 (+2.14) 35.09 37.88
A4 ✓ ✓ 38.61 (+3.51) 36.14 39.34

4.3. Ablation Study

In this subsection, we conduct ablation experiments to an-
alyze the effectiveness of our proposed method. For sim-
plicity, we adopt ResNet-50 as the backbone, and all abla-
tion studies are performed on the HICO-DET and V-COCO
datasets.
Impact of Different Priors. To assess the impact of the
proposed two types of human-object relation priors, we add

Table 2. Comparison of accuracy for the no-interaction category
using different human-object relation priors under the HICO-DET
Default Full Setting.

# relational priors Default Setting
gaze location Full

A1 16.32
A2 ✓ 19.65 (+3.33)
A3 ✓ 20.16 (+3.84)
A4 ✓ ✓ 23.11 (+6.79)

Table 3. Ablation study of the 3D location prior under the HICO-
DET Default Setting.

# location prior Default Setting
spatial depth Full Rare Non-rare

B1 36.85 34.73 37.48
B2 ✓ 37.22 (+0.37) 35.34 37.78
B3 ✓ 37.45 (+0.60) 35.60 38.01
B4 ✓ ✓ 38.61 (+1.76) 36.14 39.34

them one by one on top of the baseline detector. The results
are presented in Table 1 and Table 2, and we have the fol-
lowing observations: (1) when we use the 3D location prior
only, the performance improves by 2.14 pp w.r.t. mAP on
Full and by 3.84 pp w.r.t. AP for the no-interaction category,
(2) when we use the gaze area prior only, the performance
improves by 1.75 pp w.r.t. mAP on Full and by 3.33 pp w.r.t.
AP for the no-interaction category, (3) when both priors are
used, we achieve 38.61% mAP on Full and 23.11% mAP
for no-interaction, outperforming the baseline by 3.51 pp
and 6.79 pp, respectively. These results indicate that each
prior is helpful for interaction recognition, especially for the
more challenging no-interaction category.
Design Choices of 3D Location Prior. To evaluate the ne-
cessity of using both 2D spatial and depth information to
represent 3D location prior, we perform the following ab-
lation study. As shown in Table 3, when we use solely 2D
spatial prior or depth prior, the improvement is rather small
(0.37 pp from 2D spatial and 0.60 pp from depth), indicat-
ing that either of them is not good enough to represent 3D
location. When we use both of them, the improvement be-
comes more notable, i.e. 1.76 pp w.r.t. mAP on Full. These
results indicate that it is necessary to use a combination of
2D spatial and depth to represent the relative locations of
human and object.
Design Choices of Gaze Area Prior. In this work we ex-
plicitly represent how much of the object appears in the hu-
man gaze area with text; alternatively, a more naive way
would be simply feeding the gaze map to the network, al-
lowing it to interpret the information. We compare the
above two ways of using gaze area prior by experiments. As
shown in Figure 7, we find that the explicit text prior is more
effective than the implicit visual prior and the gap is as large
as 3 pp across different settings. These results indicate that
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Table 4. Comparison on the HICO-DET and V-COCO datasets under various settings and scenarios. The best results are highlighted in
bold, and the second-best results are underlined.

Method Feature Extractor HICO-DET V-COCO
Default Setting Known-Object Setting

Full Rare Non-rare Full Rare Non-rare S1 S2

InteractNet [7] ResNet-50-FPN 9.94 7.16 10.77 - - - 40.0 -
HOTR [14] ResNet-50 25.10 17.34 27.42 - - - 55.2 64.4
RLIP [42] ResNet-50 32.84 26.85 34.63 - - - 61.9 64.2
PVIC [46] ResNet-50 34.69 32.14 35.45 38.14 35.38 38.97 62.8 67.8
CDN [44] ResNet-50 31.78 27.55 33.05 34.53 29.73 35.96 62.3 64.4
STIP [50] ResNet-50 32.22 28.15 33.43 35.29 31.43 36.45 66.0 70.7
CATN [4] ResNet-50 31.86 25.15 33.84 34.44 27.69 36.45 60.1 -
IDN [21] ResNet-50 24.58 20.33 25.86 27.89 23.64 29.16 53.3 60.3
AGER [34] ResNet-50 36.75 33.53 37.71 39.84 35.58 40.23 65.7 69.7
ViPLO [27] ResNet-50+CLIP 37.22 35.45 37.75 40.61 38.82 41.15 62.2 68.0
GEN-VLKT [22] ResNet-50+CLIP 33.75 29.25 35.10 36.78 32.75 37.99 62.4 64.5
ADA-CM [17] ResNet-50+CLIP 38.40 37.52 38.66 - - - 58.6 64.0
SICHOI [24] ResNet-50+BLIP+GPT 41.79 42.38 41.61 44.27 43.64 44.46 67.9 72.8
QPIC [32] ResNet-101 29.90 23.92 31.69 32.38 26.06 34.27 58.8 61.0
UPT [45] ResNet-101 32.62 28.62 33.81 36.08 31.41 37.47 61.3 67.1
HOI-Trans [54] ResNet-101 26.61 19.15 28.84 29.13 20.98 31.57 52.9 -
CQL [39] ResNet-101 36.03 33.16 36.89 38.82 35.51 39.81 66.5 69.9
RmLR [1] ResNet-101 37.41 28.81 39.97 38.69 31.27 40.91 64.2 70.2
RLIPv2 [43] Swin-T 33.66 40.07 38.60 - - - 68.8 70.8
DiffHOI [40] Swin-L 41.50 39.96 41.96 43.62 41.41 44.28 65.7 68.2
PVIC [46] Swin-L 44.32 44.61 44.24 47.81 48.38 47.64 64.1 70.2
PAFR [38] Swin-L 46.01 46.74 45.80 49.50 50.59 49.18 63.0 68.7

HORP (Ours) ResNet-50+CLIP 38.61 36.14 39.34 40.98 38.25 41.79 65.6 68.3
HORP (Ours) Swin-L+CLIP 47.53 46.81 47.74 51.24 50.78 51.38 68.9 71.1

the explicit gaze area prior in the text form provides more
informative cues to the model, and thus enhances its ability
to distinguish no-interaction from indirect interactions.

Figure 7. Comparison of using the gaze area prior in the explicit
text form and in the implicit image form. Numbers are accuracy
under the HICO-DET Default Setting.

Different Ways of Query Construction. To investigate the
impact of different query construction methods on perfor-
mance, we conduct experiments using four different vari-
ants and compare their results in Table 5. It can be observed
that the performance stays stable under different query con-
struction methods, with less than 1 pp variance. Such small

Table 5. Ablation study of different query construction methods
under the HICO-DET Default Setting.

Method Default Setting
Full Rare Non-rare

weighted sum 37.75 35.23 38.50
element-wise multiplication 36.86 34.79 37.48

average pooling 37.24 34.97 37.92
concatenation 38.61 36.14 39.34

gaps indicate that our proposed priors are not sensitive to
the integration strategy. Among the four different ways,
‘concatenation’ performs the best as it preserves more in-
formation from different cues, so we use it as the default
setting in our experiments.

4.4. Comparison with State-of-the-Art Methods

In this subsection, we report our experimental results on the
HICO-DET and V-COCO datasets, and compare with state-
of-the-art methods in Table 4.

On the HICO-DET dataset, our HORP method using
ResNet-50 as backbone outperforms previous methods with
the same backbone across all evaluation settings, except for
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SICHOI [24], which employs BLIP’s image and text en-
coders and generates textual cues with GPT. Since some
recent methods, e.g., RLIPv2, DiffHOI, PVIC, PAFR, use
ViT as backbone, we also implement our HORP with Swin-
L and compare with them. We can see our method surpasses
the previously top method PAFR by 1.53 pp under the de-
fault full setting. On the V-COCO dataset, our HORP with
Swin-L outperforms all previous methods under the more
challenging scenario 1, and performs the second best under
scenario 2. Overall, our HORP method achieves state-of-
the-art results on two standard benchmarks, demonstrating
the effectiveness of our proposed human-object relation pri-
ors.

4.5. Qualitative Analysis

We present several qualitative results on the challenging no-
interaction category from the HICO-DET test set in Figure
8. These results demonstrate a significant improvement of
our method in recognizing the no-interaction category. For
instance, in Figure 8(a), the proposed HORP can infer that
the vase is outside the person’s gaze region using the human
gaze area prior, which increases the likelihood of predicting
no-interaction; in Figure 8(b), the person and surfboard are
not overlapping in 2D spatial location and the surfboard is
not in the person’s gaze region, the model tends to predict
no-interaction; in Figure 8(c), the cake and the person ob-
viously vary a lot in terms of depth and thus no interaction
could happen between them, in which case our designed 3D
location prior is helpful; similarly, in Figure 8(d), there is a
clear discrepancy in depth between the stop sign and the
person. In summary, our HORP effectively recognizes the
no-interaction pattern between humans and objects.

5. Conclusion

In this paper, we propose a Human-Object Relation Prior
Guided (HORP) approach to enhance the overall perfor-
mance of HOI detection by improving the model’s abil-
ity to distinguish the no-interaction category. We design
a Human-Object 3D Location Prior to differentiate between
no-interaction and direct-interaction categories, and a Hu-
man Gaze Area Prior to distinguish between no-interaction
and indirect-interaction categories. To better capture in-
teraction cues, we encode the above two types of human-
object relation priors into text features and fuse them with
the original visual features, generating multi-modal cues to
guide interaction recognition. Experimental results on the
HICO-DET and V-COCO datasets show that our method
significantly improves the recognition of the no-interaction
category and enhances the overall performance.

baseline

baseline + our priors

(a) person no-interaction vase

baseline

baseline + our priors

(b) person no-interaction surfboard

baseline

baseline + our priors

(c) person no-interaction cake

baseline

baseline + our priors

(d) person no-interaction stop sign

Figure 8. Qualitative results on the HICO-DET test set. Our
method significantly improves the accuracy of the no-interaction
category after integrating human-object relational priors.
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